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Abstract

Methods from statistical machine learning such as large language models have become
prevalent in modern society. Lately, multimodal systems incorporating additionaldomains
such as visual and audio have replaced the text-only approaches. However, the inner
workings of these systems remain ambiguous, and their outputs may exhibit unknown
biases.

This thesis addresses these challenges by advancing Natural Language Explanations
(NLEs) for visual reasoning tasks, which provide justifications for a model’s predictions.
We subsequently broaden our scope to investigate the strengths and weaknesses of general-
purpose text generation models.

Considering the expense associated with curating NLE data for training and evaluation,
we first propose a large-scale synthetic dataset. The correct and complete explanations
of our CLEVR-X dataset enable fine-grained evaluation of NLEs model capabilities and
quantify the convergence of Natural Language Generation (NLG) metrics utilized for
NLEs evaluation. In addition, we introduce a zero-shot approach that does not rely on
task-specific training data. Ournovel ZS-A2T framework utilizes zero-shot guiding to trans-
late internal attention patterns within vision language models into human-interpretable
natural language explanations.

Given the central role of Large Language Models (LLMs) in many multimodal systems,
we then focus our attention on general purpose text generation. We first build a powerful
zero-shot audio captioning approach for generating descriptions of ambient sounds that
employs a guiding technique to combine a generative but unimodal LLM with a mul-
timodal but contrastive model. Lastly, we investigate the strengths and weaknesses of
LLMs by investigating the impact of prompting LLMs with certain personas, revealing
their ability to mimic human developmental stages and expertise while also highlighting
potential biases.

Our findings advance natural language explainability and reveal previously unknown
strengths and weaknesses of LLMs.

Keywords: Explainable AI, Natural Language Explanations, Multimodal Learning, Large
Language Models
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Zusammenfassung

Methoden des statistischen maschinellen Lernens, wie z. B. große Sprachmodelle, sind
in der modernen Gesellschaft weit verbreitet. In letzter Zeit haben multimodale Systeme,
die zusätzliche Bereiche wie Bild und Ton einbeziehen, die reinen Textansätze ersetzt.
Die Funktionsweise dieser Systeme ist jedoch nach wie vor unklar, und ihre Ergebnisse
können unbekannte Verzerrungen aufweisen.

Diese Arbeit befasst sichmitdiesen Herausforderungen, indem sie natürlichsprachliche
Erklärungen (NLE) für visuelle Verständnisaufgaben entwickelt, die die Vorhersagen eines
Modells begründen. In derFolge erweitern wirdie Analyse,um die Stärken undSchwächen
von allgemeinen Textgenerierungsmodellen zu untersuchen.

In Anbetracht des Aufwands, der mit der Beschaffung von NLE-Daten für Training
und Evaluierung verbunden ist, erstellen wir zunächst einen großen synthetischen Da-
tensatz. Die korrekten und vollständigen Erklärungen unseres CLEVR-X Datensatzes
ermöglichen eine detaillierte Bewertung der Fähigkeiten von NLE-Modellen und eine
Quantifizierung der Konvergenz von NLG-Metriken, die für die NLE-Bewertung verwen-
det werden. Darüber hinaus erstellen wir ein Modell, das nicht auf aufgabenspezifische
Trainingsdaten angewiesen ist. Unser ZS-A2T Framework steuert ein großes Sprachmodel
(LLM), um interne Aufmerksamkeitsmuster innerhalb von Vision-Sprachmodellen in für
den Menschen interpretierbare natürlichsprachliche Erklärungen zu übersetzen.

In Anbetracht der zentralen Rolle von großen Sprachmodellen in vielen multimoda-
len Systemen fokussieren wir uns dann auf die allgemeine Textgenerierung. Zunächst
entwickeln wir einen leistungsstarken Ansatz zur Erzeugung von Beschreibungen von Um-
gebungsgeräuschen, der ein generatives, aber unimodales LLM mit einem multimodalen,
aber kontrastiven Modell kombiniert. Schließlich untersuchen wir die Stärken und Schwä-
chen von LLMs, indem wir die Auswirkungen des Promptens von LLMs mit bestimmten
Personas untersuchen und ihre Fähigkeit aufzeigen, menschliche Entwicklungsstadien
und Fachkenntnisse zu imitieren, während wir gleichzeitig potenzielle Bias identifizieren.

Unsere Ergebnisse verbessern natürlichsprachliche Erklärungen und zeigen bisher
unbekannte Stärken und Schwächen von großen Sprachmodellen auf.

Stichwörter: Erklärbare KI, Natürlichsprachliche Erklärungen, Multimodales Lernen,
Große Sprachmodelle
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Introduction

Throughout history, humans have built tools to expand their capabilities, make their
work easier and increase productivity. While early tools such as stone implements [83]
and the wheel [45] were relatively simple and focused on aiding physical labor, the
compounding results of tool use, e.g., combining electricity with mechanical machines,
enabled the development of increasingly sophisticated tools such as calculators [57]
and computers [349]. These tools focused less on physical work, extending instead the
capabilities of humans by automating repetitive mental tasks, such as accounting [55] or
performing many computations at high speed [320]. Since the 1950s [248], a very advanced
tool set, Artificial Intelligence (AI), even aims to automate tasks that require human-level
perception, intelligence, and even creativity [104]. Whereas early AI solutions excelled
only on highly specific tasks (e.g., DeepBlue for chess [53] and AlphaZero for Go [310]),
the latest developments in AI have produced a new class of tools. Generally referred
to as foundation models, they are highly effective across a wide variety of tasks, whilst
needing none or only minimal adaptation to each task (e.g., vision language models
performing well for image classification, captioning, visual question answering, visual
dialogue, etc. [218, 217]).

This thesis argues that multimodal models are at the heart of many important real-
world applications, elaborates why explainability research is important for their adaptation,
and identifies natural language as the common denominator across many explainability
tasks. We also argue that novel tasks and analysis beyond classical explainability tasks are
needed to study the strengths and weaknesses of generative language models. In order
to comprehend the rationale behind these arguments, we will first review how Large
Language Models (LLMs) have become the most universal AI tools to date.

Transformer-based [344] LLMs have emerged as foundation models for language
understanding. They are generative text models that map input sequences to output
sequences [328], a general framework that can be applied to a wide range of tasks,
from text classification [326], sentiment detection [136], toxicity detection [77], question
answering [251], to general purpose chatbots [3]. Crucially, LLMs can follow natural
language instructions with a few examples (few-shot) or even no examples (zero-shot) [42]
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and do not require training on a (large-scale) task-specific dataset. Their large-scale pre-
training procedure equips them with extensive commonsense knowledge [403], enabling
them to act as a world model [131]. Subsequent Supervised Fine-Tuning (SFT) and
Reinforcement Learning from Human Feedback (RLHF) training steps [260] enhance their
instruction-following capabilities, enabling them to perform well on various tasks through
natural language instructions [401]. These capabilities allow them to perform well on a
much broader range of problems than previous artificial intelligence algorithms, which
required specific training data for each subtask. While LLMs are widely different from
the human brain and possess different strengths and weaknesses, they are the first AI
systems to exhibit a similarly broad skill set to humans, even outperforming humans in
many tasks [3].

When LLMs are extended to the vision domain [401, 217], the aforementioned in-
put sequence becomes multimodal, with Vision Language Models (VLMs) mapping
sequences of text/images/videos to an output sequence of texts/images/videos or any
combination thereof. Consequently, they can solve an even broader range of problems,
for example Visual Question Answering (VQA) [7], multimodal chats involving image
understanding and generation [338], or video understanding and video captioning [358].
These multimodal tasks frequently require models to go back and forth between both
modalities, complicating the already challenging tasks of understanding each modality
on its own. Further modality extensions, such as incorporating audio [392], allow these
models to transcribe speech, vocalize their answers, and enable multilingual interaction
and understanding of different emotions and sounds.

The performance of foundation models such as VLMs/LLMs has significantly im-
proved over the course of this Ph.D. research, revolutionizing numerous fields [272]:
Foundational models have moved from research labs into real-world applications, with
commercial LLMs such as ChatGPT [42], Claude [16], and Gemini [334, 333] being uti-
lized by hundreds of millions of users daily for tasks such as crafting emails and cover
letters [319], transforming education [169], and even providing therapeutic counsel [73].
They can convert hand-drawn sketches into websites [3] and engage in fluent conversa-
tions in various dialects and high-resource languages [196]. Additionally, their ability
to follow natural language instructions [401] has enabled machine learning engineers to
build applications based on foundation models that would have previously required either
large-scale data or extensive programming [352]. Instruction following is being utilized
in advanced spam detection [283, 194], agent systems [383, 378, 199, 125], and customer
support [153] as well as for generating legal [195, 122] and medical advice [209]. Moreover,
these models demonstrate non-negligible accuracy in linguistic reasoning, being able to
reason about extremely low-resource languages from just a few examples [65]. Combined,
these capabilities enable foundation models to serve as the backbone for highly impactful
applications for billions of users and businesses worldwide.
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1.1. THE IMPORTANCE OF EXPLAINABLE ARTIFICIAL INTELLIGENCE

1.1 The Importance of Explainable Artificial Intelligence

Despite the widespread adoption of deep machine learning models such as VLMs/LLMs,
there are significant gaps in our understanding of their inner workings [46]. As a re-
sult, thorough research into explainability [278], interpretability [206], and model trans-
parency [39] is needed to raise public trust in these systems and their deployment. Various
explainability methods have studied the (mechanistic) interpretability of deep neural net-
work models [41, 335] and transformer-based models in particular [156, 362]. In addition,
perturbation methods [268], gradient- [301] and feature-based [177] visual attributions
techniques and, explainability in Natural Language Processing (NLP) [409] has been stud-
ied. The majority of explainability methods are built for experts such as AI researchers
and are intended for use in the AI application development stage of the Machine Learning
(ML) life cycle, as they require an expert understanding of the AI systems themselves and
of how to interpret their outputs. However, as there are billions of end users of Deep
Learning (DL) models, there is an urgent need for explainability methods that target
the end user in particular [193]. This is particularly important as, for many real-world
applications, the end users ultimately have to trust the AI systems to decide to use them.

1.1.1 Focusing on Natural Language Explainability

Early explainability research in computer vision focused on identifying image regions
that were relevant for e.g., a classification task [301] and thus only considered the image
domain. Yet, for multimodal tasks explanations should be provided for all input domains.
For example, for VQA, explainability methods should refer to the answer-relevant image
contents (visual domain) and provide a Natural Language Explanation (NLE) of how they
relate to the question at hand (language domain) [150, 366]. Due to its universal nature
and the ability to refer to concepts from other modalities [294], even non-language related
tasks such as object recognition can be explained in natural language (e.g., “The bounding
box ends at x=456 because this is the right-most part of his elbow.”). Powerful LLM-
based language understanding has made natural language the center of many multimodal
models and many previously disjoint tasks are now being framed as sequence-to-sequence
problems (both during training and inference) with unified text-based predictions [69].
Thus, providing explanations in natural language is especially important and broadly
applicable throughout various multimodal tasks. In addition, for non-trivial tasks, such as
visual reasoning, some explanations may require follow-up or clarification questions [316],
for which natural language explanations lend themselves well. The need for follow-up
questions is inherent to the setup of most explainability approaches, as the explainability
methods do not have an internal model of their target audience or even of their specific
user. Thus, they cannot know a priori about the users’ knowledge or preferences regarding
a helpful explanation.
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For some explainability methods, dedicated UI/UX changes may be required in order
to expose their results, e.g., displaying heatmaps over an image when the output of the
task is in the text domain. In addition, some vision-based explainability methods are
unfortunately inaccessible to some groups of users, e.g., feature-based attributions [301]
exclude people who are visually impaired. This is relevant in the context of assistive tools
to support people with sensory impairments.

Another benefit of natural language explanations is that they are particularly well-
suited to justify answers to questions about spatial relationships. For example, for the
question “Is the tree in front of or behind the car?” visually highlighting the tree and car
is not sufficient, but a NLE can explain that “It is behind the car because it appears much
smaller than the car”. Analogously questions that require world knowledge can be justified
better with natural language. For example, for the question “Is this a famous soccer player?”
highlighting the player’s jersey cannot explain the answer, but “Yes, because Cristiano
Ronaldo plays for al-Nassr FC and his jersey has the number 7” explains the answer nicely.

Rather than replacing the need for human work altogether, new AI tools are frequently
integrated into human workflows. This means that AI tools have to be suitable for being
integrated into work environments that have been designed around human needs and
capabilities for centuries, where natural language is the common interface. One example
of this is medical image classification. While initial forecasts predicted doctors becoming
obsolete because their job of making a diagnosis would be replaced by an AI, in practice
doctors embrace these tools to increase the quality and efficiency of their work [302].
However, this requires the medical AI system to consider rich patient history (which often
is natural language written by doctors stored in the patient records) as context and also
to provide medical explanations [171] why one diagnosis might be more accurate than
another one.

In summary, using natural language to make the output of an AI tool more transparent
is applicable for a broad range of tasks, allows for clarification questions, is more accessible,
and integrates well into existing workflows.

1.1.2 Studying the Characteristics of LLM-Generated Text

A different way of studying the explainability of LLMs is by examining the properties
of their generated artifacts in the texts they produce. Since many multimodal tasks are
framed as text prediction tasks [69], where the prediction is (in part) conditioned on a
text input (prompt) [281], these prompts play a fundamental role. Therefore, it is not
only important to explain and justify the outputs of multimodal models, but also to
gain a deeper understanding of prompt-based text generation works in general. A first
approach would be to study how different prompting and training strategies influence the
diversity andquality of the LLM outputs [185]. Conversely, certain prompts may also reveal
inherent biases [398, 44], which highlights the importance of AI fairness research [402, 241].
Generated text can also contain hallucinations [146], which could result in misinformation,
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or intentionally be harmful [14] or misleading. According to several linguistic metrics,
LLM outputs are not purely copied from training examples but are often novel text.
Evaluations considering 𝑛-grams, syntactic structure, and novel word morphology reveal
this novelty -– though occasional verbatim copying still occurs [238]. Other works have
analyzed multiple different linguistic features of generated text and compared those to
human-written text [387]. Building on this implicit knowledge of linguistics, open-ended
text generation can also be used for creative writing, either as an assistant for writers [155]
or independently [116]. Recently, the quality of LLM-generated text has become so good
that it can sometimes be mistaken for text written by real humans [342, 98, 168]. This raises
a question about whether LLMs inherently replicate scientific findings about humans [90,
18] or simulate multiple humans interacting [9, 8]. In addition, cognitive psychology could
be used to understand them [34]. Given this diverse range of capabilities, a thorough
investigation of the characteristics of LLM-generated texts becomes paramount.

1.2 Data-efficient Multimodal Learning

The power demands of AI systems are predicted to rise quickly, tripling from 2023 to
2024 [183] and have already exceeded the power demand of small nations [50]. Building
multimodal models such as VLMs requires substantial resources, even beyond those
required for unimodal models. This is due to the pre-training in each respective modality
and the joint modality training. As scaling data and model size delivers predictable
performance gains [166], the carbon footprint associated with AI models is also growing
rapidly [229]. In addition to computing requirements, there is also an ever-growing need
for correctly labeled data. This has led to the rise of an industry for data labeling, with
much of this work outsourced to low-income countries, where the workers are often
subcontractors under precarious working conditions [32]. For many specific tasks, there
is no readily available data that is of high quality and available in large quantities. And
even if there is data readily available on the internet, its use might be illegal due to
copyright concerns [167, 240]. Additionally, it might be unethical to intentionally obtain
some data, e.g., intentionally committing car crashes for autonomous driving. As a result,
task-specific data annotation can be either very costly or even impossible.

Alternatively, weakly supervised orhighly noisy data can be utilized to train contrastive
multimodal models such as CLIP [275]. These models are not generative but instead can
quantify the similarity between samples from different modalities. Combining contrastive
multimodal models with pre-trained unimodal generative models offers a route to building
powerful generative multimodal systems without task-specific supervision.

Research Focus. The research of this thesis specifically focuses on advancing explain-
ability research for multimodal learning problems. Within the explainability field, we
focus on natural language as it is broadly applicable to many tasks and targets an ever-
growing number of end users. Instead of considering all possible multimodal problems,
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we focus on visual reasoning problems such as VQA. We study generating and evaluating
natural language explanations and then broaden the analysis to studying the properties
of LLM-generated text in general. As annotations are costly, we also focus on zero- and
few-shot approaches. This is advantageous because working explainability methods can
be transferred to other problems with minimal adaptations.

1.3 Contributions

This thesis focuses on multimodal problems within the broader explainable AI domain.
It highlights that natural language plays a core role for explainability and introduces a
dataset for evaluation of NLE models. Furthermore, this thesis proposes new transparency-
focused multimodal tasks as well as zero-shot approaches to solve them. Lastly, it advances
the understanding of the strengths and biases of LLM-based text generation. In the
following sections, we present the three central contributions of this thesis. Figure 1.1
visualizes how the individual publications can be grouped into the three contributions.

Chapter 3

CLEVR-X: A Visual Reasoning 
Dataset for Natural Language 

Explanations

LNAI xxAI & CVPR Workshop 2022

Chapter 4

Zero-shot Translation of Attention 
Patterns in VQA Models to Natural 

Language

DGAM GCPR 2023

Chapter 5

Zero-shot Audio Captioning with 
Audio-Language Model Guidance 

and Audio Context Keywords

NeurIPS 2023 Workshop (Oral)

Chapter 6

In-Context Impersonation Reveals 
Large Language Models' Strengths 

and Biases

NeurIPS 2023 (Spotlight)

Advancing Natural Language Explanations
Contribution 1

Contribution 2
Explainability-focused Multimodal Zero-shot Tasks

Studying Strengths and Weaknesses of LLMs
Contribution 3

Figure 1.1: Overview over the four main chapters of this Ph.D. thesis and their publication
venues. Chapter 3 and Chapter 4 are part of the first contribution on advancing natural
language explanations. Chapter 4 and Chapter 5 are part of the second contribution
introducing novel explainability-focused multimodal zero-shot tasks. Finally, Chapter 5 and
Chapter 6 are part of the studying strengths and weaknesses of LLMs contribution. Combined
these works contribute towards advancing multimodal explainability.

First, we advance natural language explanations for visual reasoning problems in
two fundamental but disjoint approaches. Both are grounded in the finding that high-
quality natural language explanations for model training and evaluation are expensive
to collect. In the first approach, we introduce a synthetic dataset for robust evaluation of
natural language explanation models. For this, we propose CLEVR-X: A Visual Reasoning
Dataset for Natural Language Explanations (Chapter 3). CLEVR-X is a large-scale synthetic
dataset that allows for comprehensive evaluation of natural language explanation methods
on the visual reasoning task VQA. Our dataset utilizes the scene graph data of the
underlying pictures as well as the abstract question program associated with each natural
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language question from the CLEVR dataset [163], and deterministically derives one or
multiple explanations that are correct by design. These explanations describe the complete
reasoning and visual information necessary to answer a given question. We confirm the
correctness and plausibility of the synthetically generated explanations in a user study. We
use this dataset to evaluate the performance of naive NLE baseline methods as well as two
state-of-the-art frameworks that were developed for generating textual explanations in
the context of VQA. Additionally, we explore the explanation generation performance on
different subsets of the data, e.g., counting questions, which were understudied in previous
datasets [150]. Finally, for questions with multiple correct explanations, we exploit the
fact that CLEVR-X can enumerate all correct explanations and provide a detailed analysis
of the Natural Language Generation (NLG) metrics commonly used for evaluation.

For our second approach towards data-free explainability, we present Zero-shot Trans-
lation of Attention Patterns in VQA Models to Natural Language (Section 4.3), a zero-shot
approach that translates a vision language model’s internal reasoning into natural lan-
guage. In particular, we embrace this challenge without any training data to make it
applicable to a broad number of tasks. For this, we propose a zero-shot framework called
ZS-A2T; a simple yet effective method for generating textual outputs with the guidance
of the aggregated internal attention. It reuses the image-text matching capabilities of the
underlying vision language model. Zero-Shot Attention to Translation (ZS-A2T) can be
utilized in conjunction with any pre-trained language model (e.g., GPT [42, 274], OPT [396],
etc.) or visual attribution technique (e.g., attribution [301], attention maps [2], etc.). In
contrast to existing methods, we do not aim to replicate (potentially imperfect) human
annotations but rather focus on translating the model’s internal visual reasoning into
natural language.

Combined, both approaches address the challenges in high-quality NLE data collection,
through synthetic data generation (Chapter 3) and building training-free approaches
(Section 4.3).

Next, we propose two new, explainability-focused multimodal zero-shot tasks. Both
tasks have in common that they are zero-shot and thus do not need any training data. The
first task, presented in Zero-shot Translation of Attention Patterns in VQA Models to Natural
Language (Chapter 4), involves translating a model’s internal mechanisms into natural
language to reveal how the model arrived at its prediction. We introduce the task of
converting the internal attention of Vision Language models, such as VQA models, into
natural language. This task differs from learning to predict human explanations for a
visual reasoning problem in that we do not aim to emulate the human explanation, which
might be imperfect. Instead, we want to translate the actual model’s internal operations
into human-understandable natural language.

In the second task, presented in Zero-shot Audio Captioning with Audio-Language Model
Guidance and Audio Context Keywords (Chapter 5), we propose the novel task of zero-shot
audio captioning. It involves transcribing ambient sounds and sounds produced by
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humans performing an action into natural language. As the input audio domains might
vary drastically, e.g., due to location or source (e.g., natural recording vs. computer game
recording), and the output domain might also vary a lot (e.g., different languages), this
task is well suited to a zero-shot setting.

Both tasks share a common characteristic: the elimination of training data reliance,
whilst still demanding advanced multimodal capabilities such as explainability (Chapter 4)
and audio captioning (Chapter 5).

Lastly, we study the strengths and weaknesses of LLM-based text generation in two
different ways. First, we present In-Context Impersonation Reveals Large Language Models’
Strengths and Biases (Chapter 6) where we inject persona information into the context of
LLMs and find that they can recover the developmental stages of human-like exploration
strategies when impersonating different ages. In language-based reasoning tasks, we dis-
cover that LLMs impersonating domain experts perform better than LLMs impersonating
non-domain experts. In visual description tasks, LLMs become better as they pretend to
be older, and they are also better when they pretend to be domain experts. However, we
also see how impersonating LLMs reproduce biases: LLMs impersonating a black person
or a man describe cars better, while LLMs impersonating a white person or a woman
describe birds better. These results expand our understanding of in-context learning in
LLMs and open up new research directions investigating role-taking and pretense in
LLMs and beyond.

We also test how easily large pre-trained uni-model models (LLMs) can be adapted to
multimodal tasks. For this we propose a framework for Zero-shot Audio Captioning with
Audio-Language Model Guidance and Audio Context Keywords (Chapter 5) that enables text-
only large language models to perform audio captioning without any task-specific training.
This is done by integrating a two-fold guiding functionality, which uses multimodal con-
trastive models to guide the unimodal generative large language model. Our framework
achieves state-of-the-art results for zero-shot audio captioning on the AudioCaps [175]
and Clotho [95] datasets. We show that both guiding approaches contribute to the final
performance of our approach. The intermediate audio keywords are injected in natural
language into the prompt and allow for transparency of the audio captioning process.
The explicit guiding by the contrastive audio language model allows us to identify tokens
that were primarily generated due to the language model or primarily selected due to the
audio relevancy guiding.

Both approaches illuminate the strengths and weaknesses of LLM-based text gener-
ation through studying novel, yet realistic settings, including in-context impersonation
(Chapter 6) and zero-shot audio captioning (Chapter 5).
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1.4 Outline

This section provides an overview of the content of all chapters of this thesis. Each chapter
corresponds to a publication, all of which are first-authored publications. Appendix I lists
the co-authors of these publications as well as further publications that are not included
in this thesis.

Chapter 1 The Introduction gives insight into the essential role AI tools play for humans
today and thus provides the motivation for the work in this thesis. It also describes the
high-level contributions to the scientific community across all publications contained in
this thesis.

Chapter 2 The Background chapter provides a general overview of the necessary funda-
mentals to understand the subsequent publications. It starts with an introduction to DL,
then focuses on its applications in Computer Vision (CV), Natural Language Processing
(NLP) and multimodal problems. Finally, it reviews Explainable AI (XAI) approaches. The
individual publications have their own respective related work sections, which provide a
more detailed and in-depth background to each publication. In contrast, this background
chapter offers a higher-level overview and connects the individual related work sections.

Chapter 3 CLEVR-X: A Visual Reasoning Dataset for Natural Language Explanations
extends the CLEVR dataset [163] and introduces a large-scale dataset of natural language
explanations for visual reasoning problems. Its explanations are, by design, correct
and describe the reasoning and visual information that is necessary to answer a given
question. To verify their completeness, relevancy, and plausibility we conduct a user
study. Furthermore, the dataset serves as a benchmark to evaluate NLE baselines and two
state-of-the-art frameworks for natural language explanation generation on the CLEVR
VQA task. In addition, we investigate the convergence of natural language generation
metrics when evaluating predicted explanations by enumerating all possible explanation
variants.

Chapter 4 Zero-shot Translation of Attention Patterns in VQA Models to Natural Lan-
guage focuses on explainability from the model side and proposes a zero-shot framework
that converts a model’s internals into text, yielding human-understandable insights about
the model. We apply this technique to the VQA task and reuse the text-image matching
capabilities of the underlying VQA model to guide a LLM to describe image regions
relevant to the answer. In contrast to previous works, our approach does not require any
training, and it allows for plug-and-play use of different methods for revealing model
internals (e.g., attribution instead of attention maps).
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Chapter 5 Zero-shot Audio Captioning with Audio-Language Model Guidance and
Audio Context Keywords proposes the zero-shot audio captioning task, which involves
translating audio content of ambient sounds or sounds of humans performing an action
into natural language. Our approach uses a two-fold guiding technique to enable a
unimodal model to perform a multimodal task. First, we use audio context keywords
that prompt the language model to generate text that is broadly relevant to the sounds.
Next, we use a guiding approach that re-ranks the LLM’s predictions to match the audio
content. It yields state-of-the-art results for two datasets.

Chapter 6 In-Context Impersonation Reveals Large Language Models’ Strengths and
Biases studies how text generated by large language models changes if the in-context
prompt contains instructions to impersonate a specific age or expertise group. We find
that there are significant changes that, interestingly, match the expected performance of the
respective personas being impersonated. For example, impersonating different age groups
recovers human developmental stages in a multi-armed bandit setting. Impersonating
an expert yields stronger results on knowledge questions or visual description within the
expert’s domain. However, impersonating a specific gender or skin color also reveals LLM
biases.

Chapter 7 The Discussion chapter contextualizes the results presented in this thesis
within the broader scientific research. It also discusses potential limitations and how those
could be addressed.

Chapter 8 Finally, the Conclusion summarizes the thesis and its contributions. It also
points to potential future directions that could extend this work.
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Background

This chapter provides a brief introduction to Deep Learning (DL), a subfield of Machine
Learning (ML). It then explains how Deep Learning techniques have revolutionized the
fields of Computer Vision (CV) (teaching machines to see), Natural Language Processing
(NLP) (teaching machines to understand natural language), and Multimodal Machine
Learning. Afterward, we also provide an overview of Explainable AI (XAI) techniques
that aim to make black box deep learning techniques more transparent. Combined these
sections will provide the necessary background to contextualize the following publications.

2.1 Deep Learning

Deep Learning is a subfield of statistical machine learning, which itself is a tool set to
understand (noisy) data [157, 132]. It can be especially helpful in fields like physics,
medicine, or computer science when deriving solutions from first principles is difficult or
impossible. Instead, data, i.e., measurements, can be fed into machine learning approaches
to obtain the desired solutions. Most of these machine learning approaches can be grouped
into either supervised and unsupervised methods. The former uses supervision from paired
examples {𝑥𝑖 , 𝑦𝑖} from the input and output variables 𝑋 and 𝑌, whereas the latter only
relies on input variables 𝑋 and tries to discover structure within them. For supervised
approaches the goal is to approximate a function 𝑓 that maps the input variables 𝑋 to the
output variables 𝑌. This function 𝑓 is parameterized by parameters 𝜃 and is optimized
to learn a mapping from 𝑋 to 𝑌, whilst minimizing the prediction error. In machine
learning the process of optimization is called training. In the following this mapping will
be denoted by 𝑓𝜃 : 𝑋 → 𝑌 and is generally referred to as model. After training the model 𝑓
it can be used for predicting outputs 𝑦̂ for unseen inputs 𝑥. Additionally, if applicable, the
properties of the model can be studied to understand more about the underlying process
that generated the data.

Besides Reinforcement Learning (RL) [329], the two most common machine learning
problems that can be solved with deep learning are classification and regression problems.
In classification problems, the input is mapped to a finite set of output classes. An example

11
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of this would be whether a given CT scan (input) shows a sick or healthy patient
(output). In contrast, for regression problems the inputs is mapped to a continuous range
of values. An example of this would be to predict the value of a home (output) given its
location and building blueprint (input).

Deep learning refers to a specific subset of machine learning methods that uses
deep neural networks to approximate the abovementioned function 𝑓 by minimizing
their prediction error through adapting the parameters 𝜃 with the backpropagation
technique [135]. Backpropagation uses the chain rule to derive a derivative of the model’s
error w.r.t to the model parameters. Neural networks are structured as a sequence of
layers, where a fully connected layer is defined by a linear mapping with an additive bias
term, follow-up with a non-linearity 𝜎. This linear layer 𝑙 transforms the input 𝑥𝑙 ∈ R𝑑𝑙

into the output 𝑥𝑙+1 ∈ R𝑑𝑙+1 according to the following equation:

𝑥𝑙+1 = 𝜎(𝑊𝑥𝑙 + 𝑏) (2.1)

where𝑊 ∈ R𝑑𝑙+1×𝑑𝑙 and 𝑏 ∈ R𝑑𝑙+1 are the learnable parameters of the layer. Whereas early
neural networks used sigmoid and tanh functions as non-linearities, ReLU [231, 127, 4]
and variants thereof [231, 72, 139] are the default now.

Neural networks become deep if many layers are stacked, although no clear definition
of a minimum depth exists. Apart from sequential stackings (multi-layer perceptron),
different layer connectivity like ResNets [133] and DenseNets [152] have also been studied.
Those can also be combined to build gating units or recurrent architectures [141, 70]. Apart
from fully connected layers, different weight subsets can be learned (e.g., CNNs [207] or
sparse networks [227]).

Typical deep learning models can have parameter counts from millions to hundreds
of billions [166]. After random initialization of the weights [115, 134], stochastic gradient
descent is used for optimization. To accelerate convergence, adaptive learning rate optimiz-
ers [184, 225], approximate the local curvature of the optimization problem by introducing
a (decaying) momentum term to their update rule. There are a number of techniques to
optimize training, such as normalization [154, 25], which stabilizes the training and helps
with vanishing and exploding gradients. To avoid overfitting, neurons can be randomly
dropped [318], and L1-, L2 weight decay or early stopping [273] can be used. Another
important technique to improve generalization is data augmentation. For this, the inputs
are transformed with transformations that might appear in the wild, e.g., random crops
for images [309, 100, 393]. Optionally, non-differentiable parameters, such as learning
rate or network architecture can be optimized with hyperparameter optimization, which
significantly impacts the model’s performance and convergence [101].

In practice, large scale optimization of neural networks can be very expensive in
terms of data acquisition and computational cost. Thus, the idea of adapting pre-trained
networks for different tasks has been extensively studied, a practice that is commonly
referred to as transfer learning [407], which can be done in various ways [145, 249].
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2.1.1 Computer Vision

Deep Learning can be used for a wide range of tasks for understanding visual information,
such as image/video classification, object recognition or image segmentation.

The field of Computer Vision (CV) has witnessed remarkable progress over the past
decades. Early approaches relied on handcrafted features [228], which were fed into
learned classifiers [347]. With the advent of Deep Learning, Convolutional Neural Net-
works (CNNs) like AlexNet [191] and Inception [330] achieved state-of-the-art results by
learning features directly from raw pixel data. Recently, Vision Transformers (ViTs) [92]
adapted the self-attention mechanism [344] to vision tasks. They leverage global context
information across the entire image and have achieved competitive performance with
CNNs.

Recent years have seen a surge in development and deployment of large-scale pre-
trained models transforming computer vision. Initially trained on the medium-scale
ImageNet dataset [86], these models [133, 330], provided powerful feature representations
that could be used for transfer learning for downstream tasks that lacked large scale
datasets. To train models with even broader generalization capabilities, internet-scale
datasets [325, 296] have been used. Notably, contrastive learning objectives [275, 391]
have emerged as a powerful alternative for generative pre-training, enabling models to
learn robust representations that generalize well across diverse tasks. Similar to language
modelling, self-supervision has also been used heavily [54, 259, 80].

2.1.2 Natural Language Processing

Natural Language Processing (NLP) enables computers to understand, interpret, and gen-
erate natural language. Similar to CV, early methods have studied and proposed solutions
for specific subtasks that addressed specific challenges in linguistic understanding and
generation. Examples of these subtasks include text classification, sentiment prediction,
or natural language inference [232].

Large Language Models. Building on the distributional hypothesis [284], statistical
approaches have revolutionized the field with early examples such as 𝑛-gram word models
and word embeddings [246, 245, 266] capturing co-occurrence statistics to understand
word meaning. Beyond individual words, e.g., sentences and paragraphs, recurrent
neural networks [141, 70] are trained with the unsupervised language modeling objective,
which estimates the probability of the next word conditioned on a given text sequence.
Capturing even longer dependencies, transformer-based LLMs use self-attention [344]
attend to entire sequences of words. In contrast to encoder models [88], autoregressive
language models [328] use deep neural networks [274, 42, 3, 71, 161, 160, 340, 339,
120] to predict the next token [107, 192]. This unsupervised pre-training is typically
followed up with a supervised fine-tuning step, which trains on high quality examples
of chat interactions. Finally, reinforcement learning from human feedback [260] further
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improves LLMs, by rating their outputs instead of forcing a specific token sequence. For
a more extensive introduction of the transformer architecture we refer the reader to this
mathematically precise description [343].

Language Modelling is at the heart of this thesis. The CLEVR-X task is framed as a
language generation task (Chapter 3), ZS-A2T (Chapter 4) and ZerAuCap (Chapter 5) use
LLMs to translate model internals and to generate audio captions. In addition, we study
the characteristics of text generation when changing the in-context prompt (Chapter 6).

In-Context Learning and Prompting of LLMs. LLMs can follow instruction, where a
task or scenario is described, with few [356] or even no textual examples [42], which
are usually called prompt. This behavior is often called in-context learning, as the LLM
learns from the provided context and potentially examples [42]. Although sometimes a bit
brittle [19, 281], prompts can control the outputs of the LLMs [404]. This approach is much
more flexible than collecting task-specific data and fine-tuning and thus has been widely
used as generic method for natural language [295, 293] and other tasks [386, 174]. By
relying on the contextual information, LLMs can learn from explanations [197] and think
step-by-step [360]. Due to the importance of the prompt, a whole range of manual [281]
or automatically [308] prompt engineering techniques have been developed [151, 258]. To
address the issues of hallucination [146] and extend the knowledge available at inference
time, task-relevant information can be injected into the prompt [198] or a fictional, but
trust-worthy persona can be invoked [212]. Conversely, LLMs can reproduce biases [48,
31, 1] and adversarial inputs (prompt injections) can make LLMs overcome alignment
techniques to act maliciously [364].

We make extensive use of the in-context capabilities in of LLMs to guide them to
generate audio captions (Chapter 5) and to study their ability to impersonate (Chapter 6).

Natural Language Generation Evaluation. However, for many tasks a unique definitive
answer is absent. Consequently, human evaluation studies can be employed to assess
aspects such as fluency, accuracy, reasoning capabilities of individual predictions or to
compare outputs of two models [203, 204, 66]. Unfortunately, human-based evaluations
can be time-consuming, costly, and prone to subjective variability. Therefore, automated
evaluation techniques, known as Natural Language Generation (NLG) metrics, have
been developed to automatically quantify semantic overlap between generated text and
reference sentences.

Early NLG metrics utilized (modified) precision [261] and recall [261, 30, 210] scores
based on 𝑛-grams extracted from both the reference and predicted sentences. Subsequent
refinements incorporated techniques such as stemmed 𝑛-grams [30, 345], consensus [30],
graph overlap [13], and tf-idf weighting [345] to better align with human judgments
of similarity. More recent approaches have leveraged trained embedding models [397]
and utilized pre-training for better out-of-distribution evaluation [300]. Even though
these metrics are calibrated with machine translation datasets [37, 237], it is important
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to acknowledge that they do not perfectly model human preferences, as their correlation
with human judgment is not always perfect [49]. When evaluating tasks without reference
answers, LLMs themselves can be utilized as evaluators for generated text [399].

We use these metrics to automatically evaluate the quality of generated texts for
evaluating predicted CLEVR-X explanations (Chapter 3), translations of attention patters
(Chapter 4) and audio captions (Chapter 4).

2.1.3 Multimodal Machine Learning

Many real-world problems necessitate the integration of information from multiple modal-
ities, extending beyond the scope of traditional single-modality approaches. Examples
include image [213, 385, 305] and video captioning [59, 376], as well as video understand-
ing [118] and cross-modal retrieval [355].

A significant subset of these problems falls under the category of visual reasoning, which
focuses on interpreting relationships between concepts across modalities and leveraging
this understanding for answering questions or perform tasks. Key aspects of visual
reasoning encompass understanding of spatial relationships [216], causal reasoning [223],
and temporal reasoning [158]. Common tasks within this domain include referring
expression comprehension [172], visual dialogue [81], visual entailment [372], localized
narratives [271], action recognition [118], and visual commonsense reasoning [389]. Visual
Question Answering (VQA) [7, 119] represents another prominent visual reasoning task. It
involves answering a free-text question for a given image and requires joint understanding
of both modalities. VQA datasets typically consist of visually grounded questions designed
to assess models’ ability to reason about scenes and their constituent objects. Variations
of this task require textual context [313], external knowledge [236], or multiple reasoning
steps [163]. Subsequently, other works have built datasets to test out-of-distribution
performance [6], complicated reasoning on real-world images [149], and other diverse
visual reasoning settings [350, 220, 189, 346].

Vision and Language Models. Early task-specific approaches proved effective within
their particular sub-fields; for example, for real-world VQA [12, 381, 375, 406, 307, 106],
for reasoning-focused questions from CLEVR [148, 267, 147, 164, 324, 306] and GQA [147].

As the field progressed towards foundation models, early approaches jointly pre-
trained across multiple vision and language tasks [62, 321, 201, 200]. Specialized heads
were utilized for specific tasks, and multimodal fusion was facilitated through mechanisms
such as cross-attention [344]. In contrast, more recent approaches [358, 218, 217, 28, 29, 224,
63, 211] have shifted towards treating alldownstream tasks as textgeneration problems [69],
leveraging self-attention [344] to inject feature representations from pre-trained vision
models like CLIP [275] into the LLM. By training on visual instruction datasets [405, 218],
some LLM capabilities can be preserved, e.g., their instruction following capabilities and
world knowledge.
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A more resource-efficient strategy to constructing multimodal models involves guiding
existing generative unimodal models, such as LLMs, with contrastive multimodal models.
Several guiding strategies exist. One approach optimizes the hidden activations of the
LLM to bias token prediction towards an image captioning target [337, 336]. Alternatively,
a second strategy modifies the decoding process to influence token selection [390, 323].
Finally, unsupervised fine-tuning can be utilized to minimize modality gaps [353, 205].

We work with VLMs studying their ability to explain their answers (Chapter 3),
translating their internals into natural language (Chapter 4) and utilize them for evaluation
of visual descriptions written by a specific persona (Chapter 6).

Audio and Language Models. Beyond extending LLMs with visual input, incorporation
of auditory data is also feasible. This enables multimodal tasks like sound recognition,
speech transcription [279, 276], audio-text retrieval [256, 368, 314, 187, 226, 369], and audio
captioning [94]. These tasks have been popularized by the introduction of audio-text
datasets [95, 175, 367, 243] and associated audio captioning challenges [371]. Numerous
frameworks leverage supervision from these datasets to build generative audio captioning
models [188, 377, 99, 242, 222, 176, 117, 61, 219]. Conversely, several contrastive audio-
text matching models employing the CLIP-objective [275] have been developed [126, 243].
Integrating the audio modality with VLMs facilitates even more sophisticated audio-visual
tasks, for example, automatic closed captioning.

We incorporate audio as another modality by proposing and studying the zero-shot
audio captioning task (Chapter 5).

In conclusion, the shift from task-specific architectures to unified text generation
frameworks for many multimodal tasks, marks a significant evolution. While this tran-
sition offers benefits in terms of generalization, it also underscores the importance of
understanding the characteristics of the underlying language models.

2.2 Explainable AI

Deep neural networks, while somewhat transparent in terms of their architectures and
activation patterns, remain difficult to interpret meaningfully in terms of their inner
workings. This lackof interpretability presents significantobstacles formodeldevelopment
and deployment, particularly within applications demanding high levels of trust and
accountability. Thus, explainability is critical for fostering user confidence and ensuring
regulatory compliance [91].

XAI approaches can be broadly categorized into inherently interpretable models
and post-hoc explanation methods. Inherently interpretable models, such as decision
trees [11] or linearizations [36], are designed for transparency and interpretability Further-
more, neuro-symbolic reasoning techniques enhance model interpretability by delegating
reasoning to a symbolic engine [306].
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In contrast, post-hoc explanation techniques seek to explain the decisions of pre-
trained models without modifying their underlying architecture. For visual tasks, visual
attribution methods aim to highlight the specific visual inputs that contribute to a given
prediction. They commonly leverage backpropagation to determine relevance by com-
puting (slightly modified) gradients with respect to the input image [311, 317, 388, 315,
394, 26, 327]. Alternative approaches utilize model activations [400], combining them
with gradient information [301], or variations thereof [93, 105, 250, 270] to attribute model
outputs. Differently from visual attribution methods, perturbation-based methods alter
the input and assess relevance based on observed changes in the output [282, 230, 268,
103, 102]. Given that deep learning models automatically learn feature extractors, feature
visualization approaches aim to visualize them [311]. With the increasing prevalence of
transformer-based models, attention visualizations have become a prominent tool. Even
though attention similarity scores offer insights into the decision-making process [27],
their interpretability as explanations remains a subject of debate [156, 362]. Consequently,
research has studied quantifying information flow over multiple self-attention opera-
tions [2, 85] and applied these techniques to multimodal models [58]. Complementary to
these methods, some synthetic datasets provide ground-truth segmentation information
for heatmap-based visual explanations [21]. This is important, as human evaluations
of visual explanations have demonstrated their ability to engender trust, even when the
predictions are incorrect [180].

Our publications ZS-A2T (Chapter 4) employs visual attribution and attention visual-
ization methods to determine answer-relevant image regions and then translates those
into natural language.

Natural Language Explanations. Complementary to visual explanations methods, Nat-
ural Language Explanations (NLEs) use natural language to justify the model decisions.
Research into NLEs has been pursued across various domains. On the one hand, NLEs
have been extensively studied within NLP-related tasks [51, 52, 24]. Beyond justifications
for model decisions, recent work has also demonstrated how models can learn to improve
their predictions from natural language explanations [197, 384].

On the other hand, natural language explanations have also been investigated for a
range of visual tasks, including fine-grained visual object classification [138, 137] and
applications in self-driving cars [178]. For visual reasoning, several datasets have been
proposed to facilitate this research, such as VQA-X [150], VQA-E [202], and the e-SNLI-VE
dataset [170]. Furthermore, GQA-REX [60] extends the GQA dataset [149] by incorporating
textual explanations through the exploitation of corresponding scene graphs, a strategy
applied by other works as well. Multiple works have leveraged these datasets to generate
natural language explanations for vision-language tasks [150, 235, 264, 170], with a
particular emphasis on answer-explanation alignment [366, 365, 234].

Two of our publications, CLEVR-X (Chapter 3) and ZS-A2T (Chapter 4), use the concept
of natural language explanations to advance explainability of deep models.
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In this chapter, we have briefly reviewed the areas of XAI and NLEs, that are particularly
relevant for this thesis. For a more comprehensive overview of research on explainability
and interpretability, we refer the reader to multiple relevant surveys [22, 43, 112].
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CLEVR-X: A Visual Reasoning Dataset
for Natural Language Explanations

Providing explanations in the context of Visual Question Answering (VQA)
presents a fundamental problem in machine learning. To obtain detailed
insights into the process of generating natural language explanations for
VQA, we introduce the large-scale CLEVR-X dataset that extends the CLEVR
dataset with natural language explanations. For each image-question pair
in the CLEVR dataset, CLEVR-X contains multiple structured textual expla-
nations which are derived from the original scene graphs. By construction,
the CLEVR-X explanations are correct and describe the reasoning and visual
information that is necessary to answer a given question. We conducted a
user study to confirm that the ground-truth explanations in our proposed
dataset are indeed complete and relevant. We present baseline results for
generating natural language explanations in the context of VQA using two
state-of-the-art frameworks on the CLEVR-X dataset. Furthermore, we pro-
vide a detailed analysis of the explanation generation quality for different
question and answer types. Additionally, we study the influence of using
different numbers of ground-truth explanations on the convergence of natural
language generation (NLG) metrics. The CLEVR-X dataset is publicly available
at https://explainableml.github.io/CLEVR-X/.

Keywords: Visual Question Answering · Natural Language Explanations.

3.1 Introduction

Explanations for automatic decisions form a crucial step towards increasing transparency
and human trust in deep learning systems. In this work, we focus on natural language
explanations in the context of vision-language tasks.

This version of the contribution has been accepted for publication, after peer review but is not the Version
of Record and does not reflect post-acceptance improvements, or any corrections. The Version of Record will
be available online at: https://doi.org/10.1007/978-3-031-04083-2_5.
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CHAPTER 3. CLEVR-X: A VISUAL REASONING DATASET FOR NATURAL
LANGUAGE EXPLANATIONS

VQA-X
Question: Does this scene
look like it could be from the
early 1950s?

Answer | Explanation:
Yes | The photo is in black
and white and the cars are
all classic designs from the
1950s

e-SNLI-VE
Hypothesis: A woman is
holding a child.

Answer | Explanation:
Entailment | If a woman
holds a child she is holding
a child.

CLEVR-X
Question: There is a purple
metallic ball; what number
of cyan objects are right of it?

Answer | Explanation:
1 | There is a cyan cylinder
which is on the right side of
the purple metallic ball.

Figure 3.1: Comparing examples from the VQA-X (left), e-SNLI-VE (middle), and CLEVR-
X (right) datasets. The explanation in VQA-X requires prior knowledge (about cars from
the 1950s), e-SNLI-VE argues with a tautology, and our CLEVR-X only uses abstract visual
reasoning.

In particular, we consider the vision-language task of Visual Question Answering
(VQA) which consists of answering a question about an image. This requires multiple
skills, such as visual perception, text understanding, and cross-modal reasoning in the
visual and language domains. A natural language explanation for a given answer allows
a better understanding of the reasoning process for answering the question and adds
transparency. However, it is challenging to formulate what comprises a good textual
explanation in the context of VQA involving natural images.

Explanation datasets commonly used in the context of VQA, such as the VQA-X
dataset [150] or the e-SNLI-VE dataset [89, 170] for visual entailment, contain explanations
of widely varying quality since they are generated by humans. The ground-truth explana-
tions in VQA-X and e-SNLI-VE can range from statements that merely describe an image
to explaining the reasoning about the question and image involving prior information,
such as common knowledge. One example for a ground-truth explanation in VQA-X
that requires prior knowledge about car designs from the 1950s can be seen in Fig. 3.1.
The e-SNLI-VE dataset contains numerous explanation samples which consist of repeated
statements (“x because x”). Since existing explanation datasets for vision-language tasks
contain immensely varied explanations, it is challenging to perform a structured analysis
of strengths and weaknesses of existing explanation generation methods.

In order to fill this gap, we propose the novel, diagnostic CLEVR-X dataset for visual
reasoning with natural language explanations. It extends the synthetic CLEVR [163]
dataset through the addition of structured natural language explanations for each question-
image pair. An example for our proposed CLEVR-X dataset is shown in Fig. 3.1. The
synthetic nature of the CLEVR-X dataset results in several advantages over datasets

20



3.2. RELATED WORK

that use human explanations. Since the explanations are synthetically constructed from
the underlying scene graph, the explanations are correct and do not require auxiliary
prior knowledge. The synthetic textual explanations do not suffer from errors that get
introduced with human explanations. Nevertheless, the explanations in the CLEVR-X
dataset are human parsable as demonstrated in the human user study that we conducted.
Furthermore, the explanations contain all the information that is necessary to answer a
given question about an image without seeing the image. This means that the explanations
are complete with respect to the question about the image.

The CLEVR-X dataset allows for detailed diagnostics of natural language explanation
generation methods in the context of VQA. For instance, it contains a wider range
of question types than other related datasets. We provide baseline performances on
the CLEVR-X dataset using recent frameworks for natural language explanations in the
context of VQA. Those frameworks are jointly trained to answer the question and provide a
textual explanation. Since the question family, question complexity (number of reasoning
steps required), and the answer type (binary, counting, attributes) is known for each
question and answer, the results can be analyzed and split according to these groups. In
particular, the challenging counting problem [341], which is not well-represented in the
VQA-X dataset, can be studied in detail on CLEVR-X. Furthermore, our dataset contains
multiple ground-truth explanations for each image-question pair. These capture a large
portion of the space of correct explanations which allows for a thorough analysis of the
influence of the number of ground-truth explanations used on the evaluation metrics. Our
approach of constructing textual explanations from a scene graph yields a great resource
which could be extended to other datasets that are based on scene graphs, such as the
CLEVR-CoGenT dataset.

To summarize, we make the following four contributions: (1) We introduce the
CLEVR-X dataset with natural language explanations for Visual Question Answering;
(2) We confirm that the CLEVR-X dataset consists of correct explanations that contain suf-
ficient relevant information to answer a posed question by conducting a user study; (3) We
provide baseline performances with two state-of-the-art methods that were proposed for
generating textual explanations in the context of VQA; (4) We use the CLEVR-X dataset
for a detailed analysis of the explanation generation performance for different subsets of
the dataset and to better understand the metrics used for evaluation.

3.2 Related Work

In this section, we discuss several themes in the literature that relate to our work, namely
Visual Question Answering, Natural language explanations (for vision-language tasks), and the
CLEVR dataset.

Visual Question Answering (VQA). The VQA [17] task has been addressed by several
works that apply attention mechanisms to text and image features [381, 375, 406, 307, 106].
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However, recent works observed that the question-answer bias in common VQA datasets
can be exploited in order to answer questions without leveraging any visual information [5,
6, 163, 395]. This has been further investigated in more controlled dataset settings, such
as the CLEVR [163], VQA-CP [6], and GQA [149] datasets. In addition to a controlled
dataset setting, our proposed CLEVR-X dataset contains natural language explanations
that enable a more detailed analysis of the reasoning in the context of VQA.

Natural language explanations. Decisions made by neural networks can be visually
explained with visual attribution that is determined by introspecting trained networks
and their features [311, 388, 301, 26, 394], by using input perturbations [268, 102, 103], or
by training a probabilistic feature attribution model along with a task-specific CNN [177].
Complementary to visual explanations methods that tend to not help users distinguish
between correct and incorrect predictions [179], natural language explanations have been
investigated for a variety of tasks, such as fine-grained visual object classification [138,
137], or self-driving car models [178]. The requirement to ground language explanations
in the input image can prevent shortcuts, such as relying on dataset statistics or referring
to instance attributes that are not present in the image. For a comprehensive overview of
research on explainability and interpretability, we refer to recent surveys [22, 43, 112].

Natural language explanations for vision-language tasks. Multiple datasets for natural
language explanations in the context of vision-language tasks have been proposed, such
as the VQA-X [150], VQA-E [202], and e-SNLI-VE datasets [170]. VQA-X [150] augments
a small subset of the VQA v2 [119] dataset for the Visual Question Answering task with
human explanations. Similarly, the VQA-E dataset [202] extends the VQA v2 dataset by
sourcing explanations from image captions. However, the VQA-E explanations resemble
image descriptions and do not provide satisfactory justifications whenever prior knowl-
edge is required [202]. The e-SNLI-VE [170, 89] dataset combines human explanations
from e-SNLI [51] and the image-sentence pairs for the Visual Entailment task from SNLI-
VE [372]. In contrast to the VQA-E, VQA-X, and e-SNLI-VE datasets which consist of
human explanations or image captions, our proposed dataset contains systematically con-
structed explanations derived from the associated scene graphs. Recently, several works
have aimed at generating natural language explanations for vision-language tasks [150,
366, 365, 235, 264, 170]. In particular, we use the PJ-X [150] and FM [366] frameworks to
obtain baseline results on our proposed CLEVR-X dataset.

The CLEVR dataset. The CLEVR dataset [163] was proposed as a diagnostic dataset to
inspect the visual reasoning of VQA models. Multiple frameworks have been proposed
to address the CLEVR task [148, 267, 147, 164, 324, 306]. To add explainability, the XNM
model [306] adopts the scene graph as an inductive bias which enables the visualization of
the reasoning based on the attention on the nodes of the graph. There have been numerous
dataset extensions for the CLEVR dataset, for instance to measure the generalization
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capabilities of models pre-trained on CLEVR (CLOSURE [350]), to evaluate object detection
and segmentation (CLEVR-Ref+ [220]), or to benchmark visual dialog models (CLEVR
dialog [189]). The Compositional Reasoning Under Uncertainty (CURI) benchmark uses
the CLEVR renderer to construct a test bed for compositional and relational learning
under uncertainty [346]. [143] provide an extensive survey of further experimental
diagnostic benchmarks for analyzing explainable machine learning frameworks along
with proposing the KandinskyPATTERNS benchmark that contains synthetic images with
simple 2-dimensional objects. It can be used for testing the quality of explanations and
concept learning. Additionally, [21] proposed the CLEVR-XAI-simple and CLEVR-XAI-
complex datasets which provide ground-truth segmentation information for heatmap-
based visual explanations. Our CLEVR-X augments the existing CLEVR dataset with
explanations, but in contrast to (heatmap-based) visual explanations, we focus on natural
language explanations.

3.3 The CLEVR-X dataset

In this section, we introduce the CLEVR-X dataset that consists of natural language
explanations in the context of VQA. The CLEVR-X dataset extends the CLEVR dataset with
3.6 million natural language explanations for 850k question-image pairs. In Section 3.3.1,
we briefly describe the CLEVR dataset, which forms the base for our proposed dataset.
Next, we present an overview of the CLEVR-X dataset by describing how the natural
language explanations were obtained in Section 3.3.2, and by providing a comprehensive
analysis of the CLEVR-X dataset in Section 3.3.3. Finally, in Section 3.3.4, we present
results for a user study on the CLEVR-X dataset.

3.3.1 The CLEVR Dataset

The CLEVR dataset consists of images with corresponding full scene graph annotations
which contain information about all objects in a given scene (as nodes in the graph) along
with spatial relationships for all object pairs. The synthetic images in the CLEVR dataset
contain three to ten (at least partially visible) objects in each scene, where each object has
the four distinct properties size, color, material, and shape. There are three shapes (box,
sphere, cylinder), eight colors (gray, red, blue, green, brown, purple, cyan, yellow),
two sizes (large, small), and two materials (rubber, metallic). This allows for up to 96
different combinations of properties.

There are a total of 90 different question families in the dataset which are grouped into
9 different question types. Each type contains questions from between 5 and 28 question
families. In the following, we describe the 9 question types in more detail.
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Question: What number of other

objects are there of the same

material as the tiny thing?

Scene graph

Program Parameters Tracing result

filter unique <size> <tiny> <obj1>:

same <attribute> <material> <obj2> : 

count <verb2> :  are 

Explanation:

There are a large yellow metallic cube and cylinder 

that have the same material as the tiny sphere.

Template: 

There <verb2> a <obj2> {that, which} have the 

{same, identical} <attribute> as the <obj1>.

Image Tracing the functional program Explanation generation

Figure 3.2: CLEVR-X dataset generation: Generating a natural language explanation for
a sample from the CLEVR dataset. Based on the question, the functional program for
answering the question is executed on the scene graph and traced. A language template
is used to cast the gathered information into a natural language explanation.

Hop questions: The zero hop, one hop, two hop, and three hop question types contain up to
three relational reasoning steps, e.g. “What color is the cube to the left of the ball?” is a
one hop question.

Compare and relate questions: The compare integer, same relate, and comparison question
types require the understanding and comparison of multiple objects in a scene. Questions
of the compare integer type compare counts corresponding to two independent clauses (e.g.
“Are there more cubes than red balls?”). Same relate questions reason about objects that
have the same attribute as another previously specified object (e.g. “What is the color
of the cube that has the same size as the ball?”). In contrast, comparison question types
compare the attributes of two objects (e.g. “Is the color of the cube the same as the ball?”).

Single and/or questions: Single or questions identify objects that satisfy an exclusive dis-
junction condition (e.g. “How many objects are either red or blue?”). Similarly, single and
questions apply multiple relations and filters to find an object that satisfies all conditions
(e.g. “How many objects are red and to the left of the cube.”).

Each CLEVR question can be represented by a corresponding functional program and
its natural language realization. A functional program is composed of basic functions
that resemble elementary visual reasoning operations, such as filtering objects by one
or more properties, spatially relating objects to each other, or querying object properties.
Furthermore, logical operations like and and or, as well as counting operations like count,
less, more, and equal are used to build complex questions. Executing the functional
program associated with the question against the scene graph yields the correct answer
to the question. We can distinguish between three different answer types: Binary answers
(yes or no), counting answers (integers from 0 to 10), and attribute answers (any of the
possible values of shape, color, size, or material).
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3.3.2 Dataset Generation

Here, we describe the process for generating natural language explanations for the CLEVR-
X dataset. In contrast to image captions, the CLEVR-X explanations only describe image
elements that are relevant to a specific input question. The explanation generation process
for a given question-image pair is illustrated in Fig. 3.2. It consists of three steps: Tracing
the functional program, relevance filtering (not shown in the figure), and explanation
generation. In the following, we will describe those steps in detail.

Tracing the functional program. Given a question-image pair from the CLEVR dataset,
we trace the execution of the functional program (that corresponds to the question) on the
scene graph (which is associated with the image). The generation of the CLEVR dataset
uses the same step to obtain a question-answer pair. When executing the basic functions
that comprise the functional program, we record their outputs in order to collect all the
information required for explaining a ground-truth answer.

In particular, we trace the filter, relate and same-property functions and record the
returned objects and their properties, such as, for instance, shape or size. As a result,
the tracing omits objects in the scene that are not relevant for the question. As we are
aiming for complete explanations for all question types, each explanation has to mention
all the objects that were needed to answer the question, i.e. all the evidence that was
obtained during tracing. For example, for counting questions, all objects that match the
filter function preceding the counting step are recorded during tracing. For and questions,
we merge the tracing results of the preceding functions which results in short and readable
explanations. In summary, the tracing produces a complete and correct understanding of
the objects and relevant properties which contributed to an answer.

Relevance filtering. To keep the explanation at a reasonable length, we filter the object
attributes that are mentioned in the explanation according to their relevance. For example,
the color of an object is not relevant for a given question that asks about the material
of said object. We deem all properties that were listed in the question to be relevant.
This makes it easier to recognize the same referenced object in both the question and
explanation. As the shape property also serves as a noun in CLEVR, our explanations
always mention the shape to avoid using generic shape descriptions like “object” or
“thing”. We distinguish between objects which are used to build the question (e.g. “[. . . ]
that is left of the cube?”) and those that are the subject of the posed question (e.g. “What
color is the sphere that is left of the cube?”). For the former, we do not mention any
additional properties, and for the latter, we mention the queried property (e.g. color) for
question types yielding attribute answers.

Explanation generation. To obtain the final natural language explanations, each question
type is equipped with one or more natural language templates with variations in terms of
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the wording used. Each template contains placeholders which are filled with the output
of the previous steps, i.e. the tracing of the functional program and subsequent filtering
for relevance. As mentioned above, our explanations use the same property descriptions
that appeared in the question. This is done to ensure that the wording of the explanation
is consistent with the given question, e.g. for the question “Is there a small object?” we
generate the explanation “Yes there is a small cube.”1. We randomly sample synonyms
for describing the properties of objects that do not appear in the question. If multiple
objects are mentioned in the explanation, we randomize their order. If the tracing step
returned an empty set, e.g. if no object exists that matches the given filtering function for
an existence or counting question, we state that no relevant object is contained in the scene
(e.g. “There is no red cube.”).

In order to decrease the overall sentence length and to increase the readability, we ag-
gregate repetitive descriptions (e.g. “There is a red cube and a red cube”) using numerals
(e.g. “There are two red cubes.”). In addition, if a function of the functional program
merely restricts the output set of a preceding function, we only mention the outputs of
the later function. For instance, if a same-color function yields a large and a small cube,
and a subsequent filter-large function restricts the output to only the large cube, we
do not mention the output of same-color, as the output of the following filter-large
causes natural language redundancies2.

The selection of different language templates, random sampling of synonyms and
randomization of the object order (if possible) results in multiple different explanations.
We uniformly sample up to 10 different explanations per question for our dataset.

Dataset split. We provide explanations for the CLEVR training and validation sets,
skipping only a negligible subset (less than 0.04h) of questions due to malformed question
programs from the CLEVR dataset, e.g. due to disjoint parts of their abstract syntax trees.
In total, this affected 25 CLEVR training and 4 validation questions.

As the scene graphs and question functional programs are not publicly available for
the CLEVR test set, we use the original CLEVR validation subset as the CLEVR-X test
set. 20% of the CLEVR training set serve as the CLEVR-X validation set. We perform this
split on the image-level to avoid any overlap between images in the CLEVR-X training
and validation sets. Furthermore, we verified that the relative proportion of samples from
each question and answer type in the CLEVR-X training and validation sets is similar,
such that there are no biases towards specific question or answer types.

Code for generating the CLEVR-X dataset and the dataset itself are publicly available
at https://github.com/ExplainableML/CLEVR-X.

1The explanation could have used the synonym “box” instead of “cube”. In contrast, “tiny” and “small”
are also synonyms in CLEVR, but the explanation would not have been consistent with the question which
used “small”.

2E.g. for the question: “How many large objects have the same color as the cube?”, we do not generate the
explanation “There are a small and a large cube that have the same color as the red cylinder of which only the
large cube is large.” but instead only write “There is a large cube that has the same color as the red cylinder.”
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Dataset Subset
Total # Average #

Images Questions Explanations Vocabulary Explanations Expl. Words Quest. Words

VQA-X

Train 24,876 29,549 31,536 9,423 1.07 10.55 7.50
Val 1,431 1,459 4,377 3,373 3.00 10.88 7.56
Test 1,921 1,921 5,904 3,703 3.07 10.93 7.31
Total 28,180 32,886 41,817 10,315 1.48 10.64 7.49

e-SNLI-VE

Train 29,779 401,672 401,672 36,778 1.00 13.62 8.23
Val 1,000 14,339 14,339 8,311 1.00 14.67 8.10
Test 998 14,712 14,712 8,334 1.00 14.59 8.20
Total 31,777 430,723 430,723 38,208 1.00 13.69 8.23

CLEVR-X

Train 56,000 559,969 2,401,275 96 4.29 21.52 21.61
Val 14,000 139,995 599,711 96 4.28 21.54 21.62
Test 15,000 149,984 644,151 96 4.29 21.54 21.62
Total 85,000 849,948 3,645,137 96 4.29 21.53 21.61

Table 3.1: Statistics of the CLEVR-X dataset compared to the VQA-X, and e-SNLI-VE
datasets. We show the total number of images, questions, and explanations, vocabulary
size, and the average number of explanations per question, the average number of words
per explanation, and the average number of words per question. Not all subset values add
up to the Total values since some subsets have overlaps (e.g. for the vocabulary).
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Figure 3.3: Stacked histogram of the average explanation lengths measured in words for
the 9 question types for the CLEVR-X training set (left). Explanation length distribution for
the CLEVR-X, VQA-X, and e-SNLI-VE training sets (right). The long tail of the e-SNLI-VE
distribution (125 words) was cropped out for better readability.

3.3.3 Dataset Analysis

We compare the CLEVR-X dataset to the related VQA-X and e-SNLI-VE datasets in
Table 3.1. Similar to CLEVR-X, VQA-X contains natural language explanations for the
VQA task. However, different to the natural images and human explanations in VQA-X,
CLEVR-X consists of synthetic images and explanations. The e-SNLI-VE dataset provides
explanations for the visual entailment (VE) task. VE consists of classifying an input
image-hypothesis pair into entailment / neutral / contradiction categories.

The CLEVR-X dataset is significantly larger than the VQA-X and e-SNLI-VE datasets
in terms of the number of images, questions, and explanations. In contrast to the two other
datasets, CLEVR-X provides (on average) multiple explanations for each question-image
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pair in the train set. Additionally, the average number of words per explanation is also
higher. Since the explanations are built to explain each component mentioned in the
question, long questions require longer explanations than short questions. Nevertheless,
by design, there are no unnecessary redundancies. The explanation length in CLEVR-X
is very strongly correlated with the length of the corresponding question (Spearman’s
correlation coefficient between the number of words in the explanations and questions is
0.89).

Figure 3.3 (left) shows the explanation length distribution in the CLEVR-X dataset for
the 9 question types. The shortest explanation consists of 7 words, and the longest one has
53 words. On average, the explanations contain 21.53 words. In Fig. 3.3 (right) and Table 3.1,
we can observe that explanations in CLEVR-X tend to be longer than the explanations in
the VQA-X dataset. Furthermore, VQA-X has significantly fewer samples overall than
the CLEVR-X dataset. The e-SNLI-VE dataset also contains longer explanations (that are
up to 125 words long), but the CLEVR-X dataset is significantly larger than the e-SNLI-
VE dataset. However, due to the synthetic nature and limited domain of CLEVR, the
vocabulary of CLEVR-X is very small with only 96 different words. Unfortunately, VQA-X
and e-SNLI-VE contain spelling errors, resulting in multiple versions of the same words.
Models trained on CLEVR-X circumvent those aforementioned challenges and can purely
focus on visual reasoning and explanations for the same. Therefore, Natural Language
Generation (NLG) metrics applied to CLEVR-X indeed capture the factual correctness and
completeness of an explanation.

3.3.4 User Study on Explanation Completeness and Relevance

In this section, we describe our user study for evaluating the completeness and relevance
of the generated ground-truth explanations in the CLEVR-X dataset. We wanted to
verify whether humans are successfully able to parse the synthetically generated textual
explanations and to select complete and relevant explanations. While this is obvious
for easier explanations like “There is a blue sphere.”, it is less trivial for more complex
explanations such as “There are two red cylinders in front of the green cube that is to the
right of the tiny ball.” Thus, strong human performance in the user study indicates that
the sentences are parsable by humans.

We performed our user study using Amazon Mechanical Turk (MTurk). It consisted
of two types of Human Intelligence Tasks (HITs). Each HIT was made up of (1) An
explanation of the task; (2) A non-trivial example, where the correct answers are already
selected; (3) A CAPTCHA [10] to verify that the user is human; (4) The problem definition
consisting of a question and an image; (5) A user qualification step, for which the user
has to correctly answer a question about an image. This ensures that the user is able to
answer the question in the first place, a necessary condition to participate in our user study;
(6) Two explanations from which the user needs to choose one. Example screenshots of
the user interface for the user study are shown in Fig. 3.4.
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Figure 3.4: Two examples from our user study to evaluate the completeness (left) and
relevance (right) of natural language explanations in the CLEVR-X dataset.

For the two different HIT types, we randomly sampled 100 explanations from each of
the 9 question types, resulting in a total of 1800 samples for the completeness and relevance
tasks. For each task sample, we requested 3 different MTurk workers based in the US
(with high acceptance rate of > 95% and over 5000 accepted HITs). A total of 78 workers
participated in the completeness HITs. They took on average 144.83 seconds per HIT. The
relevance task was carried out by 101 workers which took on average 120.46 seconds per
HIT. In total, 134 people participated in our user study. In the following, we describe our
findings regarding the completeness and relevance of the CLEVR-X explanations in more
detail.

Explanation completeness. In the first part of the user study, we evaluated whether
human users are able to determine if the ground-truth explanations in the CLEVR-X
dataset are complete (and also correct). We presented the MTurk workers with an image,
a question, and two explanations. As can be seen in Fig. 3.4 (left), a user had to first select
the correct answer (yes) before deciding which of the two given explanations was complete.
By design, one of the explanations presented to the user was the complete one from the
CLEVR-X dataset and the other one was a modified version for which at least one necessary
object had been removed. As simply deleting an object from a textual explanation could
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Zero One Two Three Same Compari- Compare Single Single
All

hop hop hop hop relate son integer or and

Completeness 100.00 98.00 98.67 94.00 100.00 83.67 77.00 84.00 94.33 92.19
Relevance 99.67 99.00 95.67 89.00 95.67 87.33 83.67 90.67 92.00 92.52

Table 3.2: Results for the user study evaluating the accuracy for the completeness and
relevance tasks for the 9 question types in the CLEVR-X dataset.

lead to grammar errors, we re-generated the explanations after removing objects from the
tracing results. This resulted in incomplete, albeit grammatically correct, explanations.

To evaluate the ability to determine the completeness of explanations, we measured
the accuracy of selecting the complete explanation. The human participants obtained
an average accuracy of 92.19%, confirming that complete explanations which mention
all objects necessary to answer a given question were preferred over incomplete ones.
The performance was weaker for complex question types, such as compare-integer and
comparison with accuracies of only 77.00% and 83.67% respectively, compared to the easier
zero-hop and one-hop questions with accuracies of 100% and 98.00% respectively.

Additionally, there were huge variations in performance across different participants
of the completeness study (Fig. 3.5 (top left)), with the majority performing very well
(>97% answering accuracy) for most question types. For the compare-integer, comparison
and single or question types, some workers exhibited a much weaker performance with
answering accuracies as low as 0%. The average turnaround time shown in Fig. 3.5 (bottom
left) confirms that easier question types required less time to be solved than more complex
question types, such as three hop and compare integer questions. Similar to the performance,
the work time varied greatly between different users.

Explanation relevance. In the second part of our user study, we analyzed if humans
are able to identify explanations which are relevant for a given image. For a given
question-image pair, the users had to first select the correct answer. Furthermore, they
were provided with a correct explanation and another randomly chosen explanation from
the same question family (that did not match the image). The task consisted of selecting
the correct explanation that matched the image and question content. Explanation 1 in the
example user interface shown in Fig. 3.4 (right) was the relevant one, since Explanation 2
does not match the question and image.

The participants of our user study were able to determine which explanation matched
the given question-image example with an average accuracy of 92.52%. Again, the
performance for complex question types was weaker than for easier questions. The
difficulty of the question influences the accuracy of detecting the relevant explanation,
since this task first requires understanding the question. Furthermore, complex questions
tend to be correlated with complex scenes that contain many objects which makes the
user’s task more challenging. The accuracy for three-hop questions was 89.00% compared
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Figure 3.5: Average answering accuracies for each worker (top) and average work time
(bottom) for the user study (left: completeness, right: relevance). The boxes indicate the
mean as well as lower and upper quartiles, the lines extend 1.5 interquartile ranges of the
lower and upper quartile. All other values are plotted as diamonds.

to 99.67% for zero-hop questions. For compare-integer and comparison questions, the users
obtained accuracies of 83.67% and 87.33% respectively, which is significantly lower than
the overall average accuracy.

We analyzed the answering accuracy per worker in Fig. 3.5 (top right). The perfor-
mance varies greatly between workers, with the majority performing very well (>90%
answering accuracy) for most question types. Some workers showed much weaker per-
formance with answering accuracies as low as 0% (e.g. for compare-integer and single or
questions). Furthermore, the distribution of work time for the relevance task is shown in
Fig. 3.5 (bottom right). The turnaround times for each worker exhibit greater variation on
the completeness task (bottom left) compared to the relevance task (bottom right). This
might be due to the nature of the different tasks. For the completeness task, the users
need to check if the explanation contains all the elements that are necessary to answer the
given question. The relevance task, on the other hand, can be solved by detecting a single
non-relevant object to discard the wrong explanation.

Our user study confirmed that humans are able to parse the synthetically generated
natural language explanations in the CLEVR-X dataset. Furthermore, the results have
shown that users prefer complete and relevant explanations in our dataset over corrupted
samples.
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3.4 Experiments

We describe the experimental setup for establishing baselines on our proposed CLEVR-X
dataset in Section 3.4.1. In Section 3.4.2, we present quantitative results on the CLEVR-X
dataset. Additionally, we analyze the generated explanations for the CLEVR-X dataset
in relation to the question and answer types in Section 3.4.3. Furthermore, we study the
behavior of the NLG metrics when using different numbers of ground-truth explanations
for testing in Section 3.4.4. Finally, we present qualitative explanation generation results
on the CLEVR-X dataset in Section 3.4.5.

3.4.1 Experimental Setup

In this section, we provide details about the datasets and models used to establish baselines
for our CLEVR-X dataset and about their training details. Furthermore, we explain the
metrics for evaluating the explanation generation performance.

Datasets. In the following, we summarize the datasets thatwere used forourexperiments.
In addition to providing baseline results on CLEVR-X, we also report experimental results
on the VQA-X and e-SNLI-VE datasets. Details about our proposed CLEVR-X dataset
can be found in Section 3.3. The VQA-X dataset [150] is a subset of the VQA v2 dataset
with a single human-generated textual explanation per question-image pair in the training
set and 3 explanations for each sample in the validation and test sets. The e-SNLI-VE
dataset [89, 170] is a large-scale dataset with natural language explanations for the visual
entailment task.

Methods. We used multiple frameworks to provide baselines on our proposed CLEVR-X
dataset. For the random words baseline, we sample random word sequences of length𝑤 for
the answer and explanation words for each test sample. The full vocabulary corresponding
to a given dataset is used as the sampling pool, and𝑤 denotes the average number of words
forming an answer and explanation in a given dataset. For the random explanations
baseline, we randomly sample an answer-explanation pair from the training set and use
this as the prediction. The explanations from this baseline are well-formed sentences.
However, the answers and explanations most likely do not match the question or the image.
For the random-words and random-explanations baselines, we report the NLG metrics
for all samples in the test set (instead of only considering the correctly answered samples,
since the random sampling of the answer does not influence the explanation). The Pointing
and Justification model PJ-X [150] provides text-based post-hoc justifications for the VQA
task. It combines a modified MCB [106] framework, pre-trained on the VQA v2 dataset,
with a visual pointing and textual justification module. The Faithful Multimodal (FM)
model [366] aims at grounding parts of generated explanations in the input image to
provide explanations that are faithful to the input image. It is based on the Up-Down VQA
model [12]. In addition, FM contains an explanation module which enforces consistency
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between the predicted answer, explanation and the attention of the VQA model. The
implementations for the PJ-X and FM models are based on those provided by the authors
of [170].

Implementation and training details. We extracted 14×14×1024 grid features for the
images in the CLEVR-X dataset using a ResNet-101 [133], pre-trained on ImageNet [86].
These grid features served as inputs to the FM [366] and PJ-X [150] frameworks. The
CLEVR-X explanations are lower case and punctuation is removed from the sentences. We
selected the best model on the CLEVR-X validation set based on the highest mean of the
four NLG metrics, where explanations for incorrect answers were set to an empty string.
This metric accounts for the answering performance as well as for the explanation quality.
The final models were evaluated on the CLEVR-X test set. For PJ-X, our best model was
trained for 52 epochs, using the Adam optimizer [184] with a learning rate of 0.0002 and a
batch size of 256. We did not use gradient clipping for PJ-X. Our strongest FM model was
trained for 30 epochs, using the Adam optimizer with a learning rate of 0.0002, a batch
size of 128, and gradient clipping of 0.1. All other hyperparameters were taken from [150,
366].

Evaluation metrics. To evaluate the quality of the generated explanations, we use the
standard natural language generation metrics BLEU [261], METEOR [30], ROUGE-L [210]
and CIDEr [345]. By design, there is no correct explanation that can justify a wrong answer.
We follow [170] and report the quality of the generated explanations for the subset of
correctly answered questions.

3.4.2 Evaluating Explanations generated by state-of-the-art Methods

In this section, we present quantitative results for generating explanations for the CLEVR-
X dataset (Table 3.3). The random words baseline exhibits weak explanation performance
for all NLG metrics on CLEVR-X. Additionally, the random answering accuracy is very
low at 3.6%. The results are similar on VQA-X and e-SNLI-VE. The random explanations
baseline achieves stronger explanation results on all three datasets, but is still significantly
worse than the trained models. This confirms that, even with a medium-sized answer
space (28 options) and a small vocabulary (96 words), it is not possible to achieve good
scores on our dataset using a trivial approach.

We observed that the PJ-X model yields a significantly stronger performance on CLEVR-
X in terms of the NLG metrics for the generated explanations compared to the FM model,
with METEOR scores of 58.9 and 52.5 for PJ-X and FM respectively. Across all explanation
metrics, the scores on the VQA-X and e-SNLI-VE datasets are in a lower range than those
on CLEVR-X. For PJ-X, we obtain a CIDEr score of 639.8 on CLEVR-X and 82.7 and 72.5
on VQA-X and e-SNLI-VE. This can be attributed to the smaller vocabulary and longer
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Model
CLEVR-X VQA-X e-SNLI-VE

B4 M RL C Acc B4 M RL C Acc B4 M RL C Acc

Rnd. words 0.0 8.4 11.4 5.9 3.6 0.0 1.2 0.7 0.1 0.1 0.0 0.3 0.0 0.0 33.3
Rnd. expl 10.9 16.6 35.3 30.4 3.6 0.9 6.5 18.4 21.6 0.2 0.4 5.4 9.9 2.6 33.3

FM [366] 78.8 52.5 85.8 566.8 80.3 23.1 20.4 47.1 87.0 75.5 8.2 15.6 29.9 83.6 58.5
PJ-X [150] 87.4 58.9 93.4 639.8 63.0 22.7 19.7 46.0 82.7 76.4 7.3 14.7 28.6 72.5 69.2

Table 3.3: Explanation generation results on the CLEVR-X, VQA-X, and e-SNLI-VE test
sets using BLEU-4 (B4), METEOR (M), ROUGE-L (RL), CIDEr (C), and answer accuracy
(Acc). Higher is better for all reported metrics. For the random baselines, Acc corresponds
to 100/# answers for CLEVR-X and e-SNLI-VE, and to the VQA answer score for VQA-X. (Rnd.
words: random words, Rnd. expl: Random explanations)

sentences, which allow 𝑛-gram based metrics (e.g. BLEU) to match parts of sentences
more easily.

In contrast to the explanation generation performance, the FM model is better at
answering questions than PJ-X on CLEVR-X with an answering accuracy of 80.3% for
FM compared to 63.0% for PJ-X. Compared to recent models tuned to the CLEVR task,
the answering performances of PJ-X and FM do not seem very strong. However, the
PJ-X backbone MCB [106] (which is crucial for the answering performance) preceded the
publication of the CLEVR dataset. A version of the MCB backbone (CNN+LSTM+MCB in
the CLEVR publication [163]) achieved an answering accuracy of 51.4% on CLEVR [163],
whereas PJ-X is able to correctly answer 63% of the questions. The strongest model dis-
cussed in the initial CLEVR publication (CNN+LSTM+SA in [163]) achieved an answering
accuracy of 68.5%.

3.4.3 Analyzing Results on CLEVR-X by Question and Answer Types

In Fig. 3.6 (left and middle), we present the performance for PJ-X on CLEVR-X for the 9
question and 3 answer types. The explanation results for samples which require counting
abilities (counting answers) are lower than those for attribute answers (57.3 vs. 63.3). This
is in line with prior findings that VQA models struggle with counting problems [341].
The explanation quality for binary questions is even lower with a METEOR score of only
55.6. The generated explanations are of higher quality for easier question types; zero-hop
questions yield a METEOR score of 64.9 compared to 62.1 for three-hop questions. It can
also be seen that single-or questions are harder to explain than single-and questions. These
trends can be observed across all NLG explanation metrics.

3.4.4 Influence of Using Different Numbers of Ground-truth explanations

In this section, we study the influence of using multiple ground-truth explanations for
evaluation on the behavior of the NLG metrics. This gives insights about whether the
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Figure 3.6: Explanation generation results for PJ-X on the CLEVR-X test set according to
question (left) and answer (middle) types compared to the overall explanation quality.
Easier types yield higher METEOR scores. NLG metrics using different numbers of
ground-truth explanations on the CLEVR-X test set (right). CIDEr converges faster than
the other NLG metrics.

metrics can correctly rate a model’s performance with a limited number of ground-truth
explanations. We set an upper bound 𝑘 on the number of explanations used and randomly
sample 𝑘 explanations if a test sample has more than 𝑘 explanations for 𝑘 ∈ {1, 2, . . . , 10}.
Figure 3.6 (right) shows the NLG metrics (normalized with the maximum value for each
metric on the test set for all ground-truth explanations) for the PJ-X model depending on
the average number of ground-truth references used on the test set.

Out of the four metrics, BLEU-4 converges the slowest, requiring close to 3 ground-
truth explanations to obtain a relative metric value of 95%. Hence, BLEU-4 might not be
able to reliably predict the explanation quality on the e-SNLI-VE dataset which has only
one explanation for each test sample. CIDEr converges faster than ROUGE and METEOR,
and achieves 95.7% of its final value with only one ground-truth explanation. This could
be caused by the fact, that CIDEr utilizes a tf-idf weighting scheme for different words,
which is built from all reference sentences in the subset that the metric is computed on.
This allows CIDEr to be more sensitive to important words (e.g. attributes and shapes)
and to give less weight, for instance, to stopwords, such as “the”. The VQA-X and e-
SNLI-VE datasets contain much lower average numbers of explanations for each dataset
sample (1.4 and 1.0). Since there could be many more possible explanations for samples
in those datasets that describe different aspects than those mentioned in the ground truth,
automated metric may not be able to correctly judge a prediction even if it is correct and
faithful w.r.t. to the image and question.
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Question: How many tiny
red things are the same ma-
terial as the big sphere?

GT Answer | Explanation:
1 | The tiny red metal block
has the same material as a
big sphere.
Pred. Answer | Expl.
1 | There is the tiny red metal
block which has the identical
material as a big sphere.
B4 / M / RL / C:
100.0 / 100.0 / 100.0 / 744.0

Question: The cylinder has
what size?

GT Answer | Explanation:
Small | The cylinder is small.

Pred. Answer | Expl.
Small | The cylinder is tiny.

B4 / M / RL / C:
100.0 / 100.0 / 100.0 / 462.4

Question: Are there any
small matte cubes?

GT Answer | Explanation:
No | There are no small
matte cubes.

Pred. Answer | Expl.
Yes | There is a small matte
cube.

B4 / M / RL / C:
0.0 / 76.9 / 57.1 / 157.1

Figure 3.7: Examples for answers and explanations generated with the PJ-X framework
on the CLEVR-X dataset, showing correct answer predictions (left, middle) and a failure
case (right). The NLG metrics obtained with the explanations for the correctly predicted
answers are high compared to those for the explanation corresponding to the wrong
answer prediction.

3.4.5 Qualitative Explanation Generation Results

We show examples for explanations generated with the PJ-X framework on CLEVR-X in
Fig. 3.7. As can be seen across the three examples presented, PJ-X generates high-quality
explanations which closely match the ground-truth explanations.

In the left-most example in Fig. 3.7, we can observe slight variations in grammar
when comparing the generated explanation to the ground-truth explanation. However,
the content of the generated explanation corresponds to the ground truth. Furthermore,
some predicted explanations differ from the ground-truth explanation in the use of
another synonym for a predicted attribute. For instance, in the middle example in Fig. 3.7,
the ground-truth explanation describes the size of the cylinder as “small”, whereas the
predicted explanation uses the equivalent attribute “tiny”. In contrast to other datasets,
the set of ground-truth explanations for each sample in CLEVR-X contains these variations.
Therefore, the automated NLG metrics do not decrease when such variations are found
in the predictions. For the first and second example, PJ-X obtains the highest possible
explanation score (100.0) in terms of the BLEU-4, METEOR, and ROUGE-L metrics.

We show a failure case where PJ-X predicted the wrong answer in Fig. 3.7 (right).
The generated answer-explanation pair shows that the predicted explanation is consistent
with the wrong answer prediction and does not match the input question-image pair. The
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NLG metrics for this case are significantly weaker with a BLEU-4 score of 0.0, as there are
no matching 4-grams between the prediction and the ground truth.

3.5 Conclusion

We introduced the novel CLEVR-X dataset which contains natural language explanations
for the VQA task on the CLEVR dataset. Our user study confirms that the explanations
in the CLEVR-X dataset are complete and match the questions and images. Furthermore,
we have provided baseline performances using the PJ-X and FM frameworks on the
CLEVR-X dataset. The structured nature of our proposed dataset allowed the detailed
evaluation of the explanation generation quality according to answer and question types.
We observed that the generated explanations were of higher quality for easier answer and
question categories. One of our findings is, that explanations for counting problems are
worse than for other answer types, suggesting that further research into this direction
is needed. Additionally, we find that the four NLG metrics used to evaluate the quality
of the generated explanations exhibit different convergence patterns depending on the
number of available ground-truth references.

Since this work only considered two natural language generation methods for VQA
as baselines, the natural next step will be the benchmarking and closer investigation
of additional recent frameworks for textual explanations in the context of VQA on the
CLEVR-X dataset. We hope that our proposed CLEVR-X benchmark will facilitate further
research to improve the generation of natural language explanations in the context of
vision-language tasks.
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4

Zero-shot Translation of Attention
Patterns in VQA Models to Natural

Language

Converting a model’s internals to text can yield human-understandable in-
sights about the model. Inspired by the recent success of training-free ap-
proaches for image captioning, we propose ZS-A2T, a zero-shot framework
that translates the transformer attention of a given model into natural lan-
guage without requiring any training. We consider this in the context of
Visual Question Answering (VQA). ZS-A2T builds on a pre-trained large
language model (LLM), which receives a task prompt, question, and predicted
answer, as inputs. The LLM is guided to select tokens which describe the
regions in the input image that the VQA model attended to. Crucially, we
determine this similarity by exploiting the text-image matching capabilities of
the underlying VQA model. Our framework does not require any training and
allows the drop-in replacement of different guiding sources (e.g. attribution
instead of attention maps), or language models. We evaluate this novel task
on textual explanation datasets for VQA, giving state-of-the-art performances
for the zero-shot setting on GQA-REX and VQA-X. Our code is available at
https://github.com/ExplainableML/ZS-A2T.

Keywords: Zero-Shot Translation of Attention Patterns · VQA.

4.1 Introduction

Deep learning systems have become an integral part of our society, both in non-obvious
applications, e.g. customer credit scoring, as well as in prominent applications, e.g.
ChatGPT [260]. Their impact on the lives of millions of people establishes the need to
make these algorithms more transparent and accessible. In the context of Visual Question
Answering (VQA) [7, 119], methods for attribution [301] or attention visualization [2] aim
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CHAPTER 4. ZERO-SHOT TRANSLATION OF ATTENTION PATTERNS IN VQA
MODELS TO NATURAL LANGUAGE

to highlight the input image regions that are most relevant for the final decision. However,
the actual visual concepts that the model “saw” in the salient regions can remain obscure
to the user. In contrast, a natural language description of those visual concepts can be a
more intuitive format for a human user.

There is a wide variety of approaches to determine image regions that were relevant
for a model’s output. Many of those methods do not require training and can be directly
applied to a given model to generate attribution or attention visualizations. As it is
infeasible to train a dedicated model for translating method-specific visual explanations
to natural language, we try to address the question: Can we convert the output of any
attention or attribution method to natural language without any supervisory data?

predicts 
candidates

Is this a 
pizza?

VQA 
model

Q/A 
Prompted 

LLM

Attention
Rollout

VQA 
model

guides 
generation

with ITM

It is a 
cheese 
pizza.

Figure 4.1: Our ZS-A2T framework performs
training-free translation of attention patterns
from VQA models into natural language
by combining a pre-trained large language
model with language guiding with the VQA
model’s attention.

Inspired by the impressive capabilities
of pre-trained LLMs, we propose a zero-
shot attention-to-text (ZS-A2T) framework
which translates the internal attention of
a transformer-based VQA model into nat-
ural language without requiring training
(see Figure 4.1). In particular, ZS-A2T uses
a LLM that is steered by visual inputs cor-
responding to model attribution or atten-
tion visualizations. We judge the visual
relevance of the LLM’s proposals with an
image-text matching framework. In con-
trast to related zero-shot image captioning
methods like [323, 337, 336], ZS-A2T does
not exploit CLIP [275], whose image-text understanding would be different from the
original task model. Instead, we re-use the encoders of the underlying VQA model for
quantifying the agreement between the visual evidence and the candidate word. This
guides the text generation without introducing external input into the translation process.

We hypothesize that the content of the verbalizations of the attention patterns for VQA
should capture the visual evidence that was used for VQA. This visual evidence should
also be described in the corresponding textual explanations. Therefore, we evaluate
the quality of our generated attention pattern translations on the VQA-X and GQA-REX
datasets. Whilst naturally giving weaker results than methods that were trained to
generate explanations in a fully supervised manner along with solving the VQA task,
our proposed ZS-A2T outperforms all related methods in this novel zero-shot attention
pattern translation setting. Additionally, the training-free setup of our method allows our
approach to use different language models without any adaptation or training. Similarly,
our framework works for any attention aggregation or visual attribution method that can
be applied to the underlying VQA model.
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4.2. RELATED WORK

To summarize, our contributions are: 1) We introduce the task of converting the
internal structures of VQA models to natural language. 2) Our proposed zero-shot ZS-
A2T framework is a simple, yet effective method for generating textual outputs with the
guidance of the aggregated internal attention and text-image matching capabilities of the
VQA model. 3) ZS-A2T can be utilized in conjunction with any pre-trained language model
or visual attribution technique, and achieves state-of-the-art results on the GQA-REX and
VQA-X textual explanation benchmarks in the zero-shot setting.

4.2 Related Work

Attention visualizations and visual attribution. Visual attribution methods commonly
use backpropagation to trace a model’s output to its input, e.g. by visualizing the
(slightly modified) gradients on the corresponding input image [311, 317, 388, 315, 394,
26]. In addition to that, CAM [400], Grad-CAM [301], and variants thereof [93, 105,
250, 270] use model activations in the attribution visualizations. Different from visual
attribution methods, perturbation-based methods slightly alter the input and record the
resulting changes in the output [103, 102]. Unfortunately, it is hard to quantify the quality
of attribution visualizations [180]. For modern transformer-based models, a number of
studies [156, 362, 2, 58] have investigated the extraction andvisualization ofattention scores.
In particular, attention rollout [2] determines the relevance of input tokens by following
the flow of information that is captured in the attention scores and residual connections
of the transformer network. However, it is not clear if the resulting visualizations are an
intuitive way of explaining deep learning models to human users. Our proposed ZS-A2T
framework offers a way of translating such outputs into natural language.

Visual conditioning for text generation with LLMs. Several works have used LLMs for
zero-shot image captioning [337, 323, 336, 390, 353]. ZeroCap [337] uses CLIP [275] for
updating the language model’s hidden activations to match the image input. Similarly,
MAGIC [323] combines the prediction of the language model, CLIPs rating and a degen-
eration penalty [322]. EPT [336] only optimizes the hidden activations of a few selected
pseudo-tokens for zero-shot video captioning. In contrast to these approaches, Socratic
Models [390] generates captions by conditioning the language model on CLIP-detected
class names. Another creative approach [353] finetunes a language model to process CLIP
text embeddings which at test time can be replaced by CLIP image embeddings. Simi-
larly, [205] finetunes with caption data and addresses the modality gap in a training-free
manner. Different from the two aforementioned methods [353, 205], ZS-A2T does not
require any training (beyond the pre-trained models used) or external models for guiding
the language generation, such as CLIP. In particular, the text generation in ZS-A2T is
controlled using the VQA model’s internal attention along with exploiting the image-text
matching capabilities of the same model.
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Figure 4.2: Our ZS-A2T framework translates the attention rollout [2] of a VQA model
into natural language. A pre-trained large language model is prompted with the task
description, the question 𝑄, and the predicted answer 𝑎. The candidates for the next
token 𝑥𝑡 along with their continuations (italic) are then re-ranked by re-using the image-
text matching capabilities of the VQA model. We match the full sentences consisting
of already generated tokens, the candidates and their respective continuations with the
attention-masked image 𝐼. This information is used to steer the output of a pre-trained
language model without requiring any training.

Textual explanations for VQA. Several VQA datasets with textual explanations have
driven research on explaining outputs of models trained for VQA. In particular, the VQA-
X [150] dataset extends a subset of VQA v2 [119] with textual explanations obtained from
humans. In contrast, the VQA-E dataset [202] automatically sources explanations from
image captions. Recently, the CLEVR-X [286] andGQA-REX [60] extended the CLEVR [163]
and GQA [149] datasets with textual explanations by exploiting the corresponding scene
graphs. In this work, we evaluate the verbalization of a model’s internal attention on
textual explanation datasets in the context of VQA, since textual explanations and visual
attribution visualizations should both indicate the key features that influenced a VQA
model’s output.

4.3 The ZS-A2T Framework

In this section, we explain our proposed framework which is visualized in Figure 4.2. We
propose the ZS-A2T (Zero-Shot Attention to Translation) framework which converts the
internal attention in a VQA model into natural language by translating the visualization
of the aggregated attention in the transformer model into natural language without
any supervision. In particular, we prompt a pre-trained large language model for the
translation task, and additionally provide the input question and the answer prediction
from the VQA model. The text generation is guided by the attention rollout result with the
help of the VQA model itself. Token by token, this approach converts visual explanations,
i.e. visual attention patterns, into natural language.

Pre-trained language model. Our ZS-A2T framework exploits a pre-trained large lan-
guage model as its text generator. We condition the language model on two different

42



4.3. THE ZS-A2T FRAMEWORK

inputs: (i) a task description, (ii) sample specific inputs (i.e. the question 𝑄, and the
predicted answer 𝑎), and the already generated tokens. We then generate the translation
in an autoregressive setup by feeding each predicted token back to the language model.
It models the probability

𝑝𝜃(𝑥𝑡 | 𝑥0 , . . . , 𝑥𝑙−1︸        ︷︷        ︸
task

, 𝑥𝑙 , . . . , 𝑥𝑙+𝑠−1︸          ︷︷          ︸
sample (𝑄, 𝑎)

, 𝑥𝑙+𝑠 , . . . , 𝑥𝑡−1︸          ︷︷          ︸
autoregressive

) (4.1)

for a token 𝑥𝑡 at step 𝑡, where 𝑙 is the number of task tokens and 𝑠 is the number of sample
tokens. 𝜃 are the parameters of the pre-trained language model.

The probability of the next token 𝑥𝑡 defined in Equation (4.1) is independent of the input
image. As the pre-trained language model is conditioned on the question and answer, we
expect it to predict tokens that fit the question and answer. However, candidate tokens that
are likely from a grammatical or statistical point of view, e.g. those that occur frequently
in the training text corpus, will be ranked highly. Thus, we argue that the language
model predicts the correct tokens for the given question, image, and answer triplet, but
not necessarily ranked correctly. To accurately describe the visual concepts, we rely on the
attention-controlled guiding of the VQA model.

Attention-controlled guiding. To generate natural language that actually corresponds
to the prediction of the VQA model, we condition the text generation on a masked
version of the input image. We obtain an attention-masked image by removing the image
information that was not relevant for generating the VQA model’s answer prediction 𝑎.
The removal of information from the image is determined by the internal attention of the
VQA model. For this, we use attention rollout which will be described in the following.

Attention rollout. The attention of the given VQA model is aggregatedbasedon attention
rollout [2]. Here, we describe the rollout process for an encoder-decoder VQA model
which interlinks the modalities with cross-attention. However, different techniques for
obtaining an attention-masked image could be used.

To determine the answer relevant image parts, we record the self-attention scores
𝐴
𝑞𝑞

𝑙
(for the question tokens) and 𝐴𝑖𝑖

𝑙
(for the image tokens). We also trace the cross-

attention scores 𝐴𝑞𝑖
𝑙

, which model the attention to the image tokens by the question
tokens in layer 𝑙. The attention scores are saved for each layer 𝑙 in the VQA model
during inference. As attention heads differ in importance [348] we only use the maximum
activation 𝐴̄𝑙 = max(𝐴𝑙) across all heads. Following [2, 58], we model how the attention
flows throughout the network. We successively multiply the attention scores of a layer
with the rolled out values 𝑅𝑙 of the previous layer to obtain a final attention rollout map.
Additionally, we add the map of the previous layer 𝑅̃𝑙−𝑖 to model the residual connection.
For self-attention, 𝑅0 is initialized as a diagonal matrix since each token only contains its
own information. For cross-attention, 𝑅𝑞𝑖0 is initialized to zero, as the tokens have not been
contextualized yet.
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To roll out the self-attention for the question and visual tokens, we compute the
following values for all layers which leverage self-attention before applying normalization,

𝑅
𝑞𝑞

𝑙
= 𝑅

𝑞𝑞

𝑙−𝑖 + 𝐴̄𝑞𝑞
𝑙

· 𝑅𝑞𝑞
𝑙−𝑖 , 𝑅𝑖𝑖

𝑙
= 𝑅𝑖𝑖

𝑙−𝑖 + 𝐴̄𝑖𝑖
𝑙
· 𝑅𝑖𝑖

𝑙−𝑖 . (4.2)

Additionally, we unroll the cross-attention to capture how the VQA model incorporates
the visual information into the question representation:

𝑅
𝑞𝑖

𝑙
= 𝑅

𝑞𝑖

𝑙−𝑖 + 𝑅𝑖𝑖
𝑙−𝑖

⊺ · 𝐴̂𝑙 · 𝑅𝑞𝑞𝑙−𝑖 . (4.3)

After modelling the residual connection, this captures how the attention rollout of both
the question and image tokens is incorporated into the cross-attention. For layers that mix
self- and cross-attention we also account for the cross-modal information mixed in at the
previous layer:

𝑅
𝑞𝑖

𝑙
= 𝑅

𝑞𝑖

𝑙−𝑖 + 𝐴̂𝑞𝑞
𝑙

· 𝑅𝑞𝑖
𝑙−𝑖 . (4.4)

In the final layer, 𝑅𝑞𝑖
𝐿

models the importance of each input question token and each visual
token for the VQA model’s prediction. We average 𝑅𝑞𝑖

𝐿
over all question tokens to obtain

the final aggregated attention map 𝑅̄𝑞𝑖
𝐿

. The threshold 𝜏 is applied to get a binary mask
which is rescaled to the input image size to obtain 𝑀,

𝑀 =


1, if 𝜏 < 𝑅̄
𝑞𝑖

𝐿
,

0, otherwise.
(4.5)

The attention-masked image 𝐼 is computed by eliminating irrelevant image parts 𝐼 = 𝑀 ∗ 𝐼,
where ∗ is the element-wise multiplication.

Visually guided text generation. In the following, we describe the attention-controlled
visual guiding of the language decoding process in detail. The language generation at
step 𝑡 starts with the pre-trained language model predicting the probability distribution
over all tokens in the vocabulary. We only consider the top-𝑘 predictions 𝑐1 , . . . , 𝑐𝑘 for the
token 𝑥𝑡 and refer to those as candidates. This subset can be selected for two reasons: a) as
argued above it is plausible that a sufficiently large language model conditioned on the
question and answer ranks plausible words highly, and b) the weighted sum described
in Equation (4.7) does not change for sufficiently large 𝑘 as 𝑝𝜃 is a result of a softmax
operation, yielding small values for non-top activations.

In contrast to previous works [337, 336, 323] which score incomplete sentences with
an external image-text matching model (e.g. CLIP), we score a completed sentence with
the same task model whose attention patterns we aim to convert to text. Our approach
relies on the fact that image-text matching losses used by VQA models are commonly
supervised with complete sentences instead of sentence fractions.

We let the language model complete the sentence for each candidate 𝑐𝑖 separately
based only on the predictions of the language model conditioned on the already generated

44



4.4. EXPERIMENTS

tokens 𝑥≤𝑡 and the candidate 𝑐𝑖 . Each continuation is terminated at the first “.”, such that
the previously generated tokens, the candidate, and the continuation form a complete
sentence 𝑐𝑖 . We do not include the question or answer as parts of the candidates. We
use top-𝑝 sampling to filter the predictions of the language model to get a plausible
continuation. Next, the completed sentences 𝑐𝑖 are ranked by performing image-text
matching.

The attention controlled guiding is executed by feeding the text input 𝑐𝑖 and the
masked image 𝐼 as inputs to the VQA model’s uni-modal encoders. In particular, we
proceed with the contextualized embedding of the [CLS] token 𝑣𝑒(𝐼) of the vision encoder
and the corresponding [CLS] token 𝑡𝑒(𝑐𝑖) of the text encoder. Both tokens are projected
into a joint space using the linear maps 𝑔𝑣 and 𝑔𝑡 provided by the VQA model. This allows
to measure the quality of the matching of the image-text pairs.

The matching quality 𝑓 (𝐼 , 𝑐𝑖) of a candidate sentence 𝑐𝑖 with respect to the attention
rollout-masked image 𝐼 is determined by first computing the cosine similarity CosSim(·, ·)
of all possible image-sentence matches,

𝑓 (𝐼 , 𝑐𝑖) = 𝑒𝜅·CosSim(𝑔𝑣 (𝑣𝑒(𝐼)),𝑔𝑡 (𝑡𝑒(𝑐𝑖 )))∑
𝑗∈1,...,𝑘 𝑒

𝜅·CosSim(𝑔𝑣 (𝑣𝑒(𝐼)),𝑔𝑡 (𝑡𝑒(𝑐 𝑗 ))) . (4.6)

Then, we apply a temperature 𝜅 in the softmax operation which affects the sharpness
of the distribution. Very small values of 𝜅 would approximate a uniform distribution,
largely disabling the influence of the visual guiding component. On the other hand, too
large values may overemphasize highly salient visual concepts, at the cost of grammatical
issues (due to overruling the language model). Thus, 𝜅 is manually chosen, such that the
distribution of the predictions 𝑓 roughly matches the language model 𝑝𝜃.

To determine the next token, we compute a weighted sum of the prediction of the
language model 𝑝𝜃 and the matching quality 𝑓 obtained with the VQA model. Thus, at
time step 𝑡, the next token 𝑥𝑡 is computed according to:

𝑥𝑡 = arg max
𝑖∈1,...,𝑘

{
𝑝𝜃 (𝑐𝑖 | 𝑥0 , . . . , 𝑥<𝑡) + 𝛽 · 𝑓

(
𝐼 , 𝑐𝑖

) }
, (4.7)

where 𝛽 is a scalar weighting factor. After selecting the next token 𝑥𝑡 , we append it to the
original language model prompt and repeat the above process for generating tokens at
step 𝑡 + 1 until reaching a stopping criterion (either an [EOS] token, or a period).

4.4 Experiments

In this section, we describe our experimental setup, including the pre-trained models used
in ZS-A2T, the datasets used, and the evaluation metrics. Experimental results generated
by ZS-A2T for the zero-shot textual explanation task in the context of VQA are compared
to four related training-free methods on the VQA-X and GQA-REX datasets. Although we
do not claim that our generated texts are explanations, we do believe that these datasets are
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GQA-REX [149, 60] VQA-X [150]

Setting Framework↓ B4 M RL C S B4 M RL C S

Zero-shot

ZeroCap GPT-2 [337]∗ 1.4 4.6 12.3 16.9 5.3 0.7 4.7 14.0 5.8 2.0
EPT GPT-2 [336]∗ 0.0 3.3 3.2 2.6 2.8 0.9 6.5 14.9 6.7 2.9
MAGIC GPT-2 [323]∗ 2.3 10.8 18.8 41.1 18.8 1.0 8.8 19.3 10.6 7.1
MAGIC OPT 6.7B [323]∗ 3.3 11.6 22.2 48.8 21.4 1.9 9.5 20.5 14.7 8.9
Socratic Models OPT 6.7B [390]∗ 3.3 14.1 22.8 40.5 19.3 3.6 12.8 25.7 19.9 10.1

ZS-A2T OPT 6.7B (ours) 10.2 18.2 35.0 113.5 31.4 8.5 13.8 34.2 38.1 10.5

Supervised
NLX-GPT [292] GPT-2 - - - - - 23.8 20.3 47.2 89.2 18.3
VisualBert-REX [60] LSTM 54.6 39.2 78.6 464.2 46.8 - - - - -

Table 4.1: Zero-shot model attention to natural language translation results in the context
of VQA evaluated on GQA-REX and VQA-X. We report Bleu-4 (B4), Meteor (M), Rouge-
L (RL), Cider (C), and Spice (S). Higher is better for all reported metrics. State-of-the-art
performances with textual explanation generation methods in the context of VQA are
included for reference (supervised). ∗We adapted the related frameworks to the attention
to natural language translation task, and also provided those methods with privileged
access to the VQA ground-truth answers.

well suited for evaluation. Finally, we investigate individual components in our framework
in detail, such as the attention-controlled guiding, and the language model prompting
before providing qualitative results for ZS-A2T.

Experimental setup. We used the OPT [396] pre-trained language models for language
generation. The transformer-based ALBEF [200] finetuned for VQA, served as our underly-
ing VQA model. The weights for the projection layers are loaded from the non-finetuned,
pre-trained ALBEF model, which was trained on an image-text matching objective. Both
ALBEF variants were not trained to generate texts from the datasets that we test on (VQA-X
and GQA-REX). The threshold for the attention rollout scores was set to 𝜏 = 200/256. For
guiding, we determine the matching quality for the top-𝑘 candidate tokens as 𝑘 = 45
and our continuations are sampled with 𝑝 = 0.15. The guiding temperature is set to
𝜅 = 100. We set the scalar weighting factor between the language model and the attention-
controlled guiding to 𝛽 = 0.7. To maintain a clean zero-shot protocol, we selected the
hyperparameters on the validation split of VQA-X, which is disjoint from the subsets used
for the final evaluation. We applied the same settings for GQA-REX without any further
tuning.

Datasets. To evaluate all methods, we used the VQA-X [150] and GQA-REX [149, 60]
datasets for textual explanations in the context of VQA. VQA-X1 extends a subset of non-
trivial VQAv2 [119] questions with human-generated natural language explanations for

1Licensed under the BSD-2 license.
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the ground-truth answer. GQA-REX2 contains explanations for a subset of the real-world
visual reasoning question answering task posed in the GQA dataset. GQA-REX contains
one explanation per question-image pair. As two of the related approaches have slow
inference speeds (≈ 25s and ≈ 70s per sample [337, 336] on an NVIDIA v100 GPU), we
evaluate all methods on a subset of the test set containing 2000 samples. This is comparable
in size to VQA-X’s test set. Our approach only needs 7.2s per sample, and we compare
inference speeds of all methods in Section A.3 of the supplementary material.

Evaluation metrics. Unless stated otherwise, all models are evaluated in the zero-shot
setting, i.e. without any training, on the test sets of the respective datasets using commonly
reported natural language generation metrics similar to [150]. In particular, we report
Bleu-4 (B4) [261], Meteor (M) [30], Rouge-L (RL) [210], Cider (C) [345], and Spice (S) [13]
scores. These metrics aim to capture the semantic overlap between sentences by measuring
(modified) precision [261] andrecall [261, 30, 210] of𝑛-grams. Additionally, generalizations
of 𝑛-grams like stemming [30, 345], measures of sentence fragmentation [30] or tf-idf
weighting [345] are applied to better match human judgement of sentence similarity.

4.4.1 Comparing to Related Frameworks

To evaluate the quality of the generated translations, we show experimental results on
VQA-X and GQA-REX. As there are, to the best of our knowledge, no related works
that translate VQA attention patterns into natural language, we adapted a number of
zero-shot image captioning methods. For fair comparison, we modified all related works
by prompting them with the question and ground-truth answer, as they do not have
a dedicated VQA module. This favors the related works, as our framework may base
its translation on a wrongly predicted answer. Additionally, we show other common
evaluation schemes in Section A.2 of the supplementary material.

First, we compare to the zero-shot image captioning works [337, 323, 336, 390]. For a fair
comparison, we adapted the two stronger models (MAGIC and Socratic Models) to operate
with the same language model as the one used in our framework (OPT 6.7B). ZS-A2T
outperforms all four related approaches for zero-shot translation of attention patterns into
natural language by wide margins (see Table 4.1). Interestingly, the optimization-based
approaches ZeroCap and EPT show relatively weak performances (on VQA-X more so
than on GQA-REX). This suggests that longer, more complicated prompts (in contrast to
the ones used for image captioning) make it hard to optimize helpful starting parameters
for the next token prediction (ZeroCap) or next sentence prediction (EPT).

MAGIC gives stronger results, but it is still largely outperformed by our ZS-A2T
framework. Similarly, Socratic Models (SMs), the strongest of the adapted related works,
is outperformed in all metrics. The generated sentences by ZS-A2T exhibit greater word-
by-word overlap with the ground-truth references than those of the related approaches. In

2Licensed under the MIT license.
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particular, this is indicated by the 𝑛-gram-based metric Bleu-4 for which ZS-A2T obtains
a score of 8.5 compared to 3.6 for SMs on VQA-X. Similarly, ZS-A2T is stronger than SMs
in terms of Meteor with 18.2 compared to 14.1 on GQA-REX and 13.8 compared to 12.8
on VQA-X. The same pattern holds true for all other metrics.

For context, we also list results with the recently published supervised models NLX-
GPT[292] for VQA-X and VisualBert-REX [60] for GQA-REX. They both employ joint
multi-modal transformer models to predict the sentences of the respective datasets. Whilst
not strictly comparable, since we translate only the question relevant image regions, it is
still interesting to note that our 5-shot variant (c.f. Table 4.5) significantly shrinks the gap
to the supervised models which used 31k VQA-X and 128k GQA-REX training samples
respectively, whereas our model does not require any training or just a few in-context
examples.

4.4.2 Ablation Studies on Guiding Inputs

In this section, we study the impact of using different input images in our attention-
controlled guiding (see Section 4.3) as well as the effect of guiding with completed
sentences (in contrast to incomplete sentences). In addition to this, we provide results
for using different visual explanation methods in ZS-A2T, i.e. for visual attribution
and perturbation methods. We show additional ablations for the attention thresholding
parameter 𝜃 and the guiding temperature 𝜅 in Section A.4 of the supplementary material.

Guiding Input B4 M RL C S

Full Image 8.1 13.7 34.1 37.6 10.8

No Continuation 6.2 12.5 31.1 28.2 9.4

ZS-A2T (Rel. Masking + Cont.) 8.5 13.8 34.2 38.1 10.5

Table 4.2: Ablating the guiding input and
text continuation on VQA-X [150]. Our ZS-
A2T model uses an attention-masked image,
obtained from attention rollout [2], and text
continuation.

Influence of attention masking. Ta-
ble 4.2 shows the effect of using an
attention-masked image in the visual guid-
ing. Restricting the guiding of the language
generation to the attention-masked image
improves the language generation in terms
of the Bleu-4, Meteor, Rouge-L, and Cider
metrics. Interestingly, the Spice metric is
slightly higher (10.8 vs. 10.5) when using
the full image for guiding.

Influence of using text continuations. In Table 4.2, we also investigate the effect of
using the language model to generate text continuations, so that the guiding component
can judge completed sentences. Using the continuations increases all metrics, e.g. Cider
from 28.2 to 38.1. We hypothesize that this happens for two reasons. First, it reduces
the distribution shift between the contrastive image-text matching training of the VQA
model. Second, it allows the guiding to judge whether a greedy selection of the visually
grounded token at step 𝑡 may lead to a completed sentence that is not visually supported.
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Attribution Method B4 M RL C S

Att. GradCAM [301, 200] 7.5 13.3 32.8 33.0 9.2
EigenGradCAM [250] 7.5 13.1 32.8 32.3 9.2
XGradCAM [105] 6.7 12.4 32.1 30.1 9.1
GradCAMElementwise [270] 7.2 12.8 32.5 30.7 9.0
HiResCAM [93] 7.0 12.7 32.5 31.0 9.0

RISE [268] 7.5 13.3 33.1 33.5 9.9

ZS-A2T (attention rollout [2]) 8.5 13.8 34.2 38.1 10.5

LM (#Params) B4 M RL C S

GPT-2 (125M) 3.6 11.0 26.6 19.8 7.7

OPT (125M) 3.4 10.7 26.5 18.5 7.1
OPT (350M) 3.9 11.6 27.9 20.2 7.9
OPT (1.3B) 7.1 13.0 32.8 28.9 9.2
OPT (2.7B) 7.1 13.3 32.5 31.0 10.1
OPT (6.7B) 8.5 13.8 34.2 38.1 10.5

Table 4.3: Ablating different attribution and perturbation methods (left) and type and size
of the pre-trained language models (right) in our ZS-A2T framework on VQA-X [150].

Different visual explanation methods. In addition to using attention rollout to de-
termine relevant image parts (described in Section 4.3), we use five other attribution
methods and the perturbation-based visual explanation method RISE [268]. Table 4.3
(left) showcases that our approach can handle conceptually different visual explanation
methods.

The backpropagation-based techniques from the GradCAM family build on the atten-
tion probabilities and their respective gradients [301, 200] from the same layer of the VQA
model (𝐿 = 11). Thus, the generated sentences using the different methods EigenGrad-
CAM [250], XGradCAM [105], GradCAMElementwise [270] and HiResCAM [93] are of
very similar quality in terms of the NLG metrics. Overall, their scores are lower than the
scores we obtain when using attention rollout [2]

We additionally show results with the input perturbation-based method RISE [268]. It
filters the images applied to the given VQA model and evaluates the VQA model multiple
times whilst randomly masking parts of the image. The final importance map is obtained
by summing the random masks weighted by the predicted class probability. This indicates
the parts in the input that are salient for the VQA models’ prediction. We find that the
texts generated for RISE are slightly worse than those obtained with attention rollout
based attribution method (e.g. Bleu-4 7.5 vs. 8.5 (ours)).

Overall, the visual explanation methods’ different abilities to identify the correct
relevant image regions is reflected in the quality of the translations to natural language.
Attention rollout [58] generally outperforms GradCAM [301] in identifying relevant image
regions and the same pattern is found in the quality of the translations. Thus, we conclude
that our framework is not tied to a specific visual explanation method, and allows the
drop-in replacement of different visual explanation methods for guiding the language
generation.

4.4.3 Language Models

Our framework can be used with different language models without any changes in the
setup (c.f. Table 4.3 (right)). Here, we analyze the performance of ZS-A2T for different
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language models. We demonstrate that our framework even outperforms other related
approaches when using a pre-trained GPT-2 language model. For example, it achieves a
Rouge-L value of 26.6 on VQA-X, whereas the previous best model with a GPT-2 backbone
(MAGIC) only achieves 19.3 with the same language model. Furthermore, we clearly
outperform MAGIC on the 𝑛-gram metric Bleu-4 (3.6 vs. 1.0), as well as on Meteor,
Rouge-L, Cider, and SPICE (see Table 4.1). This can be attributed to our temperature 𝜅,
which allows for better balancing of the two terms in Equation (4.7).

Next, we analyze the impact of the size of the pre-trained language models. Our ZS-A2T
framework does benefit from larger, more powerful language models. The performance
increase with larger size is consistent across all metrics, e.g. Spice goes from 7.1 to 9.2
when using the OPT model with 125M vs. 1.3B parameters. Using the 6.7B model boosts
the Spice performance to 10.5. This suggests that high-quality candidate proposals are
beneficial for the generated sentences. Additionally, it also showcases a benefit of our
training-free approach: Large or newer language models can be swapped in without
additional cost.

4.4.4 Prompt Ablations

Here, we analyze the effect of different input prompts for the pre-trained language model
on the generated text outputs (c.f. Table 4.4).

Prompt B4 M RL C S

〈q〉? the answer is 〈a〉 because 3.7 10.3 25.7 21.6 8.4

Q: 〈q〉? A: 〈a〉. E: 3.5 11.0 23.2 22.6 9.6

Q: 〈q〉\n? A: 〈x〉\n. E: 4.2 11.2 23.7 23.0 9.6

Explain the A: 〈q〉? The A is 〈a〉 because 6.9 13.0 32.3 31.7 9.9

A and Explain: 〈q〉?\n The A is 〈a〉 because 7.6 13.5 32.9 35.8 10.6

A and Explain: 〈q〉? The A is 〈a〉 because 8.5 13.8 34.2 38.1 10.5

Table 4.4: Ablating different input prompts on
VQA-X [150]. 〈q〉 and 〈a〉 are placeholders for
the question andanswer. Q denotes “Question”,
A “Answer”, and E “Explanation”. \n denotes
a new line. We show the full prompt templates
in Section A.1 of the supplementary material.

Unsurprisingly, providing no task de-
scription (row 1) in the input prompt
gives the worst outputs. Removing the
task description (“Answer and explain:”)
yields significantly worse results with
Bleu-4 decreasing from 8.5 to 3.7, sug-
gesting that the task description is crucial
for performance.

Inputting the task in a more struc-
tured way (“Question: 〈q〉? Answer: 〈a〉.
Explanation:”) increases the language
quality only slightly compared to using
no task description. However, the same
structured prompt extended by newline characters \n shows increased or similar metric
values for all metrics. A further improvement is achieved by using a meaningful task de-
scription (“Explain the answer:”) in the input prompt. We used the best prompt (“Answer
and explain:”) in ZS-A2T.
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What kind of place is this? 
The answer is train station 
because it's the only place 
the train goes.

What kind of vehicle is in 
the front of the photo? The 
answer is truck because it's 
a pickup.

What is he doing? The 
answer is sitting because he 
is tired.

Does the bus like the kids? 
The answer is yes because 
the bus is a school bus.

Can this animal be ridden? 
The answer is yes because 
it is already a horse.

What is this man doing? 
The answer is playing 
tennis because he is a 
tennis player.

Figure 4.3: Qualitative results for ZS-A2T on VQA-X, showing the input image, question,
attention rollout [2] output, and generated text. Red indicates higher relevance. The
generated text indeed mentions the visual concepts detected by the VQA model. The face
regions have been deliberately occluded in this figure.

Impact of in-context generation (𝑛-shot prompting). We analyze the effect of prefixing
the context with complete examples of questions, answers, and their respective explana-
tions. This enables the language model to better understand the task, as it can see some
examples before generating text [42].

Model 𝑛 B4 M RL C S

ZS-A2T 0 8.5 13.8 34.2 38.1 10.5

ZS-A2T 1 9.8 14.5 34.8 42.7 11.7

ZS-A2T 5 11.9 15.3 37.5 49.6 12.4

Table 4.5: In-context learning with
𝑛 examples on the VQA-X dataset.

We experiment with up to 𝑛 = 1 and 𝑛 = 5 ran-
domly sampled examples from the training set of the
respective dataset which are prepended to the con-
text (see Table 4.5). The full prompts for this setup
are included in Section A.5 of the supplementary
material.

Using a single example improves the language
quality already. For 𝑛 = 1, the natural language
generation scores are on average 7.2% higher than for 𝑛 = 0. By just prefixing five in-
context learning examples, the generation quality increases on average by 19.3% over
providing no examples. Qualitatively, we find that the language model does not merely
copy or modify the texts of the examples when the question and/or answer match, but
instead allows to adjust the candidate predictions for the generated sentences accordingly.
Additionally, the generated texts better match the language biases in the datasets (e.g. on
VQA-X many samples start with “the” or “there”).

4.4.5 Qualitative Results

We provide qualitative examples for natural language translations generated with ZS-A2T
for VQA-X in Figure 4.3. The attention rollout map is superimposed onto the original
image. For each of the examples we show the question, predicted answer and generated
sentence that translates the attention patterns into natural language. We can observe
that attention rollout, used for the attention-controlled guiding, selects relevant image
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regions that plausibly correspond to the input question. In the bottom left example the
main attention is directed towards the horse. The generated sentences are fluent (due to
the pre-trained language model) and they refer to visual elements (due to the image-text
matching). Moreover, the framework can argue with common sense, i.e. it states that a train
station is the only place the train goes. It combines this prior knowledge from the pre-trained
language model with visual concepts detected by the VQA model, such as identifying
that the masked image shows a school bus. The capability to mention visual elements
stems from the attention controlled guiding of the language generation. Additionally, the
translations accurately describe the part of the image that the VQA model used to answer
the question (e.g. the pickup truck in the top left example).

An observed failure pattern can be seen in the bottom-right example in Figure 4.3. It
seems very plausible that the person would be tired. However, this sentence does not refer
to any visual information but instead uses common sense to explain the answer to the input
question. In conclusion, the qualitative results in Figure 4.3 show that ZS-A2T indeed
generates text which mentions visual information contained in the attention patterns that
are extracted from the VQA model. Additionally, the generated sentences are overall
grammatically correct and fluent.

4.5 Limitations

Our proposed framework translates the internal attention of a VQA model into natural
language. As no datasets exist specifically for this task, we chose to automatically evaluate
our text translations of attention maps on textual explanation datasets. Due to the inherent
task differences, we do not expect our attention translations to perfectly match the ground-
truth explanations (e.g. in terms of writing style), explaining part of the performance
gap compared to supervised upper bounds in Table 4.1. Further research into zero-shot
translation methods and the creation of attention translation datasets will be important to
better understand attention-based models using natural language.

Our translation approach relies on (pre-)trained language models. As a result, the
faithfulness of the generated text with respect to the task model is hard to quantify. To
address this, we use an attention-controlled visual guiding component to align the text
generation with the VQA model.

Furthermore, we have only considered the ALBEF VQA model. However, ourapproach
could easily be extended to other models such as LXMERT [332] or ViLT [181].

Our attention-controlled guiding outperforms guiding with the full image by only
a slight margin (c.f. Table 4.2). This could be due to wrong internal reasoning of the
task model and attention rollout not identifying the areas causing this. This should
be addressed in future work, e.g. by using attention-perturbation to understand the
importance of image patches.
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Lastly, we hypothesize that the relatively small changes in the ablation studies might
be due to the LLM already predicting a common sense translation for the question and
answer.

4.6 Conclusion

In this work, we introduce ZS-A2T, a zero-shot framework for translating the aggregated
attention in a VQA model to natural language. In particular, the language generation is
guided using the VQA model itself, by means of its internal attention combined with its
image-text matching capabilities for selecting word candidates in the language generation.
Our proposed method does not require any training and can be flexibly used together with
any language model to translate the visual attribution output for an attribution method
of choice. Our framework outperforms zero-shot image captioning baselines on textual
explanation datasets in the context of VQA.
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5

Zero-shot Audio Captioning with
Audio-Language Model Guidance and

Audio Context Keywords

Zero-shot audio captioning aims at automatically generating descriptive tex-
tual captions for audio content without prior training for this task. Different
from speech recognition which translates audio content that contains spoken
language into text, audio captioning is commonly concerned with ambient
sounds, or sounds produced by a human performing an action. Inspired by
zero-shot image captioning methods, we propose ZerAuCap, a novel frame-
work for summarising such general audio signals in a text caption without
requiring task-specific training. In particular, our framework exploits a pre-
trained large language model (LLM) for generating the text which is guided
by a pre-trained audio-language model to produce captions that describe the
audio content. Additionally, we use audio context keywords that prompt
the language model to generate text that is broadly relevant to sounds. Our
proposed framework achieves state-of-the-art results in zero-shot audio cap-
tioning on the AudioCaps and Clotho datasets. Our code is available at
https://github.com/ExplainableML/ZerAuCap.

5.1 Introduction

The growing demand for seamless human-computer interaction has increased the interest
in translating audio and visual information into text. As a result, improving frameworks
that automatically caption audio and visual information has gained attention. This has
resulted in systems for various applications that try to improve accessibility for visually
impaired or hearing impaired people [257, 130, 129].

The challenge for audio captioning lies in translating general audio signals into co-
herent and informative textual descriptions. This is different from speech recognition
which transforms speech into written text. Common audio captioning methods rely on
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supervised learning, requiring extensive training data that spans across various audio
categories. This dependency on annotated data limits the adaptability of trained models
to new audio contexts which is crucial as the amount and diversity of newly created audio
content continue to grow.

Concurrently to our work, [303] introduced the zero-shot audio captioning task which
tackles the aformentioned challenges and limitations. Their proposed approach seeks to
generate textual descriptions for audio content by using guidance through a text-audio
matching score that determines if the generated caption describes audible content. Their
framework uses this information to iteratively optimize the key-value pairs of the LLM
that generates the textual caption. Different to this, our proposed ZerAuCap framework
employs a much simpler approach: We first determine a set of keywords that captures
the audible events of the given sound clip by using a pre-trained audio-text matching
network. We use these keywords for guiding text generation by incorporating them in
the input prompt for an LLM that is tasked to write a caption. Inspired by [289, 323]
that proposed a visually-guided zero-shot text generation framework using vision-text
matching information, our framework uses guidance from audio-text matching scores
combined with the language model’s word probability to select the next word out of a list
of candidate words proposed by the LLM. Our approach produces better results and is
computationally cheaper than [303].

Our ZerAuCap framework achieves state-of-the-art results on the audio captioning
benchmark AudioCaps [175], significantly outperforming [303]. In addition, we set a new
benchmark for zero-shot audio captioning on the Clotho dataset [95], outperforming our
baselines.

To summarise, we make the following contributions: (1) We propose a novel framework
for zero-shot audio captioning that uses a two-fold guidance approach to steer the language
generation of a LLM. (2) Our framework achieves state-of-the-art results for zero-shot
audio captioning on the AudioCaps [175] and Clotho [95] datasets. (3) We show that both
guiding approaches contribute to the final performance of our approach.

5.2 Related Work

Audio captioning. The audio captioning task consists of generating a textual description
for a given sound [94]. This is closely related to audio-text retrieval which aims at learning
to map audio and textual representations to a joint embedding space, allowing retrieval
of a matching caption for a given audio snippet and vice versa [256, 368, 314, 187, 226,
369]. Audio captioning and audio-text retrieval have been popularised by the introduction
of audio-text datasets, such as Clotho [95], AudioCaps [175], Audio Caption [367], and
WavCaps [243]. In particular, the recurring DCASE audio captioning challenge [371]
uses the Clotho dataset for benchmarking. Many frameworks have tackled automatic
audio captioning using supervision from audio-text pairs in the AudioCaps and Clotho
datasets [188, 377, 99, 242, 222, 176, 117, 61, 219]. Different from those works, we consider
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the zero-shot audio captioning setting that goes beyond zero-shot audio classification [126]
and that does not make use of task-specific training on audio captioning data. Instead, we
leverage pre-trained audio-language models [243] to guide the caption generation process.

Zero-shot captioning. Recently, several zero-shot image captioning methods were pro-
posed [323, 337, 336, 390, 353] which use CLIP [275] to guide text generation with an
LLM. A first line of work optimizes hidden activations in the language model to adapt the
predicted tokens towards the captioning target [337, 336]. In contrast, our approach avoids
this costly step and directly chooses the next token based on a fitness function. A second
line of work chooses the next token by introducing guidance in the decoding process [390,
323]. [390] conditions the LLM on CLIP-detected class names, whilst [323] selects the next
token based on its CLIP similarity to the image. In contrast, [289] masks the image with the
attention patterns of a VQA model and uses the same model for guiding the translation
of its attention patterns into natural language. A third line of work finetunes language
models in an unsupervised way to understand CLIP text embeddings which at test time
are replaced by CLIP image embeddings [353]. [205] also finetunes with captioning data
and proposes a simple approach to close the modality gap in a training-free manner.
Unlike the previous two approaches, our model does not rely on finetuning. Concurrent
to our work, and most closely related, [303] introduced the zero-shot audio captioning
task. Different from their work we do not optimize the hidden states of the LLM, but
choose the next token according to language model plausibility and audio-relevancy.

5.3 Method

In this section, we explain how our ZerAuCap framework (Zero-shot Audio Captioning)
automatically generates audio captions for audio clips without task-specific training, i.e.
in a zero-shot manner. We use a pre-trained contrastive audio-language model for two
distinct purposes: zero-shot keyword selection and audio-relevancy guiding. First, we select a
set of top-𝑙 keywords that have high similarity to the input audio clip. These keywords are
composed of very short natural language descriptions of various different audible effects,
e.g. sounds produced by humans or other living beings, or environmental sounds. We
then provide the top keywords to the LLM to condition its subsequent generation of an
audio caption on the audible concepts contained within the audio clip. This setup exploits
the world knowledge and the capability of the LLM to generate plausible sentences. We
also use the audio-language model to guide the token-by-token generation from the LLM.
To do this, we evaluate the match of the already generated text sequence extended by the
current candidate tokens with the audio clip. We then choose a token that has a high
similarity to the given audio clip, whilst still being considered a likely next token by the
LLM.
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Figure 5.1: Our ZerAuCap framework generates audio captions without task-specific
training (zero-shot). First, we determine a set of 𝑙 relevant keywords that match the audio
clip. An LLM is prompted with these keywords and yields the probability distribution
over the next token. We evaluate the match of these candidate tokens with the input audio
and choose the next token according to a weighted sum of the LLM prediction and the
audio-text matching quantified by a pre-trained audio-text model.

Zero-shot keyword selection. Given a list of keywords 𝐾, we use the pre-trained audio
and text encoders of the audio-language model (𝑔𝑎 and 𝑔𝑡) to encode the individual
keywords 𝑘 and the audio clip 𝛼𝑖 . We consider the cosine similarity of the keywords and
audio clip embeddings and select the top-𝑙 keywords 𝑤 according to:

𝐾∗ = arg top -l
𝑘∈𝐾

CosSim
(
𝑔𝑎(𝛼𝑖), 𝑔𝑡(𝑘)

)
= arg top -l

𝑘∈𝐾

𝑔𝑎(𝛼𝑖) · 𝑔𝑡(𝑘)
∥𝑔𝑎(𝛼𝑖)∥2·∥𝑔𝑡(𝑘)∥2

. (5.1)

We compose a prompt for the pre-trained LLM which was used to generate audible
candidate tokens. Commonly, LLMs are trained to autoregressively model the probability
of the next token conditioned on the previous tokens. We exploit this capability and build
a prompt which consists of a keyword prompt “Objects: ”, the top-𝑙 keywords 𝐾∗ and a
default prompt “This is a sound of”. Then, the probability of the next generated token is:

𝑝𝜃(𝑥𝑡 | 𝑥0 , . . . , 𝑥𝑏−1︸        ︷︷        ︸
keyword prompt

, 𝑥𝑏 , . . . , 𝑥𝑑−1︸        ︷︷        ︸
top-𝑙 keywords 𝐾∗

, 𝑥𝑑 , . . . , 𝑥ℎ−1︸         ︷︷         ︸
default prompt

, 𝑥ℎ , . . . , 𝑥𝑡−1︸        ︷︷        ︸
autoregressive modelling

). (5.2)

Audio-relevancy guiding. After prompting the LLM, we re-weigh the LLM’s top pre-
dicted tokens to perform audio-relevancy guiding. First, the LLM predicts the probability
distribution over all tokens of the LLM’s vocabulary. To accelerate the predictions, we
then select the top-𝑚 predicted tokens, which we call candidate tokens 𝑐𝑖 . As the LLM
empirically assigns very small probabilities to all tokens except the top-𝑚, the impact of
the ignored tokens on the final weighted sum in the audio-relevancy guiding would have
been negligible anyway.

We rank all candidate tokens 𝑐𝑖 by matching the currently generated sentence extended
by the candidate tokens (which we will call 𝑐) with the audio clip. This measures
how well the generated text matches the audio clip. The similarity 𝑓 (𝑔𝑎(𝛼𝑖), 𝑐𝑖) of a
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candidate sequence 𝑐𝑖 with respect to the embedded audio clip 𝑔𝑎(𝛼𝑖) is determined by
first computing the cosine similarity CosSim(·, ·) of all possible audio-text matches,

𝑓 (𝑔𝑎(𝛼𝑖), 𝑐𝑖) = 𝑒𝜅·CosSim(𝑔𝑎 (𝛼𝑖 ),𝑔𝑡 (𝑐𝑖 ))∑
𝑗∈1,...,𝑘 𝑒

𝜅·CosSim(𝑔𝑎 (𝛼𝑖 ),𝑔𝑡 (𝑐 𝑗 )) , (5.3)

with a scalar temperature 𝜅. We select the next token based on a weighted sum of the
probabilities assigned to each of the candidate tokens by the LLM as well as the audio-text
similarity. For each time step 𝑡, the next token 𝑥𝑡 is selected according to:

𝑥𝑡 = arg max
𝑖∈1,...,𝑚

{
𝑝𝜃 (𝑐𝑖 | 𝑥0 , . . . , 𝑥<𝑡) + 𝛽 · 𝑓

(
𝑔𝑎(𝛼𝑖), 𝑐𝑖

) }
, (5.4)

where 𝛽 is a scalar weighting factor. We append the selected token to the prompt and
iterate this process until the language model generates a token containing a period.

5.4 Experiments

Experimental setup. We adapted the 1.3B parameter version of OPT [396] as the LLM for
all experiments unless stated otherwise. For both guiding strategies (zero-shot keyword selec-
tion and audio-relevancy guiding), we used the pre-trained WavCaps [243] audio-language
model to measure the audio-text matching. The list of audible keywords is derived from
the publicly available AudioSet class list [109]. We separated the tags for classes that
contained more than one class, resulting in 614 audio keywords. We set the number of
selected keywords to 𝑙 = 2, the scalar weighting factor to 𝛽 = 0.5, and the number of
candidates to 𝑚 = 45, using the validation set of AudioCaps [175]. We evaluate the quality
of our captions on the respective test sets of AudioCaps and Clotho [95] using standard
natural language generation metrics BLEU [261] (B), METEOR [30] (M), ROUGE-L [210]
(RL), CIDEr [345] (C), SPICE [13] (S), and SPIDER [221] (Sr).

Quantitative results. We present quantitative results for zero-shot audio captioning
in Table 5.1. ZerAuCap outperforms [303] by a wide margin on most metrics, setting a
new state of the art on AudioCaps [175]. Additionally, it outperforms our baseline that
does not have access to any audio input on both datasets. As randomly generated texts
already might have some overlap with the ground-truth captions, our baseline yields
non-zero scores. Interestingly, on AudioCaps the baseline significantly outperforms the
recently proposed zero-shot audio captioning model [303] in terms of the ROUGE-L score.
Our model always outperforms the baseline and [303] for all metrics but BLEU-4. This
indicates that the recall of 4-grams is higher with [303]. However, this value may be
skewed due to the very short captions generated by [303]. We additionally report results
from supervised methods that represent an upper bound. This comparison indicates that
our model already captures significant portions of the audible content and converts them
into plausible captions.
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AudioCaps [175] Clotho [95]

Setting Framework ↓ B4 M RL C S Sr B4 M RL C S Sr

Zero-shot
No audio (baseline) 0.0 4.1 17.8 0.1 0.0 0.0 0.0 3.8 16.6 0.2 0.1 0.2
Shaharabany et al. [303] 9.8 8.6 8.2 9.2 - - - - - - - -

ZerAuCap OPT (ours) 6.8 12.3 33.1 28.1 8.6 18.3 2.9 9.4 25.4 14.0 5.3 9.7

Supervised
HYU [68] (ensemble) - - - - - - 20.2 19.7 42.2 54.1 14.6 34.3
HTSAT-BART [243] 28.3 25.0 50.7 78.7 18.2 48.5 16.8 18.4 38.3 46.2 13.3 29.7

Table 5.1: Zero-shot audio captioning results on the AudioCaps [175] and Clotho [95]
datasets.

Ground truth
Large church bells 
ringing.

Prediction
Bells ringing in a 
church.

Ground truth
People are laughing 
and chuckling.

Prediction
Laughter, and a 
giggle.

Ground truth
A baby crying with a 
television on in background.

Prediction
A baby crying, and it is very 
loud.

Ground truth
A man is giving a speech 
and a crowd cheers.

Prediction
A crowd.

-"captions": ["A synthesized rumble followed by a robotic woman talking alongside electronic beeps 
followed by a man speaking then another man speaking through an intercom as music plays in the 
background","A whooshing effect followed by a robotic woman speaking and electronic beeps then a 
man speaking and music playing along with a man speaking through an intercom","A whoosh effect 
followed by a woman talking then a man talking proceeded by another man talking over a radio as 
guitar music plays in the background","A loud whoosh with computer female voice, a beep then male 
speaking","A loud whoosh followed by a woman speaking then digital beeps and men 
speaking"],"prediction": "a conversation between two people, and the radio is playing the 
conversation.",

Ground truth
- A bell is ringing.
- Church bells ringing 

during audio static.
- A bell ringing 

repeatedly.
- A bell ringing 

repeatedly.
- Large church bells 

ringing.

Prediction
- bells ringing in a 

church.

Ground truth
- People are laughing.
- Multiple people 

laughing.
- People are laughing and 

chuckling.
- Woman laughs loudly as 

others chuckle as well.
- A hissing sound followed 

by laughter.

Prediction
- laughter, and a giggle.

Ground truth
- A man speaks over the television and a 

baby cries.
- An infant crying then yelling as a man 

speaks through a television speaker.
- A baby crying with a television on in 

background.
- An infant crying then shouting as a man 

talks through a television speaker.
- An infant talking while a man speaks 

through a television speaker.

Prediction
- a baby crying, and it is very loud.

Ground truth
- A man is speaking with crowd noise in the 

background.
- Male speaking with many people cheering in 

background.
- A man is giving a speech and a crowd cheers.
- A man speaking while a large crowd cheers in 

the background.
- A man is speaking along with noise from a 

cheering crow.

Prediction
- a crowd.

Figure 5.2: Qualitative example results for ZerAuCap. Video frames are only for illustra-
tion.

AudioCaps [175] Clotho [95]

Ablation ↓ B4 M RL C S Sr B4 M RL C S Sr

No keywords 0.0 5.9 20.7 2.5 2.4 2.4 0.6 5.4 18.1 1.4 1.2 1.3
No guiding with audio-relevancy 6.3 1.2 32.8 28.1 8.2 18.1 2.2 9.1 25.1 12.5 5.0 8.8

ZerAuCap GPT2 1.7 9.4 23.5 11.6 6.8 9.2 1.7 9.4 23.5 11.6 6.8 9.2

ZerAuCap OPT (ours) 6.8 12.3 33.1 28.1 8.6 18.3 2.9 9.4 25.4 14.0 5.3 9.7

Table 5.2: ZerAuCap model ablations on AudioCaps [175] and Clotho [95].

Qualitative results. In Figure 5.2 we can observe that our generated audio captions
capture the audible events from given audio clips across a large variety of settings. For
the failure case (right), our model does not provide a very detailed caption and thus fails
to capture the full content of the audio clip.

Ablations. We ablate the core components of our approach in Table 5.2. Specifically,
we study the effects of our guiding components and of using different LLMs. Using
no keywords drastically reduces performance across all metrics. This indicates that it is
important to condition the LLM on audible concepts. When using no guiding with audio-
relevancy (i.e. 𝛽 = 0), performance is reduced across metrics. Combined, this shows that
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both guiding techniques contribute to the overall performance of ZerAuCap. Since [303]
uses GPT-2 as their base LLM, we also run our model with GPT-2 and still outperform
their approach, even though their audio-text model [113] is stronger than ours.

5.5 Conclusion

We introduced a zero-shot audio captioning framework that converts audio clips into
textual captions using a twofold audio-based guiding approach without any training. Our
proposed ZerAuCap framework achieves state-of-the-art results on the AudioCaps and
Clotho benchmarks. Furthermore, our results show that keyword-based guiding is highly
beneficial for obtaining better audio captions.
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6

In-Context Impersonation Reveals Large
Language Models’ Strengths and Biases

In everyday conversations, humans can take on different roles and adapt their
vocabulary to their chosen roles. We explore whether LLMs can take on, that
is impersonate, different roles when they generate text in-context. We ask
LLMs to assume different personas before solving vision and language tasks.
We do this by prefixing the prompt with a persona that is associated either
with a social identity or domain expertise. In a multi-armed bandit task, we
find that LLMs pretending to be children of different ages recover human-
like developmental stages of exploration. In a language-based reasoning
task, we find that LLMs impersonating domain experts perform better than
LLMs impersonating non-domain experts. Finally, we test whether LLMs’
impersonations are complementary to visual information when describing
different categories. We find that impersonation can improve performance: an
LLM prompted to be a bird expert describes birds better than one prompted
to be a car expert. However, impersonation can also uncover LLMs’ biases:
an LLM prompted to be a man describes cars better than one prompted to
be a woman. These findings demonstrate that LLMs are capable of taking on
diverse roles and that this in-context impersonation can be used to uncover
their strengths and hidden biases. Our code is available at https://github.
com/ExplainableML/in-context-impersonation.

6.1 Introduction

Large Language Models (LLMs) can not only summarize documents and converse on a
large range of topics [42], but they have also shown other emergent abilities [359, 361].
Because of their impressive abilities, LLMs are permeating into many applications [169,
38]. This means that there is a societal need to understand how these models “tick” [331,
31]. Traditionally, LLMs are provided with a context as a textual prompt and are asked
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to provide answers via text completion, thereby solving a variety of choice-based [34],
description-based [269], and reasoning tasks [360]. Yet how in-context learning works
is not fully understood. When Min et al. [247] prompted LLMs with random labels,
they found that this did not drastically degrade performance, suggesting that the role
of in-context demonstrations is to prime the model for a particular task. This is in line
with other results suggesting that LLMs internally infer latent variables to make better
predictions [373]. It has been suggested that LLMs, and other large models, can change
their behavior when asked to respond as a particular persona. When Deshpande et al. [87]
asked LLMs to respond as a hateful person, their toxicity score increased. When Wang and
colleagues [354] asked LLMs to imagine being expert systematic reviewers, the quality of
their literature search queries increased. That LLMs can impersonate specific people is
also known; they can, for example, pretend to be Oscar Wilde, Carrie Bradshaw from Sex
and the City, or Donald Trump [98]. But how does in-context impersonation affect LLMs’
behavior in language-based and other downstream tasks?

In the current work, we let LLMs impersonate, that is taking on different roles, in
context. We do this by prefixing the prompt with “If you were a {persona}” where persona
is replaced with the persona that the LLM is asked to impersonate. These personas are
associated either with a social identity or a domain of expertise. In a first simulation using
a multi-armed bandit task [33], we find that LLMs impersonating children of different ages
can recover the developmental stages of human-like exploration strategies. In language-
based reasoning tasks, we find that LLMs impersonating domain experts perform better
than LLMs impersonating non-domain experts. Finally, we ask LLMs to describe different
classes of either birds or cars and then use their descriptions in a downstream, visual
classification task. The results of this experiment corroborate our earlier results: LLMs
become better as they pretend to be older, and they are also better when they pretend to be
domain experts. However, we also see how impersonating LLMs reproduce biases: LLMs
impersonating a black person or a male describe cars better, while LLMs impersonating a
white person or a female describe birds better. These results expand our understanding of
in-context learning in LLMs and open up new research directions investigating role-taking
and pretense in LLMs and beyond.

6.2 Related Work

In-context learning refers to an LLM’s ability to improve at a given task after being
provided with a number of task-relevant demonstrations [42]. This ability sets LLMs
apart from traditional models and has led to a totally new paradigm – one which does not
require fine-tuning of weights on task-specific data but instead relies entirely on contextual
information [197, 360, 19].

This contextual information is normally delivered as textual prompts [404], where
a task or scenario is described and a model is asked to solve the task or reason about
the scenario by generating the next words of the provided text. Due to its flexibility,
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prompting has been widely used as a generic method for natural language tasks [295, 293].
Importantly, the resulting in-context learning does not only work after LLMs have seen
some examples, i.e. in the few-shot regime [356], but also without any examples, i.e. in
the zero-shot regime [370]. LLMs are reasonably proficient at solving arithmetic [386]
or reasoning tasks [174] without having been prompted with example solutions but only
after being asked to provide an answer to a given problem. LLMs can require careful
engineering of the provided prompts, either manually [281] or automatically [308]. Indeed,
whole books have been written to provide guidelines on how to best perform prompt
engineering [151], especially because engineering prompts can require a great amount of
expertise [258].

One method known to influence LLMs behavior is to ask them to respond as a particular
person [128, 173], an effect which is also described as role-taking [304]. LLMs can take
in the text of one famous author, e.g. Oscar Wilde, and rewrite it in the style of another
famous author, e.g. James Joyce [382]. This is not only true for LLMs but for any large
model that provides results based on prompts, such as text-to-image models [76, 252, 285].
For example, using the artist’s name for generative art prompting is known to boost the
quality [258] or to substantially affect the style [84, 40, 363] of the generated images. To
make LLMs respond more truthfully, Lin and colleagues introduced scenarios from the
perspective of a fictional persona called “Professor Smith” [212]. Conversely, to make
LLMs act maliciously, Wolf et al. [364] prompt LLMs adversarially to overcome alignment
techniques. LLMs can also be used to simulate multiple humans which changes how they
cooperate in economic games [9].

LLMs can also have their own “personalities” which can be evoked in-context [265].
Although LLMs frequently behave like the average person [263], their personality profiles
can be tinkered with [168], e.g. by changing the context to be more or less emotional [74].
This has led researchers to use LLMs to simulate survey responses [90] of subpopulations
by conditioning them on socio-demographic descriptions [18] or to ask them to respond
in persona when writing about fictitious childhood events [162]. Additionally, non-
deterministic tasks such as open-ended questions have also been explored [8].

Semantics derived automatically from language corpora can contain human-like bi-
ases [48]. Thus, LLMs do not only reproduce human-like text but also replicate biases
present in the training data [31, 1]. Importantly, these biases can get exacerbated if LLMs
are asked to provide answers in persona [74, 87, 165].

LLMs are naturally combined with large vision-language models (VLMs) [159, 312]
such as CLIP [275] due to their versatility in a wide range of visual recognition tasks.
Menon et al. [244] used GPT-3 [42] to generate a diverse set of short descriptions of a class
that improve zero-shot classification when their CLIP scores are combined. Similarly, Yang
et al. [379] used GPT-3 descriptions of classes as concept bottlenecks for interpretable image
classification. LLMs can also be used as a knowledge base for visual question-answering
(VQA) tasks [380].
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6.3 In-context Impersonation Methodology

Our methodology is composed of two steps. First, we prompt and query the LLM. Second,
we evaluate the resulting text queries in three tasks, i.e. two-armed bandit, reasoning, and
visual classification.

6.3.1 Prompting and Querying the Large Language Model with Personas

LLMs are trained to predict the most probable next token 𝑡𝑘 given previous tokens
𝑡1 . . . 𝑡𝑘−1 by maximizing the likelihood function 𝑝LLM(𝑡𝑘|𝑡1 , . . . , 𝑡𝑘−1). In this work, we use
pre-trained LLMs without further finetuning them. Depending on the task, we generate
one or more tokens given a task-specific context 𝒄 that describes the task to the language
model and prompts it for an answer. The context includes the instruction to impersonate
using the phrase “If you were a {persona}” where persona 𝑝 is replaced by the persona name.
Thus, we obtain generated tokens 𝒕 by sampling from

𝑝LLM(𝒕|𝒄(𝑝)) =
𝐾∏
𝑘=1

𝑝LLM(𝑡𝑘|𝑐(𝑝)
1 , . . . , 𝑐

(𝑝)
𝑛 , 𝑡1 , . . . , 𝑡𝑘−1) (6.1)

We refer to this type of contextualization as in-context impersonation.
Personas Considered. The first interesting question to look at was if LLMs could

impersonate the behavior of differently aged people. For this, we ask the LLM to imagine
it is either a 2, 4, 7, 13, or 20-year-old. We also evaluate whether the LLM is able to
impersonate different fields of expertise. Depending on the task considered, the expertise
profiles differ (more details below). Finally, we evaluate whether LLMs have biases
regarding gender and skin color. For this, we asked LLMs to imagine that they were either
a man or a woman or a black person or a white person.

Large Language Models Considered. In this work, we evaluate two LLMs. For all of
our tasks, we used the Vicuna-13B language model [67] which has 13 billion parameters
and was trained to follow natural language instructions. Vicuna is a fine-tuned version of
the LLAMA language model [340] using ShareGPT [97] conversational data. We use an
instruction fine-tuned model because it was optimized to follow user prompts. Its weights
are publicly available, allowing us to run the model locally. Vicuna is competitive with
proprietary services such as ChatGPT in some domains [399]1. In addition to Vicuna, we
use the OpenAI API of ChatGPT [260] with the gpt-3.5-turbomodel for the reasoning
and vision tasks. For the bandit task, however, running 12k games with 10 trials each is
infeasible.

We do not further train the models, nor do we provide sample solutions in-context;
thus, all experiments are conducted in a zero-shot fashion. By providing minimal guidance
to perform the task, we avoid pre-conditioning the model such that answers can better
reflect the internalized language of the LLM instead of relying on few-shot examples.

1https://chat.lmsys.org/?leaderboard
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a big bird, lives on the water.

Large Language M
odel (LLM

)

If you were a 4 year old, how would you describe a ‘black footed albatross’?
Answer: It is

Please consider the following multiple-choice question and the four answer 
options A, B, C, and D. Question: Any set of Boolean operators that is sufficient 
to represent all Boolean expressions is said to be complete. Which of the 
following is NOT complete? 
A: {AND, NOT}, B: {NOT, OR}, C: {AND, OR}, D: {NAND}

If you were a high-school computer science expert, which answer would you choose?

V
ision language 
m

odel (V
LM

)

a red bird, wears a black mask

a blue bird. I saw it with mom

A
B

C

1
2

V
ision 

language 
m

odel (V
LM

)

Prompting the LLM

Querying the LLM + Downstream task

Inference in Downstream task

Indigo
Bunting

a ∼ p(t | c(p))
new reward: rt

In this game, you have a choice between two slot machines, represented by machine 
1 and machine 2. Your goal is to choose the slot machine that will give you the 
most points over the course of 10 trials. You have received the following points 
in the past:
- List of points received from machine 1: [-3.5, -2.7]
- List of points received from machine 2: [5.0, 2.9, 5.6, 5.9, 2.0, 1.4, 3.9]

Question: You are now performing trial 10. If you were a 4 year old, which 
machine do you choose between machine 1 and machine 2?                                                             
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Figure 6.1: Our three tasks are designed to analyze the effect of in-context impersonation.
First, we investigate bandit tasks (pink) where the LLM must maximize the reward
while impersonating different age groups. Second, we evaluate the effect of domain
expert impersonation on natural language reasoning tasks (yellow). Third, we study the
usefulness of descriptions generated with impersonation w.r.t. age, expertise, ethnicity,
and gender for visual classification (green).

When sampling full sentences, we use a temperature of 0.7; to obtain the answer as a
single symbol (token), we set it to 1 unless otherwise stated. These different temperatures
were chosen based on the recommended default values of each LLM.

6.3.2 Bandit Task Design

We asked LLMs to imagine being in different personalities while participating in a multi-
armed bandit task [110] taken from the psychology literature [297] and already applied
to LLMs [34].

An agent gets to interact with a two-armed bandit problem for 10 trials. The mean
reward for each arm 𝑎 is drawn from 𝑝(𝜃𝑎) = 𝒩 (0, 10) at the beginning of a task, and
the reward for each trial is drawn from 𝑝(𝑟𝑡 |𝑎𝑡 , 𝜃𝑎𝑡 ) = 𝒩 (𝜃𝑎𝑡 , 1). Feedback of past trials is
provided via prompt-chaining, i.e. concatenating previous choices and their outcomes to
the current prompt submitted to the LLM. We analyze the set of emerging exploration
strategies, assuming that an agent uses Bayes’ rule to update its beliefs over unobserved
parameters. If prior and rewards are normally distributed, then the posterior will be
normally distributed and the corresponding updating rule is given by the Kalman filtering
equations. Let 𝑝(𝜃𝑎|ℎ𝑡) = 𝒩 (𝜇𝑎,𝑡 , 𝜎𝑎,𝑡) be the posterior distribution at time-step 𝑡. Based
on the parameters of this posterior distribution, one can define a probit-regression model:

𝑝(𝐴𝑡 = 1|w) = ΦΦΦ
(
𝛽1V𝑡 + 𝛽2RU𝑡

)
(6.2)

with ΦΦΦ denoting the cumulative distribution function of a standard normal distribution.
Here, V𝑡 = 𝜇1,𝑡 − 𝜇2,𝑡 represents the estimated difference in value and RU𝑡 = 𝜎1,𝑡 − 𝜎2,𝑡 the
relative uncertainty. One can use Equation 6.2 to analyze how much an agent engages
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in exploitation behavior by inspecting 𝛽1 and how much the agent uses uncertainty to
explore in a directed fashion by inspecting 𝛽2 [33].

For this bandit task, we consider personas of different ages. Specifically, we study
ages 2, 4, 7, 13, and 20 to cover key developmental stages of early childhood, childhood,
adolescence, and adulthood where the learning progress is most pronounced in humans.
The language model is prompted (see Figure 6.1, the pink path) to only answer “1” or “2”
depending on which arm 𝑎 it would like to choose. The LLM receives rewards and the
associated actions from previous trials inside the context in the form of a list.

With log 𝑑𝑎𝑡 = log 𝑝LLM(𝑡1 = 𝑎𝑡 |𝒄(𝑝) , 𝑎1 , . . . , 𝑎𝑡−1 , 𝑟1 , . . . , 𝑟𝑡−1) being the unnormalized
logits from the LLM for the token of arm 𝑎, for each trial we sample an action 𝑎̂ ∼
𝜎({log 𝑑𝑎𝑡}𝐴𝑎𝑡=1) where we have two arms 𝐴 = 2. We do not apply temperature scaling in
this case as we are only sampling a single token and want it to reflect the LLM decision-
making as faithfully as possible.

6.3.3 Reasoning Task Design

In our reasoning task, the LLM has to answer a multiple-choice question regarding a given
topic from the Multitask Language Understanding (MMLU) dataset [140], commonly used
to benchmarkLLMs [340]. The MMLU dataset consists of57 tasks from Science, Technology,
Engineering, and Mathematics (STEM), Humanities, Social Sciences, and Other, ranging
from elementary, high school, college, and professional levels of complexity. We start by
prompting the LLM with the context:

Please consider the following multiple-choice question and the four

answer options A, B, C, and D. Question: {task}

If you were a {persona}, which answer would you choose?

The task is replaced by the question and the 4 possible answers, while the persona is
replaced by an expert (see Figure 6.1, the yellow path). We consider three types of experts
as personas. The task expert, e.g. for the high school computer science task, is “high
school computer science expert”. The domain expert is an aggregation of all the remaining
experts in the same field as the task expert (but not the task expert himself), e.g. for high
school computer science it would be any other STEM expert. The non-domain expert is
an aggregation of the task experts from the other domains, e.g. for high school computer
science it would be all Humanities, Social Sciences and Other experts.

After feeding the prompt to the LLM, the LLM prediction of the first token following
the context is 𝑑 = 𝑝LLM(𝑡1|𝒄(𝑝)) and the 𝑁 tokens for the possible answers of the multiple
choice question are 𝑜 = {𝑜𝑖}𝑁𝑖=1 which in this case are A, B, C, and D. The predicted option
is then given by

𝑜̂ = arg max(𝑐𝑖), with 𝑐𝑖 = 𝑑[𝑐𝑖], 𝑖 = 1 . . . 𝑁 (6.3)

which are the predicted probabilities of the language model. With this approach, we are
able to obtain the option with the highest probability according to the LLM and, thus,

68



6.3. IN-CONTEXT IMPERSONATION METHODOLOGY

compare it with the ground truth label to measure the accuracy resulting from different
in-context impersonations.

6.3.4 Vision and Language Task Design

Lastly, we want to evaluate the usefulness of descriptions generated by in-context imper-
sonation for downstream vision and language tasks. We focus on challenging fine-grained
classification tasks, as the generated descriptions need to be domain specific for these tasks
to succeed. We ask the LLMs to generate a description of a class, from the perspective of
a persona. Our prompt is:

If you were a {persona}, how would you answer the following question

in 45 words? Q: What is a/an {class_name}? A: It is

To avoid trivial solutions, i.e. the class name being mentioned in the description, we
post-process the generated descriptions with a two-step approach: first, we replace class
names used in noun phrases with an appropriate pronoun whilst respecting the given
(grammatical) number. Second, if the class name is still not removed, we re-use the same
language model to process the descriptions sentence by sentence. For this, we use 4
in-context examples, that demonstrate how to remove the class name information. The
full process is documented in supplementary material Subsection B.4.1.

Vision-Language Models (VLMs). We use CLIP (or variants thereof) [275, 64] to
perform fine-grained visual classification as a means to evaluate the usefulness of the
generated descriptions. CLIP models are trained with contrastive image-text matching
losses to rank matching image and text inputs highly and non-matching inputs lowly. [275,
64] show that CLIP variants generalize well to match unseen texts, e.g. class names, an
ability commonly referred to as zero-shot classification.

First, the image to classify is converted into a normalized feature representation 𝐼

using CLIP’s pre-trained vision backbone. Then, the class names are embedded into
normalized feature vectors 𝑇𝑁 using the pre-trained text backbone. Next, all pairwise
cosine similarities 𝐼 · 𝑇𝑁 of the respective feature representations are computed. Finally,
the 𝑛∗ = arg max𝑁 (𝐼 · 𝑇𝑁 ) over these similarities reveals the most similar class 𝑛∗.

Inference. We generate a description 𝐷(𝑝)
𝑛 with the above prompt for each class 𝑛 for

each persona 𝑝 where we use a generative approach, i.e. we auto-regressively sample a
random token from the predicted logits (see Figure 6.1, the green path). For Vicuna-13B
we use the default temperature of 0.7 and the default top-k value of 𝑘 = 50. For ChatGPT
we use the default temperature of 1.0. This continues until the model emits an <end of
sequence> or the maximum number of tokens (96) is reached. We did not tune these values.

For visual classification, we use the zero-shot classification capabilities of CLIP models,
but instead of using the embedded class name itself (𝑇𝑛), we use the embedding of the
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generated descriptions 𝐷(𝑝)
𝑛 for each class 𝑛 and for each persona 𝑝. The predicted class

for each persona 𝑖(𝑝)∗ is:

𝑛(𝑝)∗ = arg max(𝐼 · 𝐷(𝑝)
𝑛 ) (6.4)

Performance is measured by computing the classification accuracy of the test splits on
both datasets. As the descriptions are sampled from the LLM output, the results of the
experiments are stochastic and we repeat them five times. We report the mean performance
as well as 95% confidence intervals.

6.4 Experiments

Using Vicuna-13B, we evaluate the two-armed bandit and MMLU language reasoning
tasks. For the zero-shot image classification task using a VLM we generate descriptions
with both Vicuna-13B and ChatGPT. We focus on highlighting how the chosen persona
changes the task performance of the LLM. As LLMs seem to be sensitive to prompts [20],
we follow the meta-prompting approach from [281] to vary our impersonation prompts.
We run all Vicuna-13B experiments with each of the six prompt variations, which are
shown in the suppl. Subsection B.1.1. All experiments are performed on the test splits
using a single A100-40GB GPU and we mention inference times in suppl. Subsection B.1.2.

6.4.1 Age-based Impersonation Changes exploration Strategies

In the bandit task, for every age group that the LLM impersonates, we perform 2k two-
armed bandit games of 10 trials each for each prompt variation. We evaluate the task
performance in three ways.

First, we show the average reward per trial the LLM obtained with personas of
increasing age in Figure 6.2 (top). With an increasing number of trials, the LLM obtains
a higher average reward, corroborating that Vicuna-13B is able to learn from past trials
to improve its policy similarly to GPT-3 in [34]. Moreover, as the LLM takes on a persona
of different ages, we observe a divergence of obtained rewards as the number of trials
increases. Younger personas, i.e., 2- and 4-year-old personas, obtain a smaller reward than
older ones, i.e., 13- and 20-year-old personas.

Secondly, we analyze the resulting rewards by using a regression, entering the trial
number and age as independent variables. To extend the analysis, we evaluate two age
groups, from 2 to 20 and from 20 to 60, where we evaluate ages in steps of 2 between 2
and 30 and steps of 5 from 30 to 60. We report these results in Figure 6.2 (bottom left). We
find that the impersonating LLMs generally improved over trials, i.e. they increase their
rewards as they progressed over trials of a game (𝛽 = 0.63, 𝑝 < .001 for ages 2–20 and
𝛽 = 0.60, 𝑝 < .001 for ages 20–60). Importantly, LLMs impersonating older participants
generate higher average rewards until age 20 (𝛽 = 0.17, 𝑝 < .001), thereby replicating a
general pattern found in the developmental literature [254]. We find no significant effect
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Figure 6.2: Two-armed bandit task. Left: Average reward per persona (10k games of 10
trials). Right: Top – Age and # of trials have a positive effect on expected reward. Bottom –
With age, exploration decreases, and exploitation increases.

from ages 20–60, which also mirrors observations of stagnating mental performance of
adults.

Lastly, we analyze how regression weights of the probit-regression were influenced by
the age group the LLM is impersonating, again analyzing ages 2–20 and 20–60. Figure 6.2
(bottom right) reveals that LLMs pretending to be older explored their environment less
(𝛽 = −0.03, 𝑝 < .001) and exploited more (𝛽 = 0.04, 𝑝 < .001) in the ages between 2–20. This
pattern is in line with several results from the psychological literature which also found
that children show higher levels of directed exploration [214] than adults [298]. These
results suggest that impersonating LLMs can recover human-like developmental stages
of exploration in a two-armed bandit task. If life is seen as an exploration-exploitation
problem, then younger agents should show higher amounts of directed exploration [114,
35]. To the best of our knowledge we are the first to show that LLMs replicate similar
trends when using in-context impersonation.

6.4.2 Expertise-based Impersonation Changes reasoning Abilities

Our experiments on expertise-based impersonation (details in Section 6.3.3) are conducted
on the MMLU dataset [140], for which we ask Vicuna-13B to impersonate experts from
three different categories (task, domain, and non-domain). For each task we compute the
task accuracy averaged over all task questions (95% confidence intervals are computed
over the average task accuracy). We compare the task expert results with the average of
all domain expert personas, the average of all non-domain expert personas, the average
of all neutral personas, and the random baseline (horizontal line). We consider four
neutral personas, namely student, average student, person, and average person, and the
six aforementioned prompt variations.
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Figure 6.3: Expertise-based impersonation on all domains of the MMLU reasoning bench-
mark (top) and on exemplary individual tasks (bottom). For each task, we consider four
personas: the neutral, the task expert, the domain experts (all experts from the same
domain except the task expert) and the non-domain experts (all experts from all remain-
ing domains). The dashed line is the random baseline and the error bars indicate 95%
confidence intervals.

In Figure 6.3 (top row), as expected, when the LLM is asked to impersonate the task
expert, the performance is the highest. This shows that the LLM can indeed impersonate
task experts with accuracy higher than random. Similarly, the domain expert personas
perform better than the non-domain expert personas. This trend holds for all four MMLU
domains and thus for MMLU in its entirety. In general, we observe that the performance
in the Humanities tasks is higher than the accuracy in the other domain tasks, which is
in line with results reported in the literature [340, 71, 142, 140]. Overall, these results
suggest that LLMs can increase their performance when asked to impersonate task experts
compared to non-task experts.

To provide more details on the individual behaviors of these personas, in the plots on
the bottom row of Figure 6.3, we sample various expert personas, e.g. three positive and
one negative case. The first, second and last plots indicate that the task expert persona
performs better than the domain expert persona, which, in turn, outperforms the non-
domain expert persona. In those cases, all experts outperform the neutral persona. For
the High School Macroeconomics task, the task expert persona performs close to random
and to the non-domain expert persona. This may be because, as Hendrycks et al. [140]
observed, LLMs tend to perform worse on procedural problems that are calculation-heavy
compared to purely verbal tasks. Furthermore, when the LLM performs close to or below
the random baseline, i.e. the task is more difficult to solve for all types of experts, the
impersonation trends are not as clear, since the model does not know how to solve the
task well, irrespective of the persona. Thus, while in the Social Sciences field, the High
School Macroeconomics task has worse performance, we see that for World Religions,
the exam result is higher than 60%, i.e. a passing grade. Especially for World Religions
and Human Aging, we observe that the task expert performs much better than the
corresponding domain expert personas. We show results for all tasks in Subsection B.3.1
of the supplementary.
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Figure 6.4: Comparing CLIP-32, CLIP-16 and OpenCLIP as VLMs (the language input
comes from Vicuna-13B) on CUB (top) and Stanford Cars (bottom) datasets. We observe
the effects of age, expertise, ethnicity and gender independent of the VLM used for fine-
grained visual classification. The dashed line represents the random baseline and the
error bars indicate 95% confidence intervals.

Finally, since several MMLU evaluations [140, 208], can lead to small variations when
comparing different models’, we include results with the MMLU official prompt in suppl.
Subsection B.3.2, where we verify that our findings on impersonation are not dependent
on the formulation of the task. Lastly, we also show MMLU results for social groups in
Subsection B.3.3.

6.4.3 Impersonation as Categorical Descriptions is Complementary for
Visual Categorization

In this section, we provide experimental results on two state-of-the-art fine-grained visual
categorization datasets, i.e. Caltech UCSD Birds (CUB) [351] and Stanford Cars [190],
with 200 and 196 classes of birds and cars, respectively. Additional results for FGVC
Aircraft [233] and Oxford Flowers [253] can be found in Subsection B.4.2 of the supple-
mentary. We first compare how different VLMs make use of the generated descriptions,
then compare different LLMs in our in-context impersonation tasks and finally provide
some qualitative results.

Comparing VLM variants. We first compare the classification accuracy of different VLMs
when the Vicuna-13B generated descriptions of classes are fed to the language encoder
of the VLM. For the vision encoders we consider the Vision Transformer (ViT) [92]
based B/32 and B/16 variants of the official CLIP implementation [275] as well as the
OpenCLIP B/32 ViT variant [64]. The latter is a replication of the original CLIP trained on
a larger dataset (Laion 5B [296]). For each CLIP variant, we use the corresponding causal
transformer text encoders, which might not encode text as well as Vicuna but are able to
embed the text into a shared multi-modal space.
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Figure 6.6: Comparing Vicuna-13B and ChatGPT as LLM variants (OpenCLIP is the VLM)
on CUB and Stanford Cars. For both LLMs, the accuracy increases with increasing age,
the expert persona on the respective dataset performs better and both LLMs are not free
of biases, and impersonation of different genders or race affects their performance. The
dashed line represents the random baseline and the error bars indicate 95% confidence
intervals.

Our results in Figure 6.4 show that across all three CLIP variants increased age in the
impersonated persona increases performance for both bird and car classification. Interest-
ingly, there is a significant increase in performance at 7 years of age when recognizing cars.
Our expertise evaluation shows that the car mechanic persona’s descriptions performs bet-
ter than ornithologist’s when recognizing cars. Interestingly, racial (column 3) and gender
(column 4) personas, reveal consistent biases. While the black performs better in car clas-
sification, the white performs better in bird classification. This may indicate that there are
stereotypical biases in the training data. Similarly, while the woman performs clearly better
than man for bird classification, the trend is not as strong for car classification although man
performs slightly better than woman. The language encoder of VLMs potentially being
weaker than Vicuna, we expect these results to improve overall with a stronger language en-
coder in the VLM but this is an orthogonal direction to explore. To confirm the significance
of our results, we run Chi2 tests for expertise, race and gender. We consider the three CLIP
models, five different seeds and the six different impersonation prompt variations. We find
that for all experiments considered, {CUB, Stanford Cars} x {man/woman, black/white,
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Figure 6.5: Composition of per-
sonas on CUB for Vicuna-13B.
Error bars indicate 95% confi-
dence intervals.

ornithologist/carmechanic}, p<0.001. Thus, we conclude
that our results are significant.

We also investigate the effects of composing personas
for a computationally feasible subset of persons. More
specifically, we study all possible combinations of {Black,
White} × {Female, Male} for the CUB dataset for 5 dif-
ferent seeds (Figure 6.5). With Vicuna-13B we see weak
evidence that the biases co-construct: Individually the
white persona outperforms the black persona and the
same applies to the female persona outperforming the
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male persona. Combined, the white female persona outperforms both the black female
persona (change in race) and the white male persona (change in gender). Furthermore, we
also study performance of additional genders (agender and non-binary) and races (indian,
asian and hispanic) in the supplementary in Subsection B.4.5.

Comparing LLM variants. We evaluate how different LLMs, namely Vicuna-13B and
ChatGPT, generate descriptions of the classes of interest. In these experiments, we
keep the VLM fixed to OpenCLIP, as it is the best of the CLIP variants tested above. For
computational reasons, we only evaluate on our original impersonation prompt. Figure 6.6
shows the effect of LLM impersonation on the generated descriptions evaluated on zero-
shot image classification.

For the age personas, we observe a clear trend of increased performance for both LLMs
as they impersonate older characters. The progression is particularly pronounced for
ChatGPT, where on Stanford Cars the 2-year-old persona describes different cars with
similar expressions leading to ∼ 4% accuracy, but as ChatGPT’s persona gets older, it
becomes more accurate in describing cars, e.g. 54.9% for persona of age 20. This indicates
that LLMs can replicate human language at different development stages, varying their
language both in terms of vocabulary and general knowledge for accurately describing
these objects as discussed in [255]. Similarly to the reasoning task, LLMs exhibit higher
expertise on the topic when we ask them to impersonate a bird expert (“ornithologist”
persona) and a car expert (“car mechanic” persona). The respective domain expert
persona performs approximately twice as well as the non-domain expert persona when
using ChatGPT. Impersonating an expert, the LLM tends to describe a class in more detail
and mention more discriminative features.

We also observe that impersonation can reveal biases encoded in the LLMs. A race
bias becomes apparent when we ask the LLMs to impersonate a “black” or “white” person.
ChatGPT tends to describe both birds and cars better when posing as a white person.
Vicuna-13B, on the other hand, provides better descriptions of cars as a black person.
Gender biases are a bit less noticeable, but we still find Vicuna-13B giving better bird
descriptions as a woman persona and ChatGPT identifying cars better as a man persona.
While instruction-based fine-tuning [260] tries to remedy social biases encoded in LLMs
to some extent, we can still expose them through in-context impersonation.

Overall, we find that ChatGPT shows larger effects, probably due to its access to more
diverse (fine-tuning) data. The fact that the effects described above can be found with
two very different language models suggests that they are a result of the overall language
modeling and instruction following training on internet data instead of specific model
artifacts.

Qualitative results and limitations. In Figure 6.7, we provide the descriptions generated
by ChatGPT and Vicuna for one class, i.e. black billed cuckoo, from the CUB dataset
and one class, i.e. AM General Hummer SUV 2000, from the Stanford Cars dataset. As
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am general 

hummer suv 

2000

13 year old

2 year old

20 year old

4 year old

7 year old

a big car that goes vroom vroom and can go over rocks and 

bumps. It has big wheels and is fun to ride in.

a big truck with lots of wheels that can drive over rocks and 

mud. It is really tough and strong, like a superhero car!

a large, military-style SUV designed for off-road use. It was 

popular in the early 2000s and known for its ruggedness and 

unique styling. However, it is also known for being very large 

and heavy, which can make it difficult to maneuver in tight 

spaces or on city streets.

2 year old a big car that goes vroom vroom and can go over rocks and 
bumps. It has big wheels and is fun to ride in.

4 year old a big truck with lots of wheels that can drive over rocks and 
mud. It is really tough and strong, like a superhero car!

7 year old a big and strong car that can drive on rough roads and outside 
places. It looks like a military vehicle and can hold lots of 
people inside. It is really cool!

13 year old a really cool and tough-looking SUV that was made by AM 
General in the year 2000. It's known for being able to go 
off-road and handle all kinds of terrain.

20 year old a large, military-style SUV designed for off-road use. It was 
popular in the early 2000s and known for its ruggedness and 
unique styling. However, it is also known for being very large 
and heavy, which can make it difficult to maneuver in tight 
spaces or on city streets.

a small bird that can be found in grassy fields and 
meadows. It has a brownish-gray body with distinctive 
rusty-colored markings on its head and wings. They are 
known for their sweet and melodic song.

a bird that chirps and flies in the sky. It has feathers and 
little wings. I like to watch it.

a small, brownish-gray bird with a rusty cap and a 
distinctive three-note song. They are commonly found in 
grassy fields, pastures, and open woodlands across much 
of eastern North America.

a birdie that's brown and kinda small. It likes to hop-hop 
on the gwound and tweets a pretty song. It has a funny 
name, but it's really cute. Maybe we can see one on a 
walk in the park with mommy!

a kind of bird that lives in fields, forests, and grasslands. 
It has brown and white feathers and sings a pretty song. 
You might hear it chirping when you go for a walk 
outside!

A bird that lives in fields and has a brown and white striped body with a big 
round head. It likes to eat seeds and bugs and is really fast when it flies.

a small bird that lives in fields and eats seeds.

A small bird that is brown and has a round shape, usually found in fields eating 
seeds.

A type of bird that is common in North America, usually found in fields and 
grasslands. They have a brown striped pattern on their back and a yellow 
belly. They are known for their distinctive call and are a common sight in 
many rural areas.

An It is a bird species that is commonly found in open fields, meadows, and 
agricultural areas. It is a small, brown bird with a streaked breast and a bold, 
distinctive pattern on its head. They are known for their melodious songs and 
are a popular bird among birdwatchers.

a bird species that lives in North America. It has a black bill and a 
brown or gray plumage. They are migratory birds and can often 
be heard making their distinctive "coo-coo-coo" call in the 
summer months.

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. 
It can fly and live in trees. It makes a funny sound that makes me 
laugh.

a bird species found in North America. It has a distinct black bill 
and is known for laying its eggs in other bird species' nests. Often 
heard more than seen, it has a unique call that sounds like a 
slow, hollow wooden "cuckoo."

a bird with a black beak and feathers. It likes to eat insects and 
lives in trees. Sometimes it makes a sound that sounds like 
"coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat 
insects and lives in North America. They lay their eggs in other 
bird's nests and let them take care of their babies.

A bird that is black and has a curved bill.

It's a bird!
 It's really cool!
 It's got a special tail.
 It's black and white.
 It's got a long beak.
 It's a mystery bird!

It's a bird that's really cool!
 It's black with a bill that's rule!
 It flies around and sings so sweet,
It's one of my favorite birds to meet!

It is a type of bird that is black and has a distinctive white patch on 
its tail. It is known for its distinctive call, which sounds like a 
person imitating a cuckoo clock. It is a migratory bird that can be 
found in North and Central America. It is a common bird in many 
parts of the world, but it is considered a species of concern due to 
declining populations in some regions.

A bird species that is common in parts of North and South America, 
known for its distinctive black bill and brown-gray feathers. It is a 
migratory bird, and is often seen in wooded areas near rivers and 
marshes. The Black-billed Cuckoo is known for its unique call, 
which sounds like a repeated "coo-coo." It is a protected species 
and is considered an important part of the ecosystem.

a bird species that lives in North America. It has a black bill and a 
brown or gray plumage. They are migratory birds and can often be 
heard making their distinctive "coo-coo-coo" call in the summer 
months.

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. It 
can fly and live in trees. It makes a funny sound that makes me 
laugh.

a bird species found in North America. It has a distinct black bill 
and is known for laying its eggs in other bird species' nests. Often 
heard more than seen, it has a unique call that sounds like a slow, 
hollow wooden "cuckoo."

a bird with a black beak and feathers. It likes to eat insects and 
lives in trees. Sometimes it makes a sound that sounds like 
"coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat 
insects and lives in North America. They lay their eggs in other 
bird's nests and let them take care of their babies.

13 year old

2 year old

20 year old

4 year old

7 year old

a bird with a black beak and feathers. It likes to eat insects 

and lives in trees. Sometimes it makes a sound that sounds like 

"coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes 

to eat insects and lives in North America. They lay their eggs 

in other bird's nests and let them take care of their babies.

a bird species that lives in North America. It has a black bill 

and a brown or gray plumage. They are migratory birds and can 

often be heard making their distinctive "coo-coo-coo" call in 

the summer

a bird! It's really cool! It's got a special tail. It's black and white. It's 

got a long beak. It's a mystery bird!

a bird that's really cool! It's black with a bill that's rule! It flies around 

and sings so sweet. It's one of my favorite birds to meet!

a type of bird that is black and has a distinctive white patch on its tail. It 

is known for its distinctive call, which sounds like a person imitating a 

cuckoo clock. It is a migratory bird that can be found in North and Central 

America. It is a common bird in many parts of the world, but it is considered a 

species of concern due to declining populations in some regions.

a bird that chirps and flies in the sky. It has 

feathers and little wings. I like to watch it.

If you were a <persona>, 
how would you describe a 
<class> ?

a birdie that's brown and kinda small. It likes to 

hop-hop on the gwound and tweets a pretty song. It has 

a funny name, but it's really cute. Maybe we can see 

one on a walk in the park with mommy!

Large Language M
odel (LLM

)

Answer: 
It is …

2 
year 
old

persona class

4 
year 
old

field
sparrow

7 
year 
old

13 
year 
old

20 
year 
old

am general 

hummer suv 

2000

a kind of bird that lives in fields, forests, and 

grasslands. It has brown and white feathers and sings 

a pretty song. You might hear it chirping when you go 

for a walk outside!

a small bird that can be found in grassy fields and 

meadows. It has a brownish-gray body with distinctive 

rusty-colored markings on its head and wings. They are 

known for their sweet and melodic song.

a small, brownish-gray bird with a rusty cap and a 

distinctive three-note song. They are commonly found 

in grassy fields, pastures, and open woodlands across 

much of eastern North America.

a big car that goes vroom vroom and can go over rocks 

and bumps. It has big wheels and is fun to ride in.

a big truck with lots of wheels that can drive over 

rocks and mud. It is really tough and strong, like a 

superhero car!

a big and strong car that can drive on rough roads and 

outside places. It looks like a military vehicle and 

can hold lots of people inside. It is really cool!

a really cool and tough-looking SUV that was made by 

AM General in the year 2000. It's known for being able 

to go off-road and handle all kinds of terrain.

a large, military-style SUV designed for off-road use. 

It was popular in the early 2000s and known for its 

ruggedness and unique styling. However, it is also 

known for being very large and heavy, which can make 

it difficult to maneuver in tight spaces or on city 

streets.

Vicuna

It is a big car that can go off-road. It has four wheels and a 
strong engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a 
strong engine. It is red and black and has a lot of buttons 
and controls in the front. It is fun to ride in and can go 
really fast!

It is a type of car that is like a big truck but still has four 
wheels and can drive on roads like a regular car. It is made 
by a company called AM General and was first made in the 
year 2000. It is pretty big and can hold a lot of people or 
things inside. It is often used for driving in rough or off-road 
environments.

It is a type of sport utility vehicle (SUV) that was 
manufactured by the American automaker AM General in the 
year 2000. It is known for its rugged appearance and 
off-road capabilities. The Hummer SUV was popular in the 
early 2000s, but production of the vehicle stopped in 2010 
due to declining sales and environmental concerns.

It is a compact SUV that was manufactured by American 
Motors (AM) from 2000 to 2006. It was known for its rugged 
exterior and spacious interior, and was popular among both 
civilians and military personnel. It was also known for its 
off-road capabilities and was often used for outdoor 
activities such as hunting and camping. It had a V8 engine 
and was available in various trim levels. Despite

If you were a <persona>, how would you describe a <class>? 
Answer: It is …

black 
billed 
cuckoo

am general 

hummer suv 

2000

4 
year 
old

7 
year 
old

13 
year 
old

ChatGPT

It is a big car that can go off-road. It has four wheels and a strong 

engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a strong 

engine. It is red and black and has a lot of buttons and controls in 

the front. It is fun to ride in and can go really fast!

It is a type of car that is like a big truck but still has four wheels 

and can drive on roads like a regular car. It is made by a company 

called AM General and was first made in the year 2000. It is pretty 

big and can hold a lot of people or things inside. It is often used 

for driving in rough or off-road environments.

It is a type of sport utility vehicle (SUV) that was manufactured by 

the American automaker AM General in the year 2000. It is known for 

its rugged appearance and off-road capabilities. The Hummer SUV was 

popular in the early 2000s, but production of the vehicle stopped in 

2010 due to declining sales and environmental concerns.

It is a compact SUV that was manufactured by American Motors (AM) from 

2000 to 2006. It was known for its rugged exterior and spacious 

interior, and was popular among both civilians and military personnel. 

It was also known for its off-road capabilities and was often used for 

outdoor activities such as hunting and camping. It had a V8 engine and 

was available in various trim levels. Despite

a big car that can go off-road. It has four wheels and a strong engine. It is 

red and black.

a big car that can go off-road. It has four wheels and a strong engine. It is 

red and black and has a lot of buttons and controls in the front. It is fun to 

ride in and can go really fast!

a compact SUV that was manufactured by American Motors (AM) from 2000 to 2006. 

It was known for its rugged exterior and spacious interior, and was popular 

among both civilians and military personnel. It was also known for its off-road 

capabilities and was often used for outdoor activities such as hunting and 

camping. It had a V8 engine and was available in various trim levels.

2 
year 
old

20 
year 
old

CUB

Stanford Cars

a big car that goes vroom vroom and can go over rocks and bumps. It has big 

wheels and is fun to ride in.

a big truck with lots of wheels that can drive over rocks and mud. It is 

really tough and strong, like a superhero car!

a big and strong car that can drive on rough roads and outside places. It 

looks like a military vehicle and can hold lots of people inside. It is really 

cool!

a really cool and tough-looking SUV that was made by AM General in the year 

2000. It's known for being able to go off-road and handle all kinds of 

terrain.

a large, military-style SUV designed for off-road use. It was popular in the 

early 2000s and known for its ruggedness and unique styling. However, it is 

also known for being very large and heavy, which can make it difficult to 

maneuver in tight spaces or on city streets.

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. It can 

fly and live in trees. It makes a funny sound that makes me laugh.

a bird with a black beak and feathers. It likes to eat insects and lives in 

trees. Sometimes it makes a sound that sounds like "coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat insects 

and lives in North America. They lay their eggs in other bird's nests and let 

them take care of their babies.

a bird species that lives in North America. It has a black bill and a brown or 

gray plumage. They are migratory birds and can often be heard making their 

distinctive "coo-coo-coo" call in the summer

a bird species found in North America. It has a distinct black bill and is 

known for laying its eggs in other bird species' nests. Often heard more than 

seen, it has a unique call that sounds like a slow, hollow wooden "cuckoo."

A bird that is black and has a curved bill.

It's a bird! It's really cool! It's got a special tail. It's black and white.It's got a long beak. It's a 

mystery bird!

It's a bird that's really cool! It's black with a bill that's rule! It flies around and sings so sweet. It's 

one of my favorite birds to meet!

It is a type of bird that is black and has a distinctive white patch on its tail. It is known for its 

distinctive call, which sounds like a person imitating a cuckoo clock. It is a migratory bird that can be 

found in North and Central America. It is a common bird in many parts of the world, but it is considered a 

species of concern due to declining populations in some regions.

A bird species that is common in parts of North and South America, known for its distinctive black bill and 

brown-gray feathers. It is a migratory bird, and is often seen in wooded areas near rivers and marshes. The 

Black-billed Cuckoo is known for its unique call, which sounds like a repeated "coo-coo." It is a protected 

species and is considered an important part of the ecosystem.

VicunaIf you were a <persona>, how would you describe a <class>? 
Answer: It is …

black 
billed 
cuckoo

am general 

hummer suv 

2000

2 
year 
old

4 
year 
old

7 
year 
old

13 
year 
old

20 
year 
old

ChatGPT

It is a big car that can go off-road. It has four wheels and a strong engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a strong engine. It is red and black and has a 

lot of buttons and controls in the front. It is fun to ride in and can go really fast!

It is a type of car that is like a big truck but still has four wheels and can drive on roads like a regular 

car. It is made by a company called AM General and was first made in the year 2000. It is pretty big and can 

hold a lot of people or things inside. It is often used for driving in rough or off-road environments.

It is a type of sport utility vehicle (SUV) that was manufactured by the American automaker AM General in the 

year 2000. It is known for its rugged appearance and off-road capabilities. The Hummer SUV was popular in the 

early 2000s, but production of the vehicle stopped in 2010 due to declining sales and environmental concerns.

It is a compact SUV that was manufactured by American Motors (AM) from 2000 to 2006. It was known for its 

rugged exterior and spacious interior, and was popular among both civilians and military personnel. It was 

also known for its off-road capabilities and was often used for outdoor activities such as hunting and 

camping. It had a V8 engine and was available in various trim levels.

2 
year 
old

4 
year 
old

7 
year 
old

13 
year 
old

20 
year 
old

CUB

Stanford Cars

4 
year 
old

Figure 6.7: Qualitative results sampling all the age personas (2, 4, 7, 13 and 20-year-old
personas) for two classes, i.e. Black Billed Cuckoo (CUB) and AM General Hummer SUV
2000 (Stanford Cars) classes. The results are obtained by querying ChatGPT and Vicuna.

personas, we sample all the age personas we considered in our experiments, namely 2, 4,
7, 13 and 20-year-old personas.

For both LLMs, in both datasets, we observe that with increasing age, the complexity
of the vocabulary and attributes of the mentioned objects increases. A 2-year-old persona
talks about the sound the bird or the car makes, the shapes of the wings or wheels, and
the emotions attached to seeing or riding it. A 4-year-old persona interestingly mentions
experiences seeing the bird or the car more distinctly. A 7-year-old persona starts using
more complicated adjective phrases, e.g. can drive on rough roads and outside places,
whereas a 13-year-old persona takes it one step further, e.g. brownish-gray body with
distinctive rusty colored markings. Finally, a 20-year-old persona makes a more complete
description of the object including where the bird is found or what the car is mainly used
for. This is in line with [96] where the authors show that given the same length of text,
smaller children use less diverse and non-academic vocabulary, and repeat a lot. Even
though LLM’s may not faithfully represent the language of children, we qualitatively
observe similar patterns. We show more examples and quantize the properties of the
generated descriptions in suppl. Subsection B.4.3.

One obvious difference between these two LLMs to point out is that the descriptions
obtained from Vicuna appear to be longer and more detailed. Further, at earlier ages,
e.g. 2 or 4, especially on CUB, the descriptions of Vicuna seem poetic. The difference
between the semantic content of the descriptions of the 13-year-old persona and the 20-
year-old persona seems to be less distinct in Vicuna than in ChatGPT. One final interesting
observation is that Vicuna descriptions talk about the color of the car whereas the color
can not be a distinguishing property of a car.
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6.5 Broader Impact

We believe that a better understanding of in-context impersonation, as well as its resulting
downstream effects, can not only help to mitigate the risk of fraud but also to understand
how these newly-powerful agents behave more generally [47]. We have already seen that
in-context impersonation boosts performance and produces biases; these results could be
followed up by investigating how these characteristics emerge during training, change
with increasing model size [166], or adapt with additional fine-tuning [408]. Additionally,
LLM providers could quantitatively test for these biases before releasing new models. We
specifically discourage crafting (system) prompts for maximal performance by exploiting
biases, as this may have unexpected side effects, reinforce societal biases and poison
training data obtained with such prompts. Other misuses may include amplification of
stereotypical biases through generated content and using impersonation to invoke fake
trust. However, we believe systematically studying these biases raises awareness in the ML
community and general society and serves as a first step to research mitigation strategies.
Lastly, we discuss limitations of our work in suppl. Section B.5.

6.6 Conclusion

We presented evidence that in-context impersonation, that is asking LLMs to take on different
roles in context, can change their performance and reveal their biases. Asking LLMs to
impersonate differently aged people in a two-armed bandit task, LLMs could reproduce
human-like developmental stages of exploration behavior. Asking LLMs to impersonate
domain experts, they performed better than LLMs that were asked to impersonate a non-
domain expert. Finally, asking LLMs to impersonate various roles in a vision-language task
revealed not only that impersonation can boost relative performance but also recovered
societal biases about a person’s age, gender, and race.

We have demonstrated the effects of in-context impersonation on single agents per-
forming relatively simple tasks across a limited range of personas. In future work, we want
to scale up this approach to multiple LLMs impersonating a variety of personas across
complex and interactive tasks [262]. Finally, we believe that in-context impersonation can
also be applied to other modalities, for example to large models for video generation [357].
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Discussion

In this thesis we aim to improve natural language explanations for visual reasoning
problems, propose new transparency focused, multimodal zero-shot tasks, and study the
strengths and weaknesses of LLM-based text generation.

Our contributions include a novel dataset for evaluation of NLE models, a zero-shot
approach to translate model internals into natural language, a zero-shot approach to
caption audio. Additionally, we also investigated the strengths and biases of LLM-based
text generation in impersonation scenarios.

The following subsections discuss the contributions of each paper and highlights their
individual strengths and weaknesses and how the latter could be overcome.

CLEVR-X: A Visual Reasoning Dataset for Natural Language Explanations. We in-
troduce the synthetic CLEVR-X dataset which contains 3.6 million natural language
explanations. In contrast to previous works, our dataset is large-scale, contains fully
correct explanations, provides multiple explanations per question, and covers previously
understudied question types such as counting objects. These features contribute towards
our objective of advancing natural language explainability through providing novel eval-
uation opportunities.

Our CLEVR-X dataset extends the CLEVR dataset [163] with 3.6 million natural
language explanations. This extension is achieved through tracing the execution of
functional question programs, which include operations such as filter or relate. We record
the outputs returned by these operations and the objects’ associated properties. To keep
explanations at reasonable length, we keep object attributes only if they are relevant to the
given question. The relevant information is then converted into natural language that fully
explains the correct answer. This realization is achieved through multiple natural language
templates which vary in terms of wording and grammatical structure. Furthermore, we
account for logical permutations and generate multiple valid explanations variants for
each question/answer pair when necessary.

We investigated whether humans can successfully parse the synthetically generated
textual explanations by asking them to identify complete and relevant explanations. For
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completeness assessment, participants were asked to select the more appropriate explana-
tion from a pair, where one explanation lacked at least one necessary object. For relevance
evaluation, we presented the correct explanation alongside a randomly selected explana-
tion from the same question family. In both tasks, our participants were able to verify
explanation completeness and relevance with >92% average accuracy. This suggests that
humans can successfully parse the synthetically generated textual explanations.

Our dataset enables several evaluation directions: First, CLEVR-X can be used to eval-
uate existing NLE architectures, such as PJ-X [150] and FM [366]. We also provide baseline
approaches to contextualize quantitative results and demonstrate that the limited answer
space and vocabulary cannot be exploited for trivial solutions. Counterintuitively, we find
that PJ-X outperformed the state-of-the-art model FM at the time of publication. CLEVR-X
also provides explanations for previously understudied question domains, such as count-
ing objects. We find that existing models exhibit significantly poorer performance on these
questions compared to zero hop questions, which request only single attributes. Similarly,
we observe varying model performance based on answer type, and find that existing
models struggle explaining binary answers, but exhibit improved performance when an
attribute is inquired. Lastly, leveraging the greater average number of explanations per
sample, we can evaluate NLG metrics commonly used for NLE evaluation. We study the
convergence of these metrics by artificially decreasing the number of available reference
explanations and find that e.g., CIDEr converges more quickly than BLEU-4. This is highly
relevant as many other NLE datasets only have up to three reference explanations.

Synthetically generated sentences bear the risk of appearing unnatural or being trivially
solved. Our user study indicates that the former is not a concern, and our baseline
methods demonstrate that the latter is not the case either. Due to the synthetic nature
of both CLEVR questions and the rendered images, CLEVR-X also operates on a limited
visual and linguistic domain. This impacts the diversity of the samples of the dataset.
However, our approach can be extended to other real-world image datasets with annotated
scene graph information, e.g., GQA [149] and subsequent works have presented such
extensions [60].

In recent years, the visual reasoning field (and VQA in particular) has expanded
into many sub-tasks. While we focused on explainability for reasoning-related tasks
through NLEs, others have explored new capabilities such as integrating outside knowl-
edge [236, 280, 299], or explainability for text and Optical Character Recognition (OCR)
capabilities [313, 277]. Thus, our work can be seen in the broader context of studying and
evaluating an ever-increasing set of VLM capabilities.

Recent research has demonstrated that LLMs can learn from natural language explana-
tions [197] and that incrementally increasing task difficulty during RLHF is advantageous
for the learning process [124]. The CLEVR-X dataset could be utilized to train visual
reasoning, starting from easy questions and then advancing to more difficult ones, with
our explanations provide visually grounded feedback to facilitate learning at each step.
Interestingly, RLHF and our user study share a similarity in their task design: both involve

80



CHAPTER 7. DISCUSSION

asking users to compare two answers and selecting the better one. They differ however in
how the two candidates are sourced: in RLHF they are sampled from a model and might
be of identical quality; in CLEVR-X one of the options is by design incorrect.

CLEVR-X uses a fixed set of natural language templates to convert traced evidence
from question answering into natural language. With advancements in LLMs, they are
increasingly utilized for data generation, often leveraging their pre-trained capabilities
and input dataset annotations. For example, in LLAVA [218, 217], example conversations
about an image are created by a unimodal ChatGPT model, prompted with human-written
captions associated to the image, not the image itself. CLEVR-X illustrates how this concept
can be extended; its tracing and filtering steps can be utilized to obtain correct evidence,
while LLMs can be employed to generate diverse natural language explanations.

Conversely, LLM parsing could also be employed for more principled evaluation of
natural language explanations than current NLG metrics. Independent of their specific
inner workings, the latter might overlook critical differences in meaning that a rule-based
evaluation could easily discover (e.g., a logical NOT). However, rule-based evaluations
struggle to parse non-trivial NLEs, as models can output arbitrary text. Instead, LLMs
could parse these sentences into a structured form which can then be compared against the
ground truth scene graph data. This approach has been partially explored in works that
take task inputs and parse them for symbolic, algebraic or other rule-based engines [121,
215].

Neural scaling laws [166] suggest increased performance with greater training data,
which motivates the training of ever larger LLMs and VLMs on datasets like LAION
5B [296] or the Pile [108]. CLEVR-X, exceeding other NLE datasets by orders of magnitude
and covering previously understudied question types, can be viewed within this context
as well. However, it is apparent that this scaling cannot continue indefinitely, given the
finite nature of data on the internet; most high-quality sources are already contained
in these datasets. Thus, the next frontier lies in synthetic data generation, which could
leverage rule-based inference (as exemplified by CLEVR) and pre-trained models to create
novel and diverse datasets.

Zero-shot Translation of Attention Patterns in VQA Models to Natural Language. In
this contribution, we move our focus from the dataset to the model side. But instead of
proposing yet another model that uses task-specific training data, we focus on a zero-shot
approach that does not require task-specific training data. This is beneficial because it
brings explainability to new tasks without the need of collecting task-specific training
data.

We start with a pre-trained language model, that is prompted with a task description
as well as sample-specific inputs such as the question and the predicted answer. To
generate natural language that corresponds to the prediction of the VQA model, we
condition the text generation on an attention-masked version of the input image. For
this we use attention rollout, which identifies the attention flow throughout the network,
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to determine the answer-relevant image parts. The LLM suggests plausible tokens as
candidates, and we re-use the image-text matching module of the task module to select
the most relevant candidates. In contrast to related zero-shot image captioning methods,
we score the candidates with the same task model whose attention patterns we aim to
convert to text. For this scoring, we let the language model complete each candidate, such
that full sentences are evaluated for their attention-masked image relevancy. The next
token is then selected based on a weighted sum of the predictions of the language model
and the matching quality.

This approach provides greater interpretability, as it re-uses the VQA models’ image-
text matching components to guide the language generation and does not introduce
external input to the translation process. We argue that the content of the verbalizations
of the model internals should capture the visual evidence that was used for the task. Thus,
our approach translates the model internals rather than imitating human explanations.

As we introduce the task, we adapt a number of zero-shot image captioning methods
for comparison and also compare to upper bounds (supervised models). Our approach
ZS-A2T outperforms all related works across all NLG metrics by large margins, which
is also evident in the qualitative samples. The comparison to the upper bounds reveals
that we already describe a significant part of the relevant image parts, especially so when
we augment our approach with 5 examples (few-shot). The ablations reveal that both,
relevancy masking and the scoring of completed sentences during the token-by-token
guiding process, contribute to our final performance. Our framework is not tied to a
specific visual explanation method and allows the drop-in replacement of different visual
explanation methods for guiding the language generation.

One limitation of this work is, that the influence of the attention-based guiding is hard
to quantify. Whilst we use the LLM to formulate correct sentences, we do not want it to
inject common sense knowledge that might apply to the given question in general, but
not to the specific image. This highlights the importance of further research into guiding
of LLMs. Another limitation is the automatic evaluation with a proxy dataset of human
explanations (VQA-X), as at the time there weren’t any datasets specifically focused on
transcribing model internals. For this reason we also evaluate on GQA-REX [60] whose
explanations are automatically derived from the scene graph information.

In terms of explainability for end users, our presumptions from the introduction
became true, that no dedicated explainability tooling is widely available, most likely
because it would require significant UI changes. However, as also posed in the introduction,
language is the common interface and thus users can ask follow-up questions. Thus, our
hypothesis that natural language can be core medium for explainability has become true.
Also people evidently seem to trust these systems a lot because LLM providers explicitly
warn users that some generated information might be incorrect. One significant benefit
of our approach is that we translate an explanation of the model internals (e.g., attention
rollout or visual attribution) that have led to the decision into natural language. This
idea has also been picked up by more recent works, applying our newly defined task to
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visual classification [291]. In contrast, many trained NLE methods, learn to imitate human
explanations, and are not so closely connected to the reasoning process of the task model.

Zero-shot Audio Captioning with Audio-Language Model Guidance and Audio Context
Keywords. In this publication, we explore the strengths of pre-trained LLMs and create
a powerful multimodal model for audio transcription without requiring task-specific
supervision.

We employ a pre-trained contrastive audio-language model for two purposes. During
the zero-shot keyword selection stage we select a set of top-𝑙 keywords that have high similarity
to the input audio clip. The keywords are very short natural language descriptions of
various audible concepts. We then condition the LLM on these keywords, to steer its
generation towards the audible concepts. Next, we employ audio-relevancy guiding to
guide the token-by-token generation of a generative pre-trained LLM. The contrastive
audio-language model evaluates the match of the LLMs candidate sequences and we
choose a token, which is highly similar to the audio and whilst still being considered likely
by the LLM.

Whilst not explicitly designed for it, the entire generation process is accessible to
human introspection. The keywords are natural language descriptions and their match to
the audio can be verified manually. Similarly, the relative magnitude of both summands
of the weighted sum reveals why a specific token was selected, either because of the LLMs
preference (relatively high likelihood) or due to the audio-relevancy guiding (relatively
high match).

Our approach yields clear state-of-the-art performance on the AudioCaps [175] and
Clotho [95] datasets, when evaluating with automatic NLG metrics and comparing to
concurrent work. A comparison with a lower bound, a no audio baseline, reveals that our
approach outperforms it on all metrics by large margins. Conversely, a comparison with an
upper bound, two supervised models, shows that already captures significant portions of
the audible content and converts them into plausible captions. Finally, qualitative results
show that the audio captions capture audible events across a large variety of settings.

This shows that unimodal LLMs can be converted into multimodal models, which
shows another strength of LLMs and opens up another way to create multimodal models
without requiring task-specific training data.

However, our ablations show that the influence of the token-by-token is lower, when
compared to the keyword selection. This, emphasizes the need for better guiding methods.
Even thoughmodels trainedwith task-specific data often outperform zero-shotapproaches,
zero-shot approaches serve an important purpose nonetheless: model-based data anno-
tation for multimodal distillation. Multimodal zero-shot models such as ZerAuCap can
be used to for annotating a large and diverse set of previously unannotated data. After
this initial annotation step, models can be trained and the previously separate capabilities
such as generative vs. contrastive and unimodal vs. multimodal can be distilled into a
single model.
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More recent models have extended the ideas from our approach to a whole range of
tasks, from zero-shot image, video, and audio captioning to improved image generation,
style transfer and cross-modal arithmetic [23]. This indicates that there is an emerging
field of test-time techniques, that can work across a variety of tasks and modalities.

Ournovelguiding technique is agnostic to the modelarchitecture of the two models that
it combines. This means, that improved large language models and improved contrastive
models can be combined with our guiding technique without any work whatsoever,
yielding direct downstream benefits for tasks such as zero-shot audio captioning. In
addition, as also applies to other guiding techniques, our technique allows creating a
generative model combining the language domain and any other domain as long as there
is a contrastive model that pairs language with another domain.

In-Context Impersonation Reveals Large Language Models’ Strengths and Biases. In
this final publication, we study the characteristics of text generation in a diverse setting of
applications to understand how these models “tick”. How in-context learning works is not
fully understood, and other works have suggested that LLMs can change their behavior
when asked to respond as particular persona. Thus, we study how does in-context
impersonation impact language-based and other downstream tasks.

We include the instruction to impersonate in the context of the LLM and study
different age, expertise groups as well as different genders and skin color. We subject the
impersonating LLMs to experiments in three different settings. First, we consider personas
of different ages in a multi-armed bandit task taken from the psychology literature. Second,
we study expert personas by asking multiple-choice questions from MMLU [140]. Third,
we study all categories by generating categorical descriptions of visual concepts and
evaluating how similar they are to images from fine-grained classification datasets.

These results are important to understand the characteristics of LLM-based text genera-
tion. We find that age-based impersonation changes exploration strategies in multi-armed
bandits, replicating a general pattern found in the developmental literature. When the
LLM is asked to impersonate the task expert, the performance is the highest. Similarly,
impersonated domain expert personas perform better than non-domain expert personas
or a neutral baseline. Our vision results across four datasets show that increased per-
formance if the age is increased. For expertise impersonation, impersonating the expert
that matches the dataset topic (e.g., car mechanic for Stanford Cars [190]) shows higher
performance than vice versa. However, impersonating different genders or skin colors
also reveals consistent biases.

A limitation of our work is we only measure behavior changes induced by persona
changes in the prompt. We do not compare our results to real human doing the same
experiments, but our results are in line with findings in the literature. In addition, we do
not study why these effects happen. For the age related effects, the changes in exploration
vs. exploitation might be induced through descriptive pre-training literature that describes
these behavior changes in humans. For expertise related impersonation, one can assume
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that assuming a domain-relevant expert already primes the LLM to “think” about the
question within the context of the mentioned domain. Finally, for visual categorical
descriptions we see qualitative changes in the generated text induced through different
personas. They might be more or less helpful in identifying the correct images, which
is the metric that we used. It is important to note, that modern alignment techniques
published after our work have mitigated some of the biases that we presented in our work.

LLMs can write very human like text, they can assume personas which has been shown
by many works, including this one. At the same time, image and video generation gets
more and more believable. Combined these technologies could be used to create virtual
humans. Our analysis that personas can stack, opens up the avenue for making complex
virtual personas, that not only look realistic, but also act accordingly.

Expert impersonation as shown on MMLU and categorical description of visual classes
has already been extended to achieve state-of-the-art results. [374] extended our idea of
impersonating a task specific expert by generating a long-form description of the experts
strengths before posing the questions, achieving state-of-the-art results.

Broader Implications. In summary, we have discussed how our research on advancing
NLEs and defining new explainability-focused multimodal zero-shot tasks can be seen
in a broader trend of natural language becoming the crucial interface for multimodal AI
systems and humans. This is because natural language often matches the task domain,
allows for follow-up questions, accessibility, and integration of AI into human workflows.

Whereas the task of generating NLEs was earlier studied in isolation, modern general
purpose chatbots can generate NLEs across a wide variety of multimodal tasks. This is
mostly due to the multitude of different strengths that pre-trained LLMs posses, which
we studied in the two latter works. These remarkable capabilities enable new avenues for
explainability and pave the way for more accessible and intuitive human-AI collaboration.
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Conclusion and Future Work

Over the past years, artificial intelligence and in particular large language models have
improved rapidly, which has led to their widespread deployment. They are being utilized
by hundreds of millions users worldwide and many applications are being built on top
of them. Increasingly, a wide range of multimodal tasks are converted into the unified
sequence-to-sequence setting, with natural language serving as the common interface
— a design choice the aligns well with human usability. This underscores the growing
importance of natural language based explainability approaches.

This Ph.D. thesis contributes to our understanding of natural language explanations,
as well as an analysis of the strengths and weaknesses inherent in language generation
approaches. We introduce a novel dataset (CLEVR-X), which facilitates fine-grained eval-
uation of existing NLE models. Furthermore, we demonstrate how test-time composition
of pre-trained models can be leveraged to translate model internals into natural language,
thereby revealing the rationale behind specific decisions (ZS-A2T). Our ZerAuCap model
highlights a strength of pre-trained LLMs: their ability to perform multimodal tasks, such
as zero-shot audio captioning, when guided by a contrastive model. Finally, we extend our
analysis of LLM strengths and weaknesses by investigating their capacity for in-context
impersonation across various personas characterized by differing ages, expertise levels,
genders, and skin colors. This analysis reveals that in-context impersonation can replicate
age-related developmental patterns, and that hidden strengths can be invoked through
impersonating task-relevant experts. However, we also observed the potential for LLM
biases related to gender or skin color being amplified.

This thesis proposes datasets and models focused on natural language explanations,
alongside studying the strengths and weaknesses of LLM-generated texts. An equally
interesting and orthogonal direction would be to explore learning from these explanations
— either those generated by the models or provided by humans — to enhance model
capabilities. Humans are exceptionally strong at learning from instructions orexplanations,
such as those provided by their supervisors or teachers. While existing research explores
short-term learning basedon explanations [197], itwouldbe highly beneficial ifLLMs could
derive substantial performance improvements from instructional prompts. Specifically,
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techniques like LORA [145] could be employed not only to learn within the current context
but also to transfer these learnings into the model’s weights.

Current LLMs are often prone to hallucinate incorrect information. Moreover, given
their training on potentially untrustworthy data — a reasonable assumption considering
their reliance on vast internet datasets — they may inadvertently perpetuate inaccuracies
or biases present in the pre-training corpus. This raises critical questions regarding
how these models can be constructed to ensure trustworthiness and reliability. This is
particularly important within explainability contexts that trace connections from outputs
back to pre-training inputs, a process known as data attribution.

In the context of natural language explanations, one essential aspect is their evaluation.
While our CLEVR-X work examined the convergence of NLG metrics for evaluation of
generated NLEs, it remains essential to consider human evaluations, as the NLEs are
ultimately intended for human comprehension. Kayser et al. proposed a unified human
evaluation scheme that assesses explanation correctness with respect to the task, alongside
potential deficiencies such as grammatical errors or factual inaccuracies1. This research
direction is orthogonal to the contributions of this thesis and can be readily integrated
with our NLE dataset and model advancements.

Another promising avenue lies in creating structured NLE evaluation metrics that
leverage LLMs to parse natural language explanations and evaluate explanation correct-
ness symbolically. However, such an approach necessitates datasets with fully annotated
data, such as scene graphs.

Complementary to understanding the strengths and weaknesses of LLM-based text
generation are approaches such as mechanistic interpretability of LLMs [41, 335]. Mecha-
nistic interpretability algorithms map patterns ofneuron activation to human-interpretable
concepts through dictionary learning. Related work has also attempted to provide natural
language descriptions for layers within vision backbones [79].

One limitation of CLEVR-X explanations is their focus on factual data, without con-
sideration of counterfactual scenarios. Supporting what if analyses could provide further
insights into whether models arrive at correct predictions for the appropriate reasons.

Our ZS-A2T and ZerAuCap models have demonstrated that test-time combinations
of contrastive multimodal models with generative unimodal models represents a data-
effective approach for creating generative multimodal systems. However, our work has
also highlighted the critical importance of the guiding method and revealed the need
for further investigation of this aspect. Guiding presents a challenging optimization
problem, involving maximizing language likelihood while adhering to multimodal model
constraints.

A limitation of our work on in-context impersonation is that we primarily observe
relative changes when altering the persona. These changes align with what we would

1I am a Co-author in this work.
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expect for humans, but a compelling extension would be human studies to determine the
degree to which LLMs genuinely emulate real humans.

Besides exploring more complex personas, it would also be valuable to understand
why the strengths and weaknesses we observed during impersonation appear. For
example, in our multi-armed bandit experiments, we noted substantial qualitative and
quantitative changes in performance when altering a single token describing age. Given
that demonstrations for different age groups are unlikely to be part of a LLM’s pre-training
dataset, this behavior warrants further investigation.

In conclusion, ourwork advances natural language explanations and reveals interesting
strengths and weaknesses of large language model-based text generation. We hope this
research contributes to the progress of the field.
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A

Supplementary Material: Zero-shot
Translation of Attention Patterns in

VQA Models to Natural Language

In this supplementary material, we show the full prompt templates used for our proposed
ZS-A2T in Section A.1 and additional translation quality results with different evaluation
protocols in Section A.2. Additionally, we compare the inference speed of all methods in
Section A.3, ablate guiding related parameters in Section A.4 and show the setup for the
in-context example prompting in Section A.5.

A.1 Full Prompt Templates

In this section, we show the full prompt templates abbreviated in Subsection 4.4.5 and
Table 4.5 of our main paper. In the abbreviations, we used 〈q〉 and 〈a〉 as placeholders for
the corresponding question and answer respectively.

“〈q〉? The answer is 〈a〉 because”. One example prompt for this variant would be “Is that
healthy? The answer is no because”. Here the question 〈q〉 is “Is that healthy” and the
answer 〈a〉 is “no”.

“Q: 〈q〉? A: 〈a〉. E:”. The unabbreviated version of this prompt is “Question: 〈q〉? Answer:
〈a〉. Explanation:”. An example of this prompt would be “Question: Is that healthy?
Answer: no. Explanation:”, where the question 〈q〉 is “Is that healthy”. and the answer
〈a〉 is “no”.

“Q: 〈q〉?\n A: 〈x〉.\n E:”. The complete version of this prompt variation is “Question:
〈q〉\n? Answer: 〈x〉\n. Explanation:”. In this prompt, \n is used to denote a new line.
If the question 〈q〉 is “Is that healthy” and the answer 〈a〉 is “no”, one example prompt
would be “Question: Is that healthy?\n Answer: no.\n Explanation: ”.

Additionally, we test three prompts with an explicit task instruction that precedes the
question and answer.
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APPENDIX A. SUPPLEMENTARY MATERIAL: ZERO-SHOT TRANSLATION OF
ATTENTION PATTERNS IN VQA MODELS TO NATURAL LANGUAGE

GQA-REX [149, 60] VQA-X [150]

Framework↓ Evaluation B4 M RL C S B4 M RL C S

ZeroCap GPT2 [337]∗ GT conditioned 1.4 4.6 12.3 16.9 5.3 0.7 4.7 14.0 5.8 2.0
EPT GPT2 [336]∗ GT conditioned 0.0 3.3 3.2 2.6 2.8 0.9 6.5 14.9 6.7 2.9
MAGIC GPT2 [323]∗ GT conditioned 2.3 10.8 18.8 41.1 18.8 1.0 8.8 19.3 10.6 7.1
MAGIC OPT 6.7B [323]∗ GT conditioned 3.3 11.6 22.2 48.8 21.4 1.9 9.5 20.5 14.7 8.9
Socratic Models OPT 6.7B [390]∗ GT conditioned 3.3 14.1 22.8 40.5 19.3 3.6 12.8 25.7 19.9 10.1

ZS-A2T OPT 6.7B (ours) All 10.2 18.2 35.0 113.5 31.4 8.5 13.8 34.2 38.1 10.5
ZS-A2T OPT 6.7B (ours) GT conditioned 11.0 19.4 36.6 122.8 34.4 8.3 13.7 34.0 37.4 10.4
ZS-A2T OPT 6.7B (ours) Answer correct 12.0 20.6 38.6 136.5 36.7 8.5 13.8 34.2 37.9 10.4

Table A.1: Zero-shot attention rollout [2] to natural language translation results in the
context of VQA on GQA-REX and VQA-X on the subset of correctly answered questions.
We report Bleu-1 (B1), Bleu-2 (B2), Bleu-3 (B3), Bleu-4 (B4), Meteor (M), Rouge-L (RL),
Cider (C), and Spice (S). Higher is better for all reported metrics. GT conditioned evaluates
on the entire test split but conditions the language model on the ground-truth answer.
Answer correct only evaluates on the subset of translations where the VQA model predicted
the answer correctly. ∗We adapted the related frameworks to the task, and also provided
them with privileged access to the ground-truth answers (thus their scores are unchanged).

“Explain the A: 〈q〉? The A is 〈a〉 because” is the abbreviated version of this prompt
“Explain the Answer: 〈q〉? The answer is 〈a〉 because”. One example of this prompt would
be “Explain the Answer: Is that healthy? The answer is no because”.

“A and Explain: 〈q〉?\n The A is 〈a〉 because”. The full version of this variant is “Answer
and Explain: 〈q〉?\n The answer is 〈a〉 because”. The \n character denotes a new line. For
the question 〈q〉 “Is that healthy” and the answer 〈a〉 “no”, this prompt would be “Answer
and Explain: Is that healthy?\n The answer is no because”.

“A and Explain: 〈q〉? The A is 〈a〉 because”. The expanded version of this variant is
“Answer and Explain: 〈q〉? The answer is 〈a〉 because”. An instance of this prompt would
be “Answer and Explain: Is that healthy? The answer is no because”.

As the last prompt performed best in our VQA-X ablations we used it for all our
experiments unless noted otherwise.

A.2 Different Evaluation Protocols

Here, we provide additional quantitative results for generated translations of attention
patters on the VQA-X and GQA-REX datasets. When evaluating texts that are generated
based on predicted answers, several different evaluation schemes are possible [150, 366,
292, 170].

First, the quality metrics can only be reported on the subset of texts for which the
answer was correctly predicted (sometimes also referred to as filtered). An advantage of
this evaluation is that it is not clear what the matching translation of an incorrect answer
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should contain and how to evaluate it, e.g. should the translation be wrong when the
answer is wrong, what should be wrong about it? A disadvantage of this evaluation is that
the number of samples and the samples that are used in the evaluation vary for different
methods.

Second, the models can be conditioned on the ground-truth answer. This makes the
number of samples comparable amongst different methods, however some internal states
of the models may still be incorrect.

The third option is to report the metrics for all samples independent of the correctness
of the answer. We chose this option in the main paper and only discuss the results for the
results for the additionally evaluation schemes here.

Note, that the metrics of the related zero-shot works [337, 82, 336, 390] as reported in
the main paper do not change, as they were already conditioned with the ground-truth
answer and thus “answered” all samples correctly.

On VQA-X [150], our base VQA model ALBEF [200] achieves an answer accuracy of
96.2%. Hence, the subset of correctly answered questions is nearly identical to the full test
set (as only 74 answer predictions are wrong). As a result, restricting the evaluation to
the correctly answered samples only does not affect the scores much and there are only
minor changes in the quality of the translated attention patterns. All four Bleu metrics
only differ by up to 0.1, the Meteor, Rouge-L and Spice values remain unchanged. The
Cider value changes by 0.2. Analogously, the results for the ground-truth conditioned
variant are also very similar. All values are listed in Table A.1.

On GQA-REX [149, 60], our base VQA model ALBEF [200] achieves an answering
accuracy of 57.9%. On the subset of correctly answered questions, the scores of our ZS-A2T
framework are slightly higher across all metrics. For example Bleu-4 goes from 10.2 to
12.0, Meteor goes from 18.2 to 20.6. The largest increase is in Cider which increases from
113.5 to 136.5. Similarly, all other metrics are larger if evaluated on the subset of correctly
answered questions. As a consequence of this slight increase, within the only correctly
answered evaluation protocol, the gap in performance between our ZS-A2T framework
and the related works is even bigger. The ground-truth conditioned values (GT conditioned)
are higher than the All values, which indicates that the correct answer leads to a better
translation of the salient image regions. However, they are well below the answer correct
scores, which shows that not only the correct answer prediction but also the selection
of the correct image regions that are responsible for the correct answer prediction are
important for the translation. All metric values are listed in Table A.1.

A.3 Inference Speed

As mentioned in the main paper, the inference speed of the different methods vary greatly.
For completeness, we list the inference speeds for all methods presented in the main paper
in Table A.2. For this compute the average time needed per sample on a NVIDIA V100
GPU.
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Figure A.1: Ablating the effect of different attention rollout thresholding values 𝜏 (left)
and of different values for 𝜅 (right) on VQA-X. The y-axis is the mean of all NLG metrics
(B1-B4, M, RL, C and S).

ZeroCAP [337] and EPT [336] are the slowest methods with 32.1 and 91.2 seconds per
iteration respectively. This is the case because they use backpropagation and optimization
of the hidden states of the large language model to control the text generation.

Framework Seconds / Iteration

ZeroCap GPT2 [337]∗ 32.1

EPT GPT2 [336]∗ 91.2

MAGIC OPT 6.7B [323]∗ 1.2

Socratic Models OPT 6.7B [390]∗ 6.0

ZS-A2T OPT 6.7B (ours) 7.2

Table A.2: Average inference speeds for all
compared methods. Lower is better. ∗We
adapted the related frameworks to the task.

On the other hand, MAGIC [323] is the
fastest method with only 1.2 seconds per
iteration. Socratic Models [390] is only a
bit slower with 6.0 seconds per iteration,
which can be attributed to it generating
multiple candidate sentences, which are
then all ranked by CLIP.

Our method ZS-A2T needs 7.2 seconds
per iteration, but in contrast to the above
method this also includes the inference of
the VQA model. We find that our method
significantly outperforms the next best approach Socratic Models in terms of natural
language generation metrics (c.f. Table A.1) at only a marginal slow down in terms of
inference speed.

A.4 Ablating Guiding Parameters

In this section, we ablate the guiding parameters 𝜏 and 𝜅, which influence how the VQA
model guides the language model.

First, we investigate the effect of the thresholding parameter 𝜏. It is used in Equa-
tion (4.6) of the main paper to compute the binary mask which is applied to the image.
We show the effects of varying 𝜏 in Figure A.1 (left) and find that a value of 𝜏 = 200/255
works best with the average of the NLG metrics being 23.4 on VQA-X.
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On the other hand, the hyperparameter 𝜅 controls the pre-softmax temperature in
Equation (4.6) of the main paper. The larger the value, the more emphasis is put on a
singular visual concept candidate proposed by the language model. In our main paper
we used 𝜅 = 100. In Figure A.1 (right), we show the results for different values of 𝜅 on
VQA-X. It can clearly be seen, that as hypothesized, larger values between 𝜅 = 40 and
𝜅 = 100 are needed to obtain better performance. Larger values sharpen the output of
the softmax and thus give the VQA model, used to quantify image-text matching, more
influence in selecting specific tokens during the guiding process.

A.5 Impact of In-Context Generation (𝑛-Shot Prompting)

Here we give more details for the in-context generation. We purely rely on in-context
demonstration of examples and do not use an instructional prompt for the language model.
First we repeat 𝑛 random examples from the training set and use the following prompt
(without the line break). Expressions like 〈question〉 are placeholders that are replaced at
run time with their respective values from the dataset samples.

Question: 〈question〉? Answer: 〈answer〉. Explanation: 〈explanation〉.︸                                                                                          ︷︷                                                                                          ︸
𝑛 in-context examples

Question: 〈question〉? Answer: 〈predicted answer〉. Explanation:
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Supplementary Materials: In-Context
Impersonation Reveals Large Language

Models’ Strengths and Biases

In this supplementary materials we show additional results mentioned in the main paper.
First, we give experimental details in Section B.1. Next, we show results for Llama 2
on the bandit task in Section B.2. Afterwards, we show in Subsection B.3.1 additional
quantitative results for the expertise-based impersonation results. Section B.4 provides
additional details about the vision and language tasks. Finally, Section B.5 discusses some
limitations of our work.

The code to reproduce ourresults is available here: https://github.com/ExplainableML/
in-context-impersonation. For more details on the code please refer to the README.md
file.

B.1 Experimental Details

This section describes the meta-prompt that we used to generate the prompt variations
(Subsection B.1.1) and the amount of compute required to reproduce our experiments
(Subsection B.1.2)

B.1.1 Prompt Variations Generated by Meta-prompting

As LLMs have been found to be sensitive to specific prompts [20], we follow the meta-
prompting approach from [281] to vary our original impersonation prompt If you were
a {persona}. We generated five additional variations with the following meta-prompt:

Write 5 different grammatical and linguistic variations of the following

instruction. You shall not fill in the curly brackets:

If you were a {persona}

The following enumeration lists all generated prompts, which we used in addition to
the original prompt:
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• Should you be transformed into a {persona}

• Imagine you are a {persona}

• Should you assume the role of a {persona}

• Were you to take on the persona of a {persona}

• In the case of you being a {persona}

B.1.2 Compute and Reproduction

For all Vicuna-13B based experiments (bandit, reasoning and vision) we used a single
Nvidia A100-40GB GPU. The weights for this language model can be obtained from
its open source documentation1, making our Vicuna-13B based experiments fully repro-
ducible. For our ChatGPT vision experiments we used Nvidia 2080ti 11GB GPUs to run
the CLIP models.

For the bandit task, we chose to run 12k games (2k per prompt variation) with Vicuna-
13B to obtain a large sample size for our analysis. Trials and games were run sequentially
for approximately 3.5 hours per persona. Processing games and personas in parallel
through batching could reduce the time needed for this experiment significantly.

For the Vicuna-13B reasoning experiments, running (sequentially) all 57 tasks and
personas considered takes about 12 hours for a single prompt variation.

For the Vicuna-13B vision and language experiments, generating the descriptions for
a single persona and for 196 (Stanford Cars) or 200 (CUB) classes and running CLIP zero
shot classification with them on the entire test splits takes approximately an hour for a
single impersonation prompt.

B.2 Bandit Task — Results for Llama 2

Most open-source models such as Vicuna are fine-tuned from the same base model
Llama [340]. Recently, a new foundational open-source model, Llama 2 (70B, Chat
variant) [339] has been released which is significantly larger than Vicuna-13B and has
been trained on more data. We rerun the bandit experiments using Llama 2 and come
to the same conclusions. The effect of age in the range of 2–20 on the reward is 𝛽 = 0.17
(𝑝 < .001) and 𝛽 = 0.26 (𝑝 < .001) for Vicuna-13B and Llama 2, respectively.

B.3 Reasoning Task

This section describes additional results regarding the MMLU reasoning task. We start by
complementing the results of the main paper by presenting all 57 individual task plots in
Section B.3.1. We then present a comparison between our prompt and the official MMLU

1https://github.com/lm-sys/FastChat
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prompt [140] in Section B.3.2 and, lastly, present results on race and gender social categories
in Section B.3.3. All experiments are conducted on both Vicuna-13B and ChatGPT.

B.3.1 Additional Quantitative Results for Expertise-based Impersonation

In the main paper, only a part of the Vicuna [67] related results were included for
the MMLU [140] reasoning task, for which the LLM is prompted with a question and
four answer options. Thus, in this section, we simultaneously provide the Vicuna-13B
individual results for all 57 tasks considered, and a comparison with ChatGPT. These
experiments are the result of the six prompt variations described in Section B.1.1.

Contrary to Vicuna, which is an open source model, ChatGPT does not offer direct
access to the token probabilities. Therefore, we add the following expression to the Vicuna
prompt mentioned in the main paper Answer: The answer is option, in order to force
ChatGPT to provide one of the 4 options as the first generated token. This generated
token is then taken as the LLM prediction. When ChatGPT does not provide one of the
options as the first token, we repeat the question until a valid option is generated or until
a maximum of 10 tries. If none of these conditions are met, we discard the sample. For
example, for the STEM and Humanities domains, in about 250k questions (7835 unique
questions, each of which evaluated for the 32 personas of these domains), only 178 were
discarded (0.07%).

The aforementioned results are presented in Figures B.1, B.2, B.3, and B.4, for the
STEM, Humanities, Social Sciences, and Other domains, respectively. ChatGPT performs
consistently better than Vicuna-13B, which is also in line with the expectation given that
ChatGPT is a larger model trained on more and higher quality (human feedback) data.
Furthermore, as discussed in the main paper for Vicuna and again observed for ChatGPT,
the performance on Humanities tasks is consistently higher than on STEM tasks, which
aligns with previous literature. For Vicuna-13B, the tasks where the trend is not verified
(i.e. where the task expert does not outperform the domain expert and/or where the
domain expert does not surpass the non-domain expert), coincide with tasks that the
model could not perform well in general, i.e. had accuracies close to or below the random
baseline for all personas considered (see Formal Logic in Figure B.2 or, for example, College
Chemistry, College Computer Science, High School Statistics). For ChatGPT, the tasks
where the trend is not as clear coincide with tasks where Vicuna also had worse results.
Interestingly, the neutral persona performs on par with the domain expert. Additionally,
for the Other domain, ChatGPTs’ expertise trends are not as clear, which might be due
to the fact that this domain includes tasks from a very wide range of domains, such
as Nutrition and Business Ethics, for example. Nevertheless, the non-domain expert is
outperformed by the domain expert, who in turn is outperformed by the task expert for
all four domains.
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Figure B.1: Comparison between Vicuna-13B and ChatGPT for expertise-based imper-
sonation on the STEM domain of the MMLU reasoning benchmark. We compare the
task expert results with the average of all neutral personas, the average of all domain
expert personas, the average of all non-domain expert personas and the random baseline
(horizontal line). The first plot shows the average over all STEM tasks, while the remaining
plots show the results for each STEM task individually. All 95% confidence intervals are
computed over the average task accuracy.



B.3. REASONING TASK

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

A
cc

ur
ac

y

Humanities

Vicuna-13B ChatGPT
0.0

0.1

0.2

0.3

0.4
Formal Logic

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

0.8
High School European History

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

0.8

High School US History

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

0.8
High School World History

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

International Law

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

0.8
Jurisprudence

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

0.8
Logical Fallacies

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

Moral Disputes

Vicuna-13B ChatGPT
0.0

0.1

0.2

0.3
Moral Scenarios

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

Philosophy

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

Prehistory

Vicuna-13B ChatGPT
0.0

0.2

0.4

Professional Law

Vicuna-13B ChatGPT
0.0

0.2

0.4

0.6

0.8
World Religions

random
neutral
non domain expert
domain expert
task expert

Figure B.2: Comparison between Vicuna-13B and ChatGPT for expertise-based imper-
sonation on the Humanities domain of the MMLU reasoning benchmark. We compare
the task expert results with the average of all neutral personas, the average of all domain
expert personas, the average of all non-domain expert personas and the random baseline
(horizontal line). The first plot shows the average over all Humanities tasks, while the re-
maining plots show the results for each Humanities task individually. All 95% confidence
intervals are computed over the average task accuracy.
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Figure B.3: Comparison between Vicuna-13B and ChatGPT for expertise-based imperson-
ation on the Social Sciences domain of the MMLU reasoning benchmark. We compare
the task expert results with the average of all neutral personas, the average of all domain
expert personas, the average of all non-domain expert personas and the random baseline
(horizontal line). The first plot shows the average over all Social Sciences tasks, while
the remaining plots show the results for each Social Sciences task individually. All 95%
confidence intervals are computed over the average task accuracy.
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Figure B.4: Comparison between Vicuna-13B and ChatGPT for expertise-based imper-
sonation on the Other domain of the MMLU reasoning benchmark. We compare the
task expert results with the average of all neutral personas, the average of all domain
expert personas, the average of all non-domain expert personas and the random baseline
(horizontal line). The first plot shows the average over all Other tasks, while the remaining
plots show the results for each Other task individually. All 95% confidence intervals are
computed over the average task accuracy.
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B.3.2 MMLU Task Formulation

Since several MMLU evaluations [140, 208], may lead to small variations when comparing
different models’ ranks, we include results with the MMLU official prompt (see Figure B.5),
i.e. by using the MMLU prompt at the start and keeping our impersonation strategy. Our
expertise-based impersonation trends still hold, and the absolute accuracy values improve.
This increase in accuracy might be explained by the fact that the official MMLU prompt
includes the task name in the prompt, which might provide additional clues to the
LLM. Thus, we conclude that our findings on impersonation are not dependent on the
formulation of the task.
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Figure B.5: Comparison between our task formulation (Our prompt) and the official
MMLU prompt [140] (Original prompt), for Vicuna-13B (top) and ChatGPT (bottom).

B.3.3 Social Categories on MMLU

We present in Figure B.6 results for both Vicuna-13B (top) and ChatGPT (bottom) on
MMLU when considering different social category prefixes (black, white, male, and
female). We observe that, for both models, the performance when impersonating experts
while adding these prefixes is consistently lower than when no prefix is added (i.e. the
none columns). For Vicuna, the black persona obtains lower accuracies than the white
persona, especially regarding the non-task experts, and a female expert outperforms a
male expert. For ChatGPT, all prefixed personas’ performance is similar.

B.4 Vision and Language Task

In this section we give additional details for the vision and language task. First, in
Subsection B.4.1 we describe how class names were removed from the generated visual
descriptions to avoid trivial solutions. Then we show more results on two additional
fine-grained visual classification datasets in Subsection B.4.2. Next, we show more
qualitative examples of the class descriptions generated by Vicuna-13B and ChatGPT in
Subsection B.4.3. Afterwards, we show more quantitative results on more LLM / VLM
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Figure B.6: Expertise-based impersonation results with social category prefixes (black,
white, male, and female) for Vicuna-13B (top) and ChatGPT (bottom).

pairs in Subsection B.4.4. Lastly, we show more results for additional races and genders
(Subsection B.4.5) and for Google PaLM (Subsection B.4.6).

B.4.1 Removing Class Names from Visual Descriptions

When the class name is included inside the generated description, it has a significant effect
on the downstream performance of the vision task. In such cases CLIP can classify images
well without the need of additional descriptions. We find that both language models
occasionally use the class name in their output. For example at the beginning of a new
sentence. To actually measure how well a persona describes a class, we use a two step
process to remove the class name from the descriptions.

Manual Cleaning

LLM Cleaning

The Black Footed Albatross is a big bird that 
lives in the ocean. Its feet are black, giving it 

the name Black Footed Albatross.

It is a big bird that lives in the ocean. Its feet 
are black, giving it the name Black Footed 

Albatross.

It is a big bird that lives in the ocean. Its feet 
are black.

Figure B.7: Example of the two step
class name removal process.

Manual cleaning. We use a set of heuristics to
remove the class name, e.g. replacing A {class
name} {verb} with It {verb}. These heuristics
account for the numerous (singular or plural) of the
class name as well as for lower and upper casing
variants. Whilst this approach is very fast, it does
not scale to all possible variants how the class name
could be mentioned in the generated descriptions.

LLM based cleaning. For the LLM based cleaning
we first split the descriptions into individual sen-
tences with spacy [144]. This simplifies the task for
the LLM. To remove the class name in more complex
settings we prompt the same LLM used for generat-
ing the descriptions with four in-context examples.
Empirically, we find this cleaning approach works
well and can also handle more complex cases, e.g.
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removing parts of a sentence if needed. An example of this is shown in Figure B.7. Lastly,
if the result still contains the class name we use the original sentence, to avoid introducing
any malformed LLM output.

B.4.2 Additional Visual Datasets

We extend our analysis to other datasets and more categories by using FGVC Aircraft [233]
(100 categories of aircraft from different manufacturers and eras) and Oxford Flowers [253]
(102 categories of flowers with large scale, pose and light variations). For gender, we find
significant performance differences when evaluating the descriptions generated by Vicuna-
13B on the two additional datasets, strengthening our original argument that these LLMs
exhibit biases (Figure B.8). This means that descriptions generated by female personas
outperform those generated by male personas across all three tested VLMs. For racial
biases, we see only smaller differences across evaluation with different VLMs. The same
trends hold for ChatGPT.
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Figure B.8: Evaluating bias of Vicuna-13B on more object categories (FGVC Aircraft [233]
and Oxford Flowers [253]). The dashed line is the random baseline.

B.4.3 Example Descriptions for the Visual Classification Task

Recall that for the visual classification task we ask the impersonating language models
to generate a description for each class of the dataset. In the main paper we showed
descriptions for two examples of a subset of all personas considered (4-, 7- and 13-year-old
for CUB [351] and 2-, 4- and 20-year-old for Stanford Cars [190]). In this section we
show and discuss example descriptions on both vision datasets (CUB and Stanford Cars)
generated to for all age ranges included in our paper (2-, 4-, 7-, 13- and 20-year-old).

The examples in Figure B.9 support our findings from the main paper, that with
increasing age of the persona the complexity w.r.t. e.g. vocabulary increases. For CUB we
additionally show examples for the 2- and 20-year-old’s and the differences in the wording
are very apparent. For both language models the descriptions generated for the 2-year-old
are short and have simple grammatical structures. In contrast, for the 20-year-old the
descriptions exhaust much more of the 45 word instruction and use words that are not
part of the vocabulary of a 2-year-old (e.g. migratory bird or protected species).
For Stanford Cars we additionally include the descriptions generated for the 7- and 13-year-
old personas. In contrast to the 4-year-old both descriptions are much longer, including
many facts about the cars (e.g. the manufacturer of the car).
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B.4.3.1 Analysis of Text Complexity for Different Age Groups

In Figure 6.7 of the main paper as well as in Figure B.9 we qualitatively described how
the text changes as we vary the age of the impersonated person. To understand how
the generated descriptions quantitatively change we also evaluate the complexity of the
generated descriptions.

We use the textstat package2, which runs several different text complexity met-
rics [182, 239, 75, 78, 56, 186, 123] and creates an aggregate consensus score that indicates
which grade in school is at least required to read the texts. In Figure B.10 we show the
results for both, CUB and Stanford Cars.

We find, that across all language models and both datasets the impersonation of
differently aged personas increases the required grade level to read the descriptions. For
CUB the grade level increases not as much (from 4th to 9th grade) than on Stanford Cars
(from 3rd to approx. 10th grade). This might be due to the fact that more descriptions
of the oldest personas mention complex terms like manufacturers for the Stanford Cars
dataset.

B.4.4 Quantitative Results on LLM / VLM Pairs

In Subsection 6.4.3, Figure 6.4 of the main paper, we show results for the three different
CLIP variants (CLIP withViT B/32, ViT B/16 andOpenCLIP [64]) basedon the descriptions
generatedby the Vicuna-13B LLM. Here we additionally show these results fordescriptions
generated with ChatGPT in Figure B.11.

Similar to the findings on Vicuna-13B the descriptions generated by ChatGPT exhibit
an increase in fine-grained visual classification performance as the age of the impersonated
person increases. For ChatGPT this effect is more clear on Stanford Cars than on CUB.
Additionally, these results confirm our finding that expert impersonations perform better
than non-experts. However, for ChatGPT the effect is even more clear; the expert performs
roughly twice as well as the non-expert across all VLMs. Regarding race, ChatGPT
descriptions’ seem to have more bias than those generated by Vicuna. Lastly, for different
genders, we find ChatGPTs’ descriptions of female impersonation to perform consistently
worse than those of male impersonation.

B.4.5 Additional Bias Groups

We also study additional bias groups for race and gender in Figure B.12. For gender
we study agender and non-binary and for race we study indian person, asian person
and hispanic person. For CUB we find for gender that performance of the agender and
non-binary personas is similar to the performance of the female persona. On Stanford
Cars the non-binary persona outperforms the agender persona. For race we find overall

2https://github.com/textstat/textstat
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worse performance compared to the white and black personas. Overall we conclude that
biases can also be found in additional bias groups.

B.4.6 Results for Google PaLM

Additionally, we ran exploratory experiments using the proprietary Google PaLM model [71,
15] via their API. When we apply in-context impersonation of racial biases, the API does
not provide an answer because the LLM model output is flagged by a text classifier to be
unsafe. Hence, there are already safeguards in place for some commercial services. These
safeguards seem to be less sensitive for impersonation of age and gender. However, they
prevent us from reliably evaluating the underlying LLM.

B.5 Limitations

Our vision based experiments are a two step process. Thus, a limitation of our work is
that the results on the vision datasets fundamentally depend on the performance and
biases of the VLM models as well. We try to alleviate this fact by evaluating multiple
different CLIP variants. Additionally, the results obtained with proprietary models such
as ChatGPT may be hard or costly to reproduce and the training regime and data as well
as the systems prompts are unknown.
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bumps. It has big wheels and is fun to ride in.

a big truck with lots of wheels that can drive over rocks and 

mud. It is really tough and strong, like a superhero car!

a large, military-style SUV designed for off-road use. It was 

popular in the early 2000s and known for its ruggedness and 

unique styling. However, it is also known for being very large 

and heavy, which can make it difficult to maneuver in tight 

spaces or on city streets.

2 year old a big car that goes vroom vroom and can go over rocks and 
bumps. It has big wheels and is fun to ride in.

4 year old a big truck with lots of wheels that can drive over rocks and 
mud. It is really tough and strong, like a superhero car!

7 year old a big and strong car that can drive on rough roads and outside 
places. It looks like a military vehicle and can hold lots of 
people inside. It is really cool!

13 year old a really cool and tough-looking SUV that was made by AM 
General in the year 2000. It's known for being able to go 
off-road and handle all kinds of terrain.

20 year old a large, military-style SUV designed for off-road use. It was 
popular in the early 2000s and known for its ruggedness and 
unique styling. However, it is also known for being very large 
and heavy, which can make it difficult to maneuver in tight 
spaces or on city streets.

a small bird that can be found in grassy fields and 
meadows. It has a brownish-gray body with distinctive 
rusty-colored markings on its head and wings. They are 
known for their sweet and melodic song.

a bird that chirps and flies in the sky. It has feathers and 
little wings. I like to watch it.

a small, brownish-gray bird with a rusty cap and a 
distinctive three-note song. They are commonly found in 
grassy fields, pastures, and open woodlands across much 
of eastern North America.

a birdie that's brown and kinda small. It likes to hop-hop 
on the gwound and tweets a pretty song. It has a funny 
name, but it's really cute. Maybe we can see one on a 
walk in the park with mommy!

a kind of bird that lives in fields, forests, and grasslands. 
It has brown and white feathers and sings a pretty song. 
You might hear it chirping when you go for a walk 
outside!

A bird that lives in fields and has a brown and white striped body with a big 
round head. It likes to eat seeds and bugs and is really fast when it flies.

a small bird that lives in fields and eats seeds.

A small bird that is brown and has a round shape, usually found in fields eating 
seeds.

A type of bird that is common in North America, usually found in fields and 
grasslands. They have a brown striped pattern on their back and a yellow 
belly. They are known for their distinctive call and are a common sight in 
many rural areas.

An It is a bird species that is commonly found in open fields, meadows, and 
agricultural areas. It is a small, brown bird with a streaked breast and a bold, 
distinctive pattern on its head. They are known for their melodious songs and 
are a popular bird among birdwatchers.

a bird species that lives in North America. It has a black bill and a 
brown or gray plumage. They are migratory birds and can often 
be heard making their distinctive "coo-coo-coo" call in the 
summer months.

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. 
It can fly and live in trees. It makes a funny sound that makes me 
laugh.

a bird species found in North America. It has a distinct black bill 
and is known for laying its eggs in other bird species' nests. Often 
heard more than seen, it has a unique call that sounds like a 
slow, hollow wooden "cuckoo."

a bird with a black beak and feathers. It likes to eat insects and 
lives in trees. Sometimes it makes a sound that sounds like 
"coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat 
insects and lives in North America. They lay their eggs in other 
bird's nests and let them take care of their babies.

A bird that is black and has a curved bill.

It's a bird!
 It's really cool!
 It's got a special tail.
 It's black and white.
 It's got a long beak.
 It's a mystery bird!

It's a bird that's really cool!
 It's black with a bill that's rule!
 It flies around and sings so sweet,
It's one of my favorite birds to meet!

It is a type of bird that is black and has a distinctive white patch on 
its tail. It is known for its distinctive call, which sounds like a 
person imitating a cuckoo clock. It is a migratory bird that can be 
found in North and Central America. It is a common bird in many 
parts of the world, but it is considered a species of concern due to 
declining populations in some regions.

A bird species that is common in parts of North and South America, 
known for its distinctive black bill and brown-gray feathers. It is a 
migratory bird, and is often seen in wooded areas near rivers and 
marshes. The Black-billed Cuckoo is known for its unique call, 
which sounds like a repeated "coo-coo." It is a protected species 
and is considered an important part of the ecosystem.

a bird species that lives in North America. It has a black bill and a 
brown or gray plumage. They are migratory birds and can often be 
heard making their distinctive "coo-coo-coo" call in the summer 
months.

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. It 
can fly and live in trees. It makes a funny sound that makes me 
laugh.

a bird species found in North America. It has a distinct black bill 
and is known for laying its eggs in other bird species' nests. Often 
heard more than seen, it has a unique call that sounds like a slow, 
hollow wooden "cuckoo."

a bird with a black beak and feathers. It likes to eat insects and 
lives in trees. Sometimes it makes a sound that sounds like 
"coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat 
insects and lives in North America. They lay their eggs in other 
bird's nests and let them take care of their babies.

13 year old

2 year old

20 year old

4 year old

7 year old

a bird with a black beak and feathers. It likes to eat insects 

and lives in trees. Sometimes it makes a sound that sounds like 

"coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes 

to eat insects and lives in North America. They lay their eggs 

in other bird's nests and let them take care of their babies.

a bird species that lives in North America. It has a black bill 

and a brown or gray plumage. They are migratory birds and can 

often be heard making their distinctive "coo-coo-coo" call in 

the summer

a bird! It's really cool! It's got a special tail. It's black and white. It's 

got a long beak. It's a mystery bird!

a bird that's really cool! It's black with a bill that's rule! It flies around 

and sings so sweet. It's one of my favorite birds to meet!

a type of bird that is black and has a distinctive white patch on its tail. It 

is known for its distinctive call, which sounds like a person imitating a 

cuckoo clock. It is a migratory bird that can be found in North and Central 

America. It is a common bird in many parts of the world, but it is considered 

a species of concern due to declining populations in some regions.

a bird that chirps and flies in the sky. It has 

feathers and little wings. I like to watch it.

If you were a <persona>, 
how would you describe a 
<class> ?

a birdie that's brown and kinda small. It likes to 

hop-hop on the gwound and tweets a pretty song. It has 

a funny name, but it's really cute. Maybe we can see 

one on a walk in the park with mommy!

Large Language M
odel (LLM

)

Answer: 
It is …

2 
year 
old

persona class

4 
year 
old

field
sparrow

7 
year 
old

13 
year 
old

20 
year 
old

am general 

hummer suv 

2000

a kind of bird that lives in fields, forests, and 

grasslands. It has brown and white feathers and sings 

a pretty song. You might hear it chirping when you go 

for a walk outside!

a small bird that can be found in grassy fields and 

meadows. It has a brownish-gray body with distinctive 

rusty-colored markings on its head and wings. They are 

known for their sweet and melodic song.

a small, brownish-gray bird with a rusty cap and a 

distinctive three-note song. They are commonly found 

in grassy fields, pastures, and open woodlands across 

much of eastern North America.

a big car that goes vroom vroom and can go over rocks 

and bumps. It has big wheels and is fun to ride in.

a big truck with lots of wheels that can drive over 

rocks and mud. It is really tough and strong, like a 

superhero car!

a big and strong car that can drive on rough roads and 

outside places. It looks like a military vehicle and 

can hold lots of people inside. It is really cool!

a really cool and tough-looking SUV that was made by 

AM General in the year 2000. It's known for being able 

to go off-road and handle all kinds of terrain.

a large, military-style SUV designed for off-road use. 

It was popular in the early 2000s and known for its 

ruggedness and unique styling. However, it is also 

known for being very large and heavy, which can make 

it difficult to maneuver in tight spaces or on city 

streets.

Vicuna

It is a big car that can go off-road. It has four wheels and a 
strong engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a 
strong engine. It is red and black and has a lot of buttons 
and controls in the front. It is fun to ride in and can go 
really fast!

It is a type of car that is like a big truck but still has four 
wheels and can drive on roads like a regular car. It is made 
by a company called AM General and was first made in the 
year 2000. It is pretty big and can hold a lot of people or 
things inside. It is often used for driving in rough or off-road 
environments.

It is a type of sport utility vehicle (SUV) that was 
manufactured by the American automaker AM General in the 
year 2000. It is known for its rugged appearance and 
off-road capabilities. The Hummer SUV was popular in the 
early 2000s, but production of the vehicle stopped in 2010 
due to declining sales and environmental concerns.

It is a compact SUV that was manufactured by American 
Motors (AM) from 2000 to 2006. It was known for its rugged 
exterior and spacious interior, and was popular among both 
civilians and military personnel. It was also known for its 
off-road capabilities and was often used for outdoor 
activities such as hunting and camping. It had a V8 engine 
and was available in various trim levels. Despite

If you were a <persona>, how would you describe a <class>? 
Answer: It is …

black 
billed 
cuckoo

am general 

hummer suv 

2000

4 
year 
old

7 
year 
old

13 
year 
old

ChatGPT

It is a big car that can go off-road. It has four wheels and a strong 

engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a strong 

engine. It is red and black and has a lot of buttons and controls in 

the front. It is fun to ride in and can go really fast!

It is a type of car that is like a big truck but still has four wheels 

and can drive on roads like a regular car. It is made by a company 

called AM General and was first made in the year 2000. It is pretty 

big and can hold a lot of people or things inside. It is often used 

for driving in rough or off-road environments.

It is a type of sport utility vehicle (SUV) that was manufactured by 

the American automaker AM General in the year 2000. It is known for 

its rugged appearance and off-road capabilities. The Hummer SUV was 

popular in the early 2000s, but production of the vehicle stopped in 

2010 due to declining sales and environmental concerns.

It is a compact SUV that was manufactured by American Motors (AM) from 

2000 to 2006. It was known for its rugged exterior and spacious 

interior, and was popular among both civilians and military personnel. 

It was also known for its off-road capabilities and was often used for 

outdoor activities such as hunting and camping. It had a V8 engine and 

was available in various trim levels. Despite

a big car that can go off-road. It has four wheels and a strong engine. It is 

red and black.

a big car that can go off-road. It has four wheels and a strong engine. It is 

red and black and has a lot of buttons and controls in the front. It is fun to 

ride in and can go really fast!

a compact SUV that was manufactured by American Motors (AM) from 2000 to 2006. 

It was known for its rugged exterior and spacious interior, and was popular 

among both civilians and military personnel. It was also known for its off-road 

capabilities and was often used for outdoor activities such as hunting and 

camping. It had a V8 engine and was available in various trim levels.

2 
year 
old

20 
year 
old

CUB

Stanford Cars

a big car that goes vroom vroom and can go over rocks and bumps. It has big wheels and is fun to ride in.

a big truck with lots of wheels that can drive over rocks and mud. It is really tough and strong, like a 

superhero car!

a big and strong car that can drive on rough roads and outside places. It looks like a military vehicle 

and can hold lots of people inside. It is really cool!

a really cool and tough-looking SUV that was made by AM General in the year 2000. It's known for being 

able to go off-road and handle all kinds of terrain.

a large, military-style SUV designed for off-road use. It was popular in the early 2000s and known for 

its ruggedness and unique styling. However, it is also known for being very large and heavy, which can 

make it difficult to maneuver in tight spaces or on city streets.

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. It can fly and live in trees. It 

makes a funny sound that makes me laugh.

a bird with a black beak and feathers. It likes to eat insects and lives in trees. Sometimes it makes a 

sound that sounds like "coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat insects and lives in North America. 

They lay their eggs in other bird's nests and let them take care of their babies.

a bird species that lives in North America. It has a black bill and a brown or gray plumage. They are 

migratory birds and can often be heard making their distinctive "coo-coo-coo" call in the summer

a bird species found in North America. It has a distinct black bill and is known for laying its eggs in 

other bird species' nests. Often heard more than seen, it has a unique call that sounds like a slow, 

hollow wooden "cuckoo."

A bird that is black and has a curved bill.

It's a bird! It's really cool! It's got a special tail. It's black and white.It's got a long beak. It's a 

mystery bird!

It's a bird that's really cool! It's black with a bill that's rule! It flies around and sings so sweet. 

It's one of my favorite birds to meet!

It is a type of bird that is black and has a distinctive white patch on its tail. It is known for its 

distinctive call, which sounds like a person imitating a cuckoo clock. It is a migratory bird that can be 

found in North and Central America. It is a common bird in many parts of the world, but it is considered 

a species of concern due to declining populations in some regions.

A bird species that is common in parts of North and South America, known for its distinctive black bill 

and brown-gray feathers. It is a migratory bird, and is often seen in wooded areas near rivers and 

marshes. The Black-billed Cuckoo is known for its unique call, which sounds like a repeated "coo-coo." It 

is a protected species and is considered an important part of the ecosystem.

Vicuna

If you were a <persona>, how would you describe a <class>? 
Answer: It is …

black 
billed 
cuckoo

am general 

hummer suv 

2000

2 y/o

4 y/o

7 y/o

13 y/o

20 y/o

ChatGPT

It is a big car that can go off-road. It has four wheels and a strong engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a strong engine. It is red and black and has 

a lot of buttons and controls in the front. It is fun to ride in and can go really fast!

It is a type of car that is like a big truck but still has four wheels and can drive on roads like a 

regular car. It is made by a company called AM General and was first made in the year 2000. It is pretty 

big and can hold a lot of people or things inside. It is often used for driving in rough or off-road 

environments.

It is a type of sport utility vehicle (SUV) that was manufactured by the American automaker AM General in 

the year 2000. It is known for its rugged appearance and off-road capabilities. The Hummer SUV was 

popular in the early 2000s, but production of the vehicle stopped in 2010 due to declining sales and 

environmental concerns.

It is a compact SUV that was manufactured by American Motors (AM) from 2000 to 2006. It was known for its 

rugged exterior and spacious interior, and was popular among both civilians and military personnel. It 

was also known for its off-road capabilities and was often used for outdoor activities such as hunting 

and camping. It had a V8 engine and was available in various trim levels.

CUB

Stanford Cars

4 
year 
old

black 
billed 
cuckoo

am general 

hummer suv 

2000

CUB

Stanford Cars

2 y/o

4 y/o

7 y/o

13 y/o

20 y/o

If you were a <persona>, how would you describe a <class>? 
Answer: It is …

2 y/o

4 y/o

7 y/o

13 y/o

20 y/o

2 y/o

4 y/o

7 y/o

13 y/o

20 y/o

Figure B.9: Qualitative results for all the age personas (2, 4, 7, 13 and 20-year-old personas)
for two classes, i.e. Black Billed Cuckoo (CUB) and AM General Hummer SUV 2000
(Stanford Cars) classes. The results are obtained by querying ChatGPT and Vicuna.
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APPENDIX B. SUPPLEMENTARY MATERIALS: IN-CONTEXT IMPERSONATION
REVEALS LARGE LANGUAGE MODELS’ STRENGTHS AND BIASES
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Figure B.10: Text complexity on Vicuna-13B (left) and ChatGPT (right) for CUB and
Stanford Cars.
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Figure B.11: Comparing CLIP-32, CLIP-16 and OpenCLIP as VLMs. In contrast to Figure
4 in the paper (which shows Vicuna-13B results), the language input here comes from
ChatGPT. We observe the effects of age, expertise, race and gender independent of
the VLM used for fine-grained visual classification on the CUB (top) and Stanford Cars
(bottom) datasets. The dashed line is the random baseline.
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Figure B.12: Evaluating more genders and races for Vicuna-13B on CUB and Stanford
Cars.
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