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Great progress has been made in multimodal generative AI models. However, these models still have
limitations. For example, they struggle when handling multimodal data and multi-turn interactions. One
reason is the lack of training data for these problems. The research community lacks multimodal data on
the scale of single modality data and lacks lengthy multi-turn interaction data. Additionally, there are not
many well-defined tasks for these problems, preventing researchers from understanding models’ performance
and leaving them without meaningful optimization goals. In this thesis, we work toward building better
multimodal intelligence. We focus on three types of abilities: multimodal understanding, multimodal
generation, and grounded multi-turn interactions. For each aspect, we explore the limitations of current
models, proposing new tasks and evaluation methods for capabilities that remain beyond the reach of existing

models.

Identifying these weaknesses, we introduce novel methods and evaluations for multimodal interactive in-
telligence to address these challenges. This approach enhances existing Al models through AI-Al interactions

and human-Al interactions, enabling collaboration across modalities.

For multimodal understanding models, we propose BLINK, a benchmark that focuses on core visual

perception abilities not found in other evaluations. Most BLINK tasks can be solved by humans in a “blink™



of the eye, but pose significant challenges for the latest multimodal language models (LMs). To address
this weakness, we propose Visual Sketchpad, a framework that allows models to think step-by-step across
modalities. This framework empowers LMs to have more diverse interactions, for example, with vision
expert models. Such interactions compensate for what existing models miss and greatly enhance models’
multimodal understanding abilities.

For image generation models, we tackle the long-standing problem that these models do not effectively
follow text instructions. We propose TIFA, which uses multimodal LMs to evaluate generated images,
providing an efficient evaluation metric that aligns well with human judgment. Moreover, we show that TIFA
can work as an effective training signal to improve text-image alignment in image generation.

Finally, we focus on grounded dialogue systems. We provide a framework that allows Al agents to be
evaluated with either simulated or real users, using end-to-end dialogue-level objectives. To demonstrate
the use of this framework, we introduce NavigationBench, a novel task that simulates dialogues between a
user and a virtual navigation assistant in a car. It also features a simulated user trained with the latest LM
technologies, allowing researchers to simulate multi-turn dialogues for automatic dialogue-level comparisons

of Al assistants. Using this framework, we study the performance and verbosity of different agent LLMs.
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Chapter 1

Introduction

Current generative Al models are typically large, monolithic models trained with vast amounts of data and
computational resources [Brown et al., 2020; OpenAl, 2023b; Anthropic, 2024b; Touvron et al., 2023; Dubey
et al., 2024; Team et al., 2023; Deitke et al., 2024; Podell et al., 2023]. As Al is applied to increasingly
complex challenges, these models reveal certain limitations. For example, even top proprietary models
struggle with multimodal tasks [Fu et al., 2024; Yue et al., 2024; Hu et al., 2024b] and with tasks involving
extended multi-turn interactions [Wang et al., 2024b; Hu et al., 2022]. A primary reason for these limitations
is the lack of suitable training data: compared to the vast volume of text data available, multimodal data
remains relatively scarce [Deitke et al., 2024]. Additionally, gathering data that captures multi-party, multi-
turn interactions is particularly challenging [Lu et al.]. Moreover, automatically evaluating these complex
tasks, such as image generation and multi-turn human-Al interaction, is itself difficult. Having automatic
evaluations that correlate well with humans has been helpful in expediting the research process in areas
like speech recognition and machine translation. Nevertheless, for these complex tasks, developing reliable

benchmarks and evaluation metrics remains an open and pressing challenge.

This thesis aims to push the boundaries of AI models further. We first investigate their limitations and
develop novel evaluations for capabilities that extend beyond the reach of existing models. To address these
challenges, we draw inspiration from recent work on augmenting models with specialized modules. For
instance, researchers have long recognized that integrating retrieval modules with large language models

(LLMs) can enhance factual accuracy and utility, and have used LLMs as components of powerful agents that
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interact with their environment via reasoning, planning, and tool use [Yao et al., 2023]. Building upon these
foundations, we argue that Al should not be constrained to single-modal monolithic systems that merely
produce an output given an input. We introduce the concept of multimodal interactive intelligence, which
we define as an Al paradigm where systems engage in meaningful multi-turn interactions, collaborate across
multiple modalities, and learn through interactions. To achieve this goal, we need to develop a broad range of
new tasks and evaluation methods, interaction paradigms, and learning algorithms. Our ultimate goal is to
build Al systems that demonstrate above capabilities in diverse and complex real-world scenarios. In the rest
of the introduction, we outline our solutions toward this goal for three types of model abilities: multimodal

understanding, multimodal generation, and grounded multi-turn interactions.

1.1 Enhance Multimodal Understanding with Interactions

Perception is the basis for multimodal intelligence to understand and reason about the world. In our work
BLINK [Fu et al., 2024], we identify a critical gap in current multimodal LLMs: while these models can
process visual inputs, they lack fundamental perception abilities that humans can perform "within a blink of
the eye." Through comprehensive evaluation across 14 carefully designed visual perception tasks—including
relative depth estimation, visual correspondence, and multi-view reasoning—we discover that even state-
of-the-art multimodal models like GPT-4V achieve only 51.26% accuracy, dramatically underperforming
humans (95.70%) and often barely outperforming random chance. This finding reveals that multimodal
models can "see but not perceive"—they process visual inputs at a superficial level but struggle with tasks
that require nuanced visual understanding. Our analysis also demonstrates that specialist computer vision
models significantly outperform general multimodal LL.Ms on these perception tasks, suggesting potential
pathways for improvement.

Building on these insights, we introduce Visual Sketchpad [Hu et al., 2024a], a framework that equips
multimodal language models with the ability to reason step-by-step across modalities. Inspired by how
humans draw to facilitate reasoning—creating auxiliary lines when solving geometry problems, marking
when analyzing images, and circling on maps—Sketchpad enables models to produce visual artifacts with
programs and models as part of the multimodal reasoning process. This approach significantly improves

performance across diverse mathematical and visual reasoning tasks, with an average absolute gain of 12.7%
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accuracy on math tasks and 8.6% on vision tasks over GPT-4o. Specifically, Sketchpad allows models to
leverage specialist vision models during the sketching process, including drawing bounding boxes with
object detection models, generating depth maps, and segmenting images with masks, which substantially
enhances visual perception capabilities. Our experiments demonstrate that GPT-40 with Sketchpad sets new
state-of-the-art results on multiple benchmarks, highlighting the potential of interactive visual reasoning to

overcome the perception limitations identified in BLINK.

1.2 Train and Evaluate Image Generation Models via Interaction

Beyond understanding, generation is also an important aspect for multimodal intelligence. A key challenge
of generation is its faithfulness to users’ inputs. To address this challenge, we introduce TIFA (Text-to-Image
Faithfulness evaluation with question Answering) [Hu et al., 2023b], a reference-free evaluation metric that
measures the faithfulness of generated images to their text prompts through visual question answering. Unlike
existing metrics that rely on CLIP [Hessel et al., 2021] or image captioning, TIFA uses a language model to
automatically generate multiple-choice questions about the text prompt, then evaluates whether a VQA model
can correctly answer these questions using the generated image. We also introduce the TIFA benchmark,
including 4,000+ diverse prompts and 25,000+ questions. Through extensive experiments on the benchmark,
we demonstrate that TIFA has substantially higher correlation with human judgments (Spearman’s p = 0.60)
than previous metrics like CLIPScore (0.33) and caption-based approaches (0.34). Our analysis reveals that
current text-to-image models excel at rendering common objects, animals, and colors, but struggle with
counting, spatial relations, and composing multiple objects. TIFA’s design allows for fine-grained analysis
across twelve different categories of visual elements, providing interpretable feedback that can guide future
improvements in text-to-image generation systems. The TIFA benchmark serves as a standardized testbed
that researchers can use to compare models fairly and identify specific areas where current models need
improvement. TIFA has been widely adopted in recent years. Follow-up studies show that TIFA also works
well as a training signal. For example, our work Dreamsync [Sun et al., 2025] shows that TIFA, together
with an aesthetic reward, can greatly improve image generation quality through a few iterations of rejection

sampling training.
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1.3 Towards Al Assistants in Grounded Multi-turn Interactions

To move beyond simplistic input-output interactions and create Al systems that function effectively in
real-world scenarios, we develop NavigationBench, a novel evaluation framework for assessing Al assistants
in simulated navigation contexts. This benchmark simulates dynamic dialogues between users and navigation
assistants where users need to make unplanned stops during their journeys, necessitating collaborative
problem-solving through multi-turn interactions. Unlike traditional benchmarks that rely on static prompt-
response pairs, NavigationBench creates a fully grounded environment with functional map capabilities,
realistic scenarios collected from human annotators, and a fine-tuned open-source LLM that simulates user
behavior. The framework evaluates assistant performance through human-annotated rankings of potential
solutions and captures critical efficiency metrics such as token usage and conversation length. Through
comprehensive studies with diverse language models and interaction protocols, NavigationBench offers
valuable insights into building Al assistants that can effectively collaborate with users in complex, real-world

scenarios while maintaining computational efficiency.

1.4 Thesis Overview

This thesis advances multimodal interactive intelligence by developing novel benchmarks, evaluation methods,
and interaction paradigms that enable Al systems to better understand, generate, and interact across multiple
modalities in real-world scenarios. The remainder of this thesis is organized as follows. In Chapter 2, we
provide background on multimodal language models, media generation models, evaluations, and interactive
Al systems, establishing the foundation for our contributions. Chapter 3 introduces BLINK, a comprehensive
benchmark that reveals fundamental perception gaps in current multimodal LLMs. Chapter 4 presents
Visual Sketchpad, a framework that enables multimodal LLMs to generate intermediate visual artifacts
during reasoning, significantly enhancing performance on mathematical and visual tasks. Chapter 5 details
TIFA, a novel metric for evaluating text-to-image generation faithfulness using multimodal language models,
providing fine-grained analysis that guides future model development. Chapter 6 presents NavigationBench, a
framework for evaluating Al assistants in realistic multi-turn interactions within a grounded map environment.

We conclude in Chapter 7 by summarizing our contributions and outlining promising directions for further
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research in multimodal interactive intelligence.
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Chapter 2

Background

In this chapter, we first provide a review of background work. In §2.1, we briefly review recent works on
multimodal language models, discuss evaluations on their visual understanding abilities, and on augmenting
them with tools and agent frameworks. This section laid the basis for BLINK [Fu et al., 2024] and Visual
Sketchpad [Hu et al., 2024a]. In §2.2, we discuss existing image generation models and evaluation metrics,
which are the basis for TIFA [Hu et al., 2023b]. Finally, in §2.3, we provides an overview of prior works using
language models to interact with humans and with the world, which is closely related to NavigationBench

and Visual Sketchpad [Hu et al., 2024a].

2.1 Multimodal Language Models

Inspired by the impressive success in recent large language models [Brown et al., 2020; OpenAl, 2023b;
Touvron et al., 2023; Zheng et al., 2023; Chowdhery et al., 2023], a sequence of studies explore multimodal
LMs that can jointly understand vision and language information and generate textual answers through adding
a modality adaption structure between a frozen visual encoder [Radford et al., 2021; Sun et al., 2023; Fang
et al., 2023] and a frozen LLM [Touvron et al., 2023; Zheng et al., 2023]. Flamingo [Alayrac et al., 2022]
and BLIP-2 [Li et al., 2023b] are two of the earliest works to explore these transformer-based multi-modality
conjunction structures. They first pre-train on image-text pair datasets [Lin et al., 2014; Krishna et al., 2017;
Schuhmann et al., 2021; Changpinyo et al., 2021] and then fine-tune on task-specific datasets such as visual

question answering (VQA) [Antol et al., 2015; Goyal et al., 2017]. Starting from LLaVA [Liu et al., 2024a,b],
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people use LLM-synthesized instruction-following chat data (which are in VQA format) for instruction
tuning and achieve much better results on vision-language tasks like dense image captioning and VQA [Dai
et al., 2023a; Chen et al., 2023a; Team et al., 2023; Bai et al., 2023]. There have been extended studies
that explore further capabilities of multimodal LLMs, especially on VQA reasoning [Zellers et al., 2019;
Fu et al., 2023c, 2022; Schwenk et al., 2022; Fu et al., 2023d; Yan et al.]. However, they mainly focus on
the textual reasoning abilities [Wei et al., 2022] within the multimodal LMs and do not emphasize visual
perception. The work in this thesis, BLINK [Fu et al., 2024] and Visual Sketchpad [Hu et al., 2024a], further
expands the capability boundaries of multimodal LMs. BLINK highlights crucial aspects of visual perception
that have been overlooked when evaluating multimodal LMs. We discuss more details on prior multimodal
LM evaluations in §2.1.1. Visual Sketchpad augments multimodal LMs with the ability to reason across
modalities, enabling multimodal LMs to achieve new state-of-the-art results on multiple complex visual

reasoning tasks. We provide a review of relevant LM tool-use studies in §2.1.2.

2.1.1 Evaluations for Multimodal Understanding

Traditional vision-language datasets are designed to assess single-task capabilities, such as optical character
recognition (OCR) [Liu et al., 2024f], image captioning [Lin et al., 2014], and visual question answering [An-
tol et al., 2015; Goyal et al., 2017]. However, these datasets are often not comprehensive enough to holistically
assess multimodal LMs on general perception and reasoning abilities. Many recent papers have built more
comprehensive VQA benchmarks. MME [Fu et al., 2023a] is one of the earliest holistic benchmarks
containing multi-modal Yes/No questions on the defined visual perception and language reasoning tasks.
MM-Vet [Yu et al., 2024] includes six sub-features from the previous datasets, including recognition-focused
questions, OCR, and math, providing a diverse evaluation set. MMBench [Liu et al., 2024e] covers more
subjects in its visual questions, and proposes "circular evaluation,”" which permutes the order of the choices
for each question to address the positional bias in multiple-choice questions. The Seed-Bench [Li et al.,
2023a, 2024b] benchmark has a more diverse source of visual inputs, including multiple-image inputs and
video, and further expands the number of subjects in the visual questions. However, the visual perception
questions in MME, MMBench, MM-Vet, and Seed-Bench are mainly extracted from existing VQA datasets
or generated by GPT [OpenAl, 2023b] from image descriptions such as COCO-Caption [Lin et al., 2014],
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and are recognition-focused, covering topics such as object (attribute) recognition, and OCR. Some other
multimodal benchmarks have distinct focuses. MMMU [Yue et al., 2024] aims at achieving expert-level
artificial general intelligence by collecting domain-knowledge-required questions. HallusionBench [Guan
et al., 2024] mainly tests the language hallucination and visual illusion phenomena. MathVista [Lu et al.,
2024b] presents exclusively mathematical domain visual questions based on images such as charts, tables,
and diagrams. These benchmarks require only a limited range of human perception abilities and therefore
cannot measure model visual perceptions holistically. To address this challenge, we propose BLINK [Fu
et al., 2024], a benchmark consists of 14 classical computer vision tasks that focus on several core visual
perception abilities that humans possess, and find that these questions are extremely challenging for existing

multimodal LMs. We present this work in detail in §3.

2.1.2 LMs as Tool-use Agents

Recent work has started to treat LMs as agents that can both reason and act [Yao et al., 2023; Ma et al.,
2024; Wu et al., 2023; Shi et al., 2024; Yasunaga et al., 2023]. Researchers have applied this idea to software
engineering [Jimenez et al., 2024; Zhang et al., 2024a; Hong et al., 2024], robotics [Nasiriany et al., 2024],
vision [Liu et al., 2024c; Yang et al., 2023c], and GUI navigation [Yan et al., 2023; Koh et al., 2024; Xie
et al., 2024]. An important capability of LM agents is to use tools to facilitate problem solving [Schick et al.,
2023]. Specifically, for multimodal problems, researchers have demonstrated the possibility of decomposing
complex tasks into simpler substeps that can each be solved using vision tools [Yang et al., 2023c; Zeng
et al., 2023; Hu et al., 2024b, 2023a]. Among them, the most recent ones are Visprog [Gupta and Kembhavi,
2023] and ViperGPT [Suris et al., 2023]. They use LMs to generate Python code, which sequencially invokes
specialized vision tools. However, among all these works, the process of "reasoning” is text-only: all tools
only output text, and the multimodal LMs only take these text inputs to plan the next steps. Our Visual
Sketchpad [Hu et al., 2024a] addresses this limitation. Our framework enables the models to create visual
artifacts to facilitate reasoning, which greatly boosts their multimodal reasoning abilities. We discuss this

work in detail in §4.
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2.2 Text-to-Image Generation Models

Recently, large-scale pre-trained diffusion models [Ho et al., 2020; Rombach et al., 2021; Saharia et al.,
2022; Dai et al., 2023b; Podell et al., 2023; Esser et al., 2024] have demonstrated remarkable capabilities
in text-to-image generation. These models typically employ an architecture where the text encoder first
encodes the input prompt into a text embedding, and then feeds the embedding into the diffusion backbone
via cross-attention. The diffusion model subsequently generates VAE latent vectors, which are decoded into
an image. A core challenge of image generation is model evaluation. Prior work usually relies on humans to
evaluation the model-generated images. Since human annotators can be subjective, these studies usually ask
annotators to perform pairwise comparisons of images generated by different models. This approach can be
prohibitively expensive and hard to scale. Also, it does not provide an absolute score that can be compared

across different models.

Designing automatic evaluation metrics of the quality of machine-generated images has always been a
major challenge in computer vision. There are two aspects to evaluate, namely image quality and image-text
alignment. Inception Score [Salimans et al., 2016] and FID [Heusel et al., 2017] are the most widely adopted
metrics for image quality. They compare the features of the generated images and gold images extracted from
a pre-trained Inception-V3 model [Szegedy et al., 2015] to evaluate the fidelity and diversity of generated
images. However, they rely on ground-truth images and are based on a classification model, which makes
them not suitable for complex datasets [Frolov et al., 2021]. For image-text alignment, prior metrics are
mainly based on CLIP [Radford et al., 2021], captioning, and object detection models. CLIPScore [Hessel
etal., 2021] and CLIP-R [Park et al., 2021] are based on the cosine similarity of image and text CLIP [Radford
et al., 2021] embeddings. Other works first convert the images using a captioning model, and then compare
the image caption with the text using metrics like CIDEr [Vedantam et al., 2015] and SPICE [Anderson et al.,
2016]. A common problem for these metrics is their low correlation with human annotators [Hessel et al.,
2021]. We introduce TIFA [Hu et al., 2023b] to address this challenge. Empowered by multimodal LMs,
TIFA has a much better correlation with human annotators, and can provide fine-grained and interpretable
analysis on different aspects of image generation. TIFA has been widely adopted in follow-up works and has
become the basis of many latest image generation benchmarks [Cho et al.; Wiles et al., 2024; Li et al., 2024a;

Lin et al., 2024]. We discuss this work in §5.
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2.3 Interactive AI Systems

The field of interactive Al systems has witnessed significant advancements, particularly with the emergence of
Large Language Models (LLMs). These models have demonstrated remarkable capabilities in collaborating
with humans across a spectrum of tasks. For instance, prior work has leveraged human-LLM collaboration
to synthesize NLI data [Liu et al., 2022a] and task-oriented dialogue [Lu et al.], to facilitate code genera-
tion [Yang et al., 2024a], and to enhance creative writing [Lee et al., 2022]. These examples underscore the

broad potential of LLMs to augment human intelligence and creativity across various domains.

2.3.1 Task-Oriented Dialogue Systems

Task-oriented dialogue systems (TODs) constitute a specific category of interactive Al designed to assist
users in accomplishing particular tasks through natural language conversations. These systems are engineered
for efficiency in task completion within well-defined domains, finding practical applications in areas such as
booking systems, customer service platforms, and information retrieval interfaces. The primary objective of a
TOD is to guide the interaction toward a successful outcome, such as completing a reservation or answering a
specific query. Most task-oriented dialogue systems operate with a backend containing structured data.

The evolution of TODs spans several decades. The Airline Travel Information System (ATIS) corpus
pioneered this field by framing flight-booking as a language-understanding benchmark, remaining a classic
dataset for intent/slot modeling [Hemphill et al., 1990]. A decade later, the CMU Let’s Go bus-information
system demonstrated that research prototypes could serve real commuters via telephone, highlighting the
importance of robustness to noisy user speech [Raux et al., 2005]. These early efforts led to the Dialogue State
Tracking Challenge (DSTC) series, which released shared human-machine dialogue corpora and evaluated
systems on dialogue state tracking (DST) tasks [Williams et al., 2013].

With the advent of neural dialogue systems, researchers shifted toward richer, multi-domain settings.
MultiWOZ introduced over 10,000 multi-turn conversations spanning seven domains, establishing itself as
the de facto benchmark for modern TOD models [Budzianowski et al., 2018]. Concurrently, conversational
question-answering tasks such as QuAC and CoQA blurred the boundary between TODs and reading
comprehension, expanding dialogue systems to general information-seeking applications [Choi et al., 2018;

Reddy et al., 2019].

31



Recently, with the emergence of more powerful language models, researchers have begun exploring
LM interactions with complex environments beyond structured databases. For example, Lee et al. [2023b]
assess LMs on human-Al collaborative tasks including crossword puzzles, summarization, and metaphor
generation, while Wang et al. [2024b] measures LM performance when incorporating language feedback
for code generation, decision-making, and mathematical problem-solving. However, this line of research
predominantly focuses on relatively simple interactions where humans provide feedback to LLM:s.

In this thesis, we introduce NavigationBench, a multi-turn dialogue task grounded in a map environ-
ment. This benchmark features a simulated user powered by state-of-the-art LLMs, enabling researchers to
investigate more complex human-Al interactions. Additionally, by providing a simulated map environment,

NavigationBench facilitates more sophisticated interactions between Al systems and virtual environments.

2.3.2 Evaluation of Dialogue Systems

The evaluation of dialogue systems represents a critical dimension of their development process, offering
valuable insights into their performance, effectiveness, and the quality of user experience they provide.
However, assessing dialogue quality remains inherently complex, particularly for open-domain systems, due
to the subjective nature of conversation and the challenge of establishing objective metrics that consistently
align with human judgments.

At the turn level, Dialogue State Tracking (DST) serves as a primary evaluation metric for goal-oriented
dialogue systems. DST measures the accuracy with which a system tracks user intentions and the evolving
dialogue state, typically represented as slot-value pairs. The Dialogue State Tracking Challenges (DSTC)
have been instrumental in advancing this area by providing standardized datasets and evaluation frame-
works [Williams et al., 2013]. Beyond DST, additional turn-level metrics assess response quality at each
interaction, considering factors such as relevance to user input, coherence with preceding dialogue, linguistic
fluency, and information content. These evaluations often involve measuring overlap with human-generated
reference responses or employing trained models to predict the perceived quality of system outputs [Tao
etal., 2018].

Evaluating the holistic effectiveness of dialogue systems requires consideration of system-level metrics

that transcend individual turns. User satisfaction emerges as a paramount system-level metric, reflecting
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the comprehensive user experience and the system’s capacity to fulfill user needs. The Amazon Alexa
Prize, for instance, uses conversation length (number of turns) to gauge a system’s ability to sustain user
engagement [Venkatesh et al., 2018]. However, excessive conversational turns may result in unnecessary or
irrelevant exchanges that correlate with negative user experiences.

In our NavigationBench, we evaluate dialogue systems using a task-level objective—specifically, the
rank of the system-proposed stop. Unlike turn-level metrics or indirect measures such as conversation length,
NavigationBench’s evaluation metrics directly align with the dialogue’s goal. Notably, leveraging recent
advances in LLMs, our evaluation framework functions effectively with both human users and LLM-powered

simulated users, enabling more efficient and rapid iteration in dialogue system development.
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Chapter 3

BLINK: Multimodal Large Language

Models Can See but Not Percieve

3.1 Introduction!

Compared to today, computer vision was originally attempting to interpret images as projections of 3D
scenes, not just processing 2D arrays of flat “patterns” [Minsky and Papert, 1969; Marr, 2010]. In this pursuit,
early research developed a series of intermediate tasks: they focused on understanding optical properties
like reflectance [Wang and Adelson, 1993; Black and Anandan, 1993], 3D primitives through multi-view
reasoning [Marr and Poggio, 1976; Hartley and Zisserman, 2003], geometric reasoning through depth
estimation [Torralba and Oliva, 2002], instance recognition through visual correspondence [Lowe, 1999],
affordance through keypoint grounding [Harris et al., 1988], and forensics through intrinsic images [Barrow
et al., 1978]. Yet in the modern era of large language models (LLMs), the community has focused less on
such perceptual tasks, and instead developed new tasks, mostly expressed in natural language, emphasizing
the vision-language connection learned by multimodal LLMs [OpenAl, 2023b; Team et al., 2023; Chen et al.,
2023c; Liu et al., 2023b, 2024b; Alayrac et al., 2022; Bai et al., 2023; Wang et al., 2024a; Dai et al., 2023a;

Chen et al., 2023b; Dong et al., 2024; Lu et al., 2024a; Sarkar et al., 2024]. This might be because many

'This work involved several authors, and the primary authors are Xingyu Fu from the University of Pennsylvania and me. 1
proposed the idea and collected the data for visual correspondence, counting, localization, multi-view reasoning, spatial reasoning,
relative depth, and relative reflectance tasks. Xingyu is in charge of other tasks. We jointly wrote the paper.
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Figure 3.1: The BLINK Benchmark. BLINK contains 14 visual perception tasks that can be solved by
humans “within a blink”, but pose significant challenges for current multimodal LLMs. These tasks are
inspired by classical computer vision problems and recast into multiple-choice questions for multimodal
LLMs to answer. Notice that the visual prompts and questions in this figure are different from the actual ones
used in the benchmark for illustrative purposes. The answers are as follows. Relative depth: B; jigsaw: A;
multi-view reasoning: right; visual correspondence: A; semantic correspondence: C; forensics detection:
final image; 1Q test: D; visual similarity: upper one; functional correspondence: A; relative reflectance: they
are about the same.

traditional computer vision tasks resist mediation through natural language, due to the inherent imprecision
of language (e.g., it is challenging to precisely pinpoint a spatial keypoint through language).

BLINK aims to highlight crucial aspects of visual perception that have been overlooked when evaluating
multimodal LLMs. To appropriately position this work, let us revisit how we currently evaluate perception
through using multimodal LLMs [Liu et al., 2024e; Li et al., 2023a, 2024b; Yue et al., 2024; Lu et al., 2024b;
Liu et al., 2023a, 2024f]. While many of these benchmarks have been popularized as the de facto evaluation
measures for influential models like GPT-4V and Gemini-Pro, they conflate perception with language knowl-
edge and reasoning. At the risk of singling out one benchmark, let us consider two questions highlighted
in the popular MMBench [Liu et al., 2024e]: “<image 1> Why is this hummingbird called

ruby-throated?” and “<image 2> What will happen next? A: the person is gonna
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Figure 3.2: Comparison between BLINK and previous benchmarks. BLINK has several novel features:
(1) BLINK incorporates diverse visual prompts, like circles, boxes, and image masks, while previous
benchmarks only have text questions and answers. (2) BLINK evaluates a more comprehensive range of visual
perception abilities, like multi-view reasoning, depth estimation, and reflectance estimation. Prior benchmarks
are generally more focused on recognition-based VQA. (3) BLINK contains “visual” commonsense problems
that humans can answer within seconds, while prior benchmarks like [Yue et al., 2024] require domain
knowledge. The samples of previous benchmarks are from [Liu et al., 2024e; Li et al., 2023a; Yue et al.,
2024]. Part of our samples are curated from [Lai et al., 2021; Gupta et al., 2019; Fu et al., 2022; Ze and Wang,
2022; Chen et al., 2016; Bell et al., 2014; Fu et al., 2023b].

laugh B: the person is gonna cry.” For the first question, the vision subpart is to recognize
the hummingbird. For the second, it only needs a coarse description of the image. Everything else is left
to the language model to solve. Such a conflation has also been reported for other benchmarks by previous
work [Yang et al., 2022; Hu et al., 2023a; Berrios et al., 2023]. Our experiments show that this conflation
reductively evaluates perception as a dense captioning task. In other words, by replacing the image with
a task-agnostic dense caption, our experiments show that a “blind” GPT-4 performs well on these

“multimodal tasks”.

In response, we propose BLINK. BLINK reimagines traditional computer vision problems through a
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format that allows us to evaluate multimodal LLMs. As partially demonstrated in Figure 3.1, BLINK consists
of 14 classic computer vision tasks, ranging from low-level pattern matching (e.g., visual correspondences
estimation) to mid-level reasoning (e.g., relative depth estimation), and extending to high-level visual
understanding (e.g., visual similarity). The image tasks are meticulously selected such that they are difficult to
solve by reducing the evaluation using dense captioning; instead, the models must perceive the contents of the
image(s) to answer. We recast each traditional task into a modern question-answering format, where answer
choices are either images or text. BLINK contains 3.8K questions across 7.3K images, where questions
may contain multiple images that are curated from a wide range of datasets [Lin et al., 2014; Krishna et al.,
2017; Bell et al., 2014; Balntas et al., 2017; Chen et al., 2016; Gupta et al., 2019; Fu et al., 2023b, 2022],
encompassing indoor household scenes as well as outdoor urban or natural environments. The questions and
choices are either derived from the datasets, or manually written by humans. On average, each question can
be solved by a human subject within a BLINK of an eye, except the 1Q test.

We carefully evaluate 17 multimodal LL.Ms with various sizes (i.e., 7B, 13B, 34B) on BLINK. We
observe the paradox that while these problems are easy for humans (95.70% average accuracy), they are
extremely hard for existing multimodal LMs — even GPT-4V model can only achieve 51.26% accuracy on
average, which is 44.44% worse than humans, and 13.17% better than random guessing. We also experiment
with specialist vision models and find that they perform much better than multimodal LL.Ms. For example,
the specialist outperforms GPT-4V by 62.8% on visual correspondence estimation, 38.7% on relative depth
estimation, and 34.6% on multi-view reasoning, in terms of absolute accuracy. Our findings indicate that the
perceptual abilities of multimodal LLMs have been previously overestimated. Furthermore, these models may
benefit from integrating insights from specialized models that excel in these areas. We believe BLINK can
serve as an effective testbed for bridging the gap between traditional notions of perception and the modern

generative capabilities of multimodal LLMs.

3.2 The BLINK Benchmark

Our goal is to faithfully evaluate the visual perception capabilities of existing Multimodal LLMs. We
seek to study the visual perception gap between humans and machineries, and offer deeper insights into

potential pathways towards achieving more generalized machine perception. Based on the observation that
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extending to high-level visual understanding (e.g.,

visual similarity).

existing benchmarks predominantly focus on evaluating visual recognition abilities, we introduce a novel
benchmark, BLINK, designed to enable both quantitative and qualitative evaluation of the nuanced perception
capabilities of multimodal LLM across various dimensions. We unfold this section by illustrating the overall
design of BLINK (§3.2.1) and discussing its unique features comparing with previous benchmarks. Then we

describe each task in detail, providing an in-depth explanation of the data curation process (§3.2.2).

3.2.1 Overview of BLINK

To ensure that one can effectively measure what Multimodal LLLMs can or cannot perceive, we carefully
select 14 tasks (see §3.2.2 for the full list) that are difficult to solve by reducing the evaluation into text-only
questions using dense captioning. The tasks are drawn from either classic computer vision problems or
recent applications of Multimodal LLMs, each of which requires a nuanced understanding of the visual data.
They range from low-level pattern matching (e.g., visual correspondence) to mid-level spatial reasoning (e.g.,
relative depth), and up to high-level visual understanding (e.g., visual similarity). This variety allows for

a systematic exploration of Multimodal LLMs’ capabilities across different perceptual complexity layers.
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Furthermore, these visual tasks vary in granularity, ranging from pixels (e.g., relative reflectance) to patches
(e.g., jigsaw) and extending to the full image (e.g., forensic detection), enabling us to evaluate models’
proficiency in observing at various scales.

To facilitate the evaluation of multimodal LLMs, we recast all tasks as multiple-choice question-answering
problems. The options for answers may include images or texts, while the questions themselves can feature
either single or multiple images. Prompts are designed to be both textual and visual in nature. We re-purposed
several existing vision datasets as well as collected new data. In total, we contribute 3.9K multiple-choice
questions and 7.3K images, with an even distribution between the validation and test sets. Numbers of each

task are reported in Figure 3.3.

Key features of BLINK: Comparing with previous benchmarks, BLINK has the following novel features:

* Visual prompting: Unlike existing benchmarks that support only text prompting, BLINK features a
variety of visual prompts. This enables one to highlight specific areas within images, facilitating the
evaluation of Multimodal LLMs’ detailed understanding of these regions. It also offers an interface for

researchers to investigate the impact of visual prompting techniques.

* Perception beyond recognition: Besides visual recognition, BLINK considers a diverse set of visual
perception abilities, such as 3D reasoning, geometric understanding, affordance reasoning, etc. The

breadth allows one to evaluate Multimodal LL.Ms from an unique array of perspectives.

* “Visual commonsense” that does not require domain knowledge: The questions in BLINK are
intentionally designed to be straightforward, requiring neither domain-specific knowledge nor expertise
to answer. They are crafted in such a way that humans can solve them almost instantaneously, typically
within a few seconds. This allows us to explore the fundamental gap in visual perception gap between
humans and Multimodal LLMs, highlighting the paradox that problems easily solved by humans often

pose significant challenges for machines.

* Interleaved image-text formats: BLINK features a heterogeneous question-answering format, wherein
both questions and choices can be presented as text or images. This diversity compels Multimodal

LLMs to genuinely understand the questions, pushing the boundaries of their interpretative capabilities.
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* Diverse image sources: BLINK comprises a wide range of in-the-wild images sourced from various
origins, covering everything from indoor and outdoor scenes to object-centric views and landscapes.
This collection spans abstract diagrams, synthesized images, and authentic photographs, ensuring a

comprehensive examination of visual perception

The design principles of BLINK are also illustrated in Figure 3.2. We will now describe each task in detail.

3.2.2 Dataset Collection Process

BLINK comprises 14 tasks, all of which have been repurposed into a multiple-choice question-answering
format. These tasks utilize a diverse collection of images from various sources and we ensure that each image

is unique.

Visual correspondence: This task aims to evaluate the ability of Multimodal LL.Ms to understand and iden-
tify the same scene point across various viewpoints, lighting conditions, or time. We exploit HPatches [Balntas
et al., 2017] for this task. HPatches contains a number of image sequences, each of which are composed of
images taken under different illuminations and/or viewpoints of a scene. For each question, we randomly
sample two images and an interest point within them. Then we exploit the ground-truth homography to

compute its correspondence. Finally, we randomly select three more interest points to serves as other choices.

Relative reflectance:  This task aims to compare the reflectance (albedo) of two pixels. It allows us to
evaluate Multimodal LLMs’ understanding of material properties and their interaction with light, which is
crucial for applications requiring high-fidelity visual interpretations. We curate our samples using human
annotations from the Intrinsic Images in the Wild (IIW) dataset [Bell et al., 2014]. Each question is based on
an image and two specified points. The goal is to identify which point is darker, or whether the two points

have similar reflectance.

Relative depth: Humans are good at judging relative depth [Chen et al., 2016]. This task can thus serve
as a proxy to validate if the geometric understanding capabilities of existing multimodal LLMs are close
to human. We curate our samples using human annotations from the Depth in the Wild [Chen et al., 2016]

dataset. Given an image and two specified points, the task is to determine which point is closer.
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Figure 3.5: Qualitative results on BLINK. For each task, we show the choice of LLaVA-v1.6-34B [Liu
et al., 2024b], Qwen-VL-Max [Bai et al., 2023], Gemini Pro [Team et al., 2023], GPT-4V [OpenAl, 2023b],
and humans. Red choice indicates the ground truth. Notice that the markers are intentionally enlarged for
visualization purposes, and we make some images inset images to save space. For 1Q test, the third image is
constructed by overlaying the first and second images.
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Spatial relation:  Understanding spatial relationships between objects in a scene is essential for interpreting
complex visual environments. However, modern Multimodal LLMs often struggle with spatial concepts such
as “left” and “right” [ Yang et al., 2023b]. This task help us evaluate whether the models finally possess this
vital skill. We curate our samples from the Visual Spatial Reasoning [Liu et al., 2023a] dataset. Each sample
contains an image and a claim. The task is to determine if the claim is true or false. We reformat the claims

into binary questions via GPT-3.5 [Brown et al., 2020].

Multi-view reasoning: This task is centered on evaluating the multi-view reasoning capabilities of Mul-
timodal LLMs. The objective is to deduce the relative camera motion based on two images of an object
captured from different viewpoints. Our data is sourced from the Wild6D dataset [Ze and Wang, 2022], which
features videos of various objects recorded in diverse settings. We select two random frames from each video
to calculate the relative camera motion. Recognizing that even humans might struggle to precisely articulate
3D motion details, we simplify the task by classifying motions into two broad categories: moving towards
the left or moving towards the right. Despite the simplicity of these questions, as we will later demonstrate,

they pose significant challenges for current models.

Jigsaw:  This task assesses the ability of Multimodal LLMs to recognize and group patterns, as well as
to align patches based on continuity in shape, color, and texture. We utilize images from the TARA dataset
[Fu et al., 2022] and segment each of them into a 3x3 grid. We retain the three segments from the upper
left corner as the reference image, and treat the central segment along with a randomly chosen segment as

options. The objective is to identify the correct patch (i.e., the central patch).

Art style:  This task evaluates Multimodal LL.Ms capability to analyze and discern both local and global
similarities in art styles among multiple images. Although there have been prior efforts to incorporate
art-related questions into evaluation [ Yue et al., 2024], such attempts primarily focused on questions requiring
expert-level knowledge, including deducing an artist’s name and understanding historical contexts, rather
than on direct image comparison. For this task, we collect paintings and their stylistic information from
WikiArt. Given one reference painting image and two other paintings as options, the model is tasked with

identifying the one that most closely shares the art style of the reference painting.
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Object localization: ~ The ability to accurately detect and localize objects is critical for scene understanding.
While previous benchmarks [Liu et al., 2024e] have explored this task, their focus was primarily on coarse
localization. For instance, they might only ask the model if an object is located at the “top” or “right” side of
an image. BLINK, in contrast, aims for a more fine-grained evaluation. We exploit images from LVIS [Gupta
et al., 2019], randomly sampling one object per image along with its ground-truth bounding box. Then we

add Gaussian noise to the ground-truth box to create a confounding box. The goal is to select the correct one.

Counting: This task evaluates Multimodal LLMs’ abilities in detection, recognition, and compositional
reasoning, particularly in complex scenes where objects may overlap, be occluded, or vary in size and
appearance. We select our questions from the TallyQA dataset [Acharya et al., 2019], known for its
challenging human-written counting questions. Each sample comprises an image, a question, and a numerical

answer. In addition to the correct answer, we randomly select three numbers to serve as confounding options.

Forensic detection:  Recent advances in generative Al have raised concerns about malicious uses and have
prompted calls for the automatic detection of fake content. To evaluate whether Multimodal LLMs can fulfill
such a role, we construct sets of real and synthesized images that describe similar scenes and ask the models
to identify the real ones. Specifically, we first generate synthetic images using Stable Diffusion XL [Podell
et al., 2023], employing COCO captions [Lin et al., 2014] as prompts. Then, we manually search online

using these captions as descriptions and select high-quality photographs as the real images.

IQ test:  This task evaluates the ability of Multimodal LLMs to engage in graphical reasoning, without
requiring any domain-specific knowledge. We manually collect test samples, along with human explanations,
from various public, license-friendly online sources. Given visual examples and a selection of images, the
objective is to identify the image that either continues the pattern established by the examples or is spatially

consistent with them.

Visual similarity:  This task aims to verify whether Multimodal LLMs possess a nuanced understanding
of visual features, patterns, and aesthetics at a level comparable to humans. We select our samples from the
DreamSim dataset [Fu et al., 2023b]. Given a reference image alongside two alternative images, the objective

is to identify the image that more closely resembles the reference image perceptually.
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Semantic correspondence:  This task focuses on identifying and matching semantically similar yet
visually distinct elements across images, thereby evaluating the ability of Multimodal LLMs to understand the
underlying semantics of object parts. Our samples are sourced from the SPair-71k dataset [Min et al., 2019],
which features pairs of images with multiple corresponding semantic points. For each task, we randomly
select one semantic point in an image as a reference, and provide the matching point alongside three random

semantic points in the paired image as options. The objective is to accurately identify the correct matches.

Functional correspondence: The task aims to identify points that are functionally similar across objects.
It challenges Multimodal LLMs to extend their understanding beyond mere semantics, enabling them to infer
the diverse functions an object can perform in various contexts. Such capability is crucial for applications in
robotics. We derive our samples from the FunKPoint dataset [Lai et al., 2021], which features paired images
annotated for functional correspondences. Following a method analogous to semantic correspondence, we
present an action alongside two object images. One image includes a reference point, while the other offers
four potential points. The objective is to select the point that best matches the reference in terms of functional

affordances.

Data quality control: To guarantee the quality of BLINK, we manually go through all collected data and

filter out data that are ambiguous.

3.3 Experiments

In this section, we first describe the experimental setup and the baselines (§3.3.1). Then we present a
comprehensive evaluation of 16 recent multimodal LLMs (§3.3.2). We demonstrate that while humans can
answer the questions with high accuracy, BLINK is challenging for existing models. Finally, we provide
detailed analyses on multiple experimental settings, including the effect of reducing images to captions,

sensitivity to different visual prompts, and error analysis (§3.3.3).

3.3.1 Experimental Setup
Multimodal LLLMs:  We evaluate BLINK on 16 recent multimodal LLMs, including MiniGPT-4-v2 [Chen
et al., 2023a], OpenFlamingo-v2 [Awadalla et al., 2023], InstructBLIP (7B and 13B) [Dai et al., 2023a],

CogVLM [Wang et al., 2024a], LLaVA(vl, v1.5, v1.6, internLM, and xtuner versions, model size 7B,
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13B, and 34B) [Liu et al., 2023b, 2024a,b; Dong et al., 2024; Contributors, 2023b], Yi-VL (6B and 34B),
Qwen-VL-MAX [Bai et al., 2023], Gemini Pro [Team et al., 2023], Claude 3 Opus [Anthropic, 2024b] and
GPT-4V (vision) [OpenAl, 2023b].

Evaluation setup:  We follow standard setups as in the VLMEvalKit [Contributors, 2023a], where the
temperature is set to O and retry is set to 10. However, we do not resize the images during any experiment.
For the models that do not support multiple images as input, we concatenate the images as input. We extract
the choice from the models’ output with a set of pre-defined rules and GPT-3.5-turbo [Brown et al., 2020].
There are three types of visual prompts in BLINK: circles, boxes, and masks as shown in Figure 3.5. As for
visual correspondence, functional correspondence, semantic correspondence, the red circles have radius 10px
on images resized to 1024px height. For relative reflectance, we draw white circles to avoid color confusions.

For object localization, the boxes are in red and green. For jigsaw, the masks are kept black.

3.3.2 Main Results

Overall performance:  As shown in Table 3.1, the mean accuracy of 7B and 13B open-source Multimodal
LLMs hover around 35-42%, which is similar to random guess (38.09%). The most proficient open-source
model, LLaVA-v1.6-34B, achieves an accuracy of 45.05%. Even the most advanced models, GPT-4V and
Gemini Pro and Claude 3 OPUS, achieve accuracies of only 51.26%, 45.72%, and 44.11% respectively.
Their performance are merely 13.17%, 7.63% and 6.02% better than random guessing and lag behind
human performance by 44.44%, 49.98% and 51.59%. Notably, for certain tasks such as jigsaw, semantic
correspondence, multi-view reasoning, object localization, and relative reflectance, some multimodal LLMs

even underperform compared to random guessing. Some qualitative results are shown in Figure 3.5.

In which tasks do multimodal LL.Ms show relative strengths and weaknesses? Figure 3.4 shows the
accuracies of the best-performing models on BLINK: LLaVA-v1.6-34B [Liu et al., 2024b], Gemini Pro [Team
et al., 2023], and GPT-4V [OpenAl, 2023b]. We observe that multimodal LLMs perform relatively better on
spatial reasoning, art style, and counting tasks, in which they are much better than random guessing. The
models also demonstrate some capability in relative depth and forensics detection. Overall, they are most

effective on mid-level perception tasks. In terms of granularity, the models in general perform better on
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Validation Test Similarity Counting Depth Jigsaw Art Fun.Corr.
(1,901) (1,906) (136) (120) (124) (150) (117) (130)
Random Choice 38.09 38.09 50 25 50 50 50 25
Human 95.67 95.70 96.70 93.75 99.19 99.00 95.30 80.77
Open-source multimodal LLMs
MiniGPT-4-v2 [Chen et al., 2023a] 34.23 34.57 52.94 10.83 49.19 26.00 47.86 18.46
OpenFlamingo-v2 [Awadalla et al., 2023] 39.18 38.32 55.15 21.67 54.03 46.00 52.14 36.15
InstructBLIP-7B [Dai et al., 2023a] 39.72 38.65 46.32 29.17 50.81 54.00 47.86 23.85
InstructBLIP-13B [Dai et al., 2023a] 42.24 39.58 46.32 30.83 50.00 54.00 50.43 22.31
LLaVA-internLM2-7B [Team, 2023] 37.71 36.06 52.94 52.50 5242 34.67 30.77 23.08
Yi-VL-6B 38.72 41.24 46.32 46.67 56.45 50.00 53.85 23.85
Yi-VL-34B 41.68 42.78 50.00 58.33 53.23 54.00 46.15 39.23
LLaVA-v1.5-7B-xtuner [Contributors, 2023b] 39.36 40.81 46.32 53.33 50.81 54.00 47.86 23.85
LLaVA-v1.5-13B-xtuner [Contributors, 2023b] 42.00 41.31 46.32 45.00 54.03 53.33 47.86 26.15
CogVLM [Wang et al., 2024a] 41.54 39.38 46.32 38.33 50.81 52.67 49.57 23.85
LLaVA-v1.5-7B [Liu et al., 2024a] 37.13 38.01 46.32 43.33 51.61 11.33 47.86 21.54
LLaVA-v1.5-13B [Liu et al., 2024a] 42.66 40.55 46.32 50.00 47.58 54.00 47.86 20.77
LLaVA-v1.6-34B [Liu et al., 2024b] 46.80 45.05 46.32 68.33 64.52 56.67 47.01 30.77
API-based models
Qwen-VL-Max [Bai et al., 2023] 40.28 41.94 51.47 55.83 58.87 3.33 37.61 28.46
Gemini Pro [Team et al., 2023] 45.16 45.72 55.88 65.00 50.00 54.00 49.57 3231
Claude 3 OPUS [Anthropic, 2024b] 44.05 44.11 70.59 49.17 57.26 32.67 60.68 22.31
GPT-4V(ision) [OpenAl, 2023b] 51.14 51.26 83.09 60.83 58.87 62.67 78.63 31.54
GPT-4 Turbo [OpenAl, 2023b] 54.61 53.89 83.09 60.83 66.94 66.00 81.20 31.54
GPT-40 [OpenAl 2023b] 60.04 59.03 65.44 51.67 64.52 58.00 82.91 39.23
Sem.Corr. Spatial Local. Vis.Corr. Multi-view Reflect. Forensic IQ
(140) (143) (125) (172) (133) (134)  (132) (150)
Random Choice 25 50 50 25 50 33.33 25 25
Human 96.07 98.25 98.00 99.42 92.48 95.14  100.00 80.00
Open-source multimodal LLMs
MiniGPT-4-v2 [Chen et al., 2023a] 26.43 51.75 56.00 23.84 52.63 31.34 1742 19.33
OpenFlamingo-v2 [Awadalla et al., 2023] 23.57 46.85 52.00 25.00 41.35 43.28 1591 23.33
InstructBLIP-7B [Dai et al., 2023a] 25.00 55.24 4480 22.67 58.65 29.85 29.55 2333
InstructBLIP-13B [Dai et al., 2023a] 22.86 64.34 52.00 20.93 54.14 46.27 13.64  26.00
LLaVA-internLM2-7B [Team, 2023] 22.14 74.13 48.00 21.51 41.35 32.84 3.79 14.67
Yi-VL-6B 26.43 72.73  49.60  29.65 48.12 29.85 2045 2333
Yi-VL-34B 2143 70.63 5440 23.84 41.35 46.27 17.42  22.67
LLaVA-v1.5-7B-xtuner [Contributors, 2023b] 24.29 7483 45.60 23.84 42.11 26.87 3636 21.33
LLaVA-v1.5-13B-xtuner [Contributors, 2023b]  22.14 77.62 48.00 22.09 41.35 46.27 2955 18.67
CogVLM [Wang et al., 2024a] 23.57 67.13 4320 20.93 57.14 26.87 2424 26.67
LLaVA-v1.5-7B [Liu et al., 2024a] 32.14 70.63 48.80 20.35 49.62 36.57 28.03 24.00
LLaVA-v1.5-13B [Liu et al., 2024a] 23.57 67.83 47.20 20.35 41.35 4552 2727 28.00
LLaVA-v1.6-34B [Liu et al., 2024b] 27.86 76.22 41.60 27.33 46.62 29.85  41.67 26.00
API-based models
Qwen-VL-Max [Bai et al., 2023] 29.29 77.62 49.60 22.67 53.38 49.25 4773 22.00
Gemini Pro [Team et al., 2023] 22.14 67.13 4640 37.21 41.35 46.27 4545 2733
Claude 3 OPUS [Anthropic, 2024b] 20.71 57.34 4640 31.40 57.89 27.61 62.12 2133
GPT-4V (ision) [OpenAl, 2023b] 30.00 72.03 5040 37.21 58.65 38.81 3030 24.67
GPT-4 Turbo [OpenAl, 2023b] 32.86 67.13 48.80 42.44 57.14 3433  51.52  30.67
GPT-40 [OpenAl, 2023b] 45.71 7692 56.00 71.51 60.15 38.81 85.61 30.00

Table 3.1: Results of different models on the BLINK test set.

GPT-4V behaves differently:

The first row shows task names and number
of test data. The best performance in each task is in-bold. For the sake of completion, we also show the

average score on the validation set.
image-level tasks and struggle on pixel-level and crop-level tasks.

Figure 3.4 and Table 3.1 show an interesting phenomenon: GPT-4V’s

performance pattern is different from other models. Compared with its counterparts, GPT-4V is much better

in visual similarity, art style, jigsaw, and multi-view reasoning. Specifically, its performance on visual

similarity is 29% better than Gemini Pro, demonstrating that GPT-4V possesses a nuanced understanding
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of visual patterns and aesthetics that is similar to humans. In contrast, Gemini Pro and LLaVA have similar

performance patterns.

Human performance: Human evaluators achieve over 95% accuracy across most tasks, with an average
accuracy of 95.70%.> This performance disparity between humans and multimodal LLMs highlights the
significant visual perception gap that exists between current machine learning models and humans in

perceiving, processing, and understanding complex visual and textual context.

3.3.3 Analysis

Is dense captioning all you need for a multimodal LLM benchmark? To answer the question, we reduce
multimodal benchmarks to a text-only problem. Specifically, we convert images into task-agnostic dense
image captions with GPT-4V. The dense caption describes detailed information about the image and the visual
prompts (e.g., where each circle is), using language. For each multimodal question, we prompt the text-only
GPT-4-0125-preview model with image captions and the textual question and evaluate if the “blind” GPT-4
can answer the question. We call this Caption + LLM. This experiment is predicated on the hypothesis
that captioning involves predominantly recognition-centric perception. If using captions along with text-only
LLMs yields performance comparable to or surpassing that achieved through the integration of images with

multimodal LLMs, then the perception demands of that benchmark are primarily confined to recognition

“Note that the human score for IQ test is annotated by authors. It may not reflect typical human performance, which is also
expected to vary.
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Task Vis.Corr. Depth Multi-view Sem.Corr.

Random 25.00 50.00 50.00 25.00

Human 99.56 99.59 92.10 94.60

Gemini Pro 42.44 40.32 44.36 26.62

GPT-4V 33.72 59.68 55.64 28.78

Specialist DIFT DepthAnything LoFTR DIFT
Tang et al. [2023]  Yang et al. [2024b]  Sunetal. [2021] Tang et al. [2023]

96.51 97.58 90.22 71.22

Table 3.2: Comparison between multimodal LLMs, specialists, and human performance on the BLINK dev
set. The specialists perform much better than multimodal LLMs.

only.

We experiment with BLINK, MMBench [Liu et al., 2024e] and MMMU [Yue et al., 2024], as illustrated
in Figure 3.6. Surprisingly, we find that the Caption + LLM setting achieves better results on MMBench
than GPT-4V (with 5.7% increase in accuracy). On MMMU, Caption + LLM achieves 47.2% accuracy,
which is 9.6% lower than GPT-4V performance, but is still much better than random guessing. On BLINK,
Caption + LLM fails, achieving random guessing performance. These results indicate that dense captions
cover the visual information needed for MMBench. For MMMU, image captions carry a large portion of
visual information needed to answer the domain-knowledge-specific questions. Meanwhile, the performance
decrease observed in BLINK suggests the necessity or advanced perceptual abilities beyond what is currently
attainable with general captions. This variance highlights the limitations of existing multimodal LLM

benchmarks in addressing the full spectrum of visual perception.

Effect of visual prompting on BLINK: Several BLINK tasks involve visual prompting. Prior work [Sht-
edritski et al., 2023] shows that factors like shape, size, and color may affect task performance, and circles
give the best overall performance. Following [Shtedritski et al., 2023], we adopt circles in BLINK and analyze
the effect of circle sizes and colors on multiple tasks in Figure 3.7. We experiment with relative depth, relative
reflectance, and visual correspondence, with 100 validation set samples per task. The images are all reshaped
to 1024px height. We experiment with circles with Spx, 10px, and 15px radius, and with red or gray color.
We find that red is better than gray for all tasks. Also, the optimal circle size is task-dependent. On average
10px circles work the best, and we use it for all evaluations. The experiments suggest that visual prompting
can have a big impact on multimodal LLM performance, and improving visual prompts or improving model

robustness to prompt variation is a promising direction for future research [Yang et al., 2023a].
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Can specialist models solve BLINK tasks? Specialists can serve as a proxy upper bound of how good
multimodal LLMs could be. We download the trained checkpoints for six specialist models and evaluate
them on BLINK. As shown in Table 3.2, the specialists perform much better than GPT-4V and Gemini Pro,
outperforming the best multimodal LLM by 18% to 57% on these tasks. Specifically, DepthAnything [Yang
et al., 2024b] and DIFT [Tang et al., 2023] achieve human-level performance on depth estimation and visual
correspondence, whereas multimodal LL.Ms fail miserably. This sheds light on the possibility that multimodal
LLMs may progress on these tasks given the correct data and training strategy. For instance, one possible

way is to distill existing specialist models into multimodal LLMs [Hu et al., 2024b].

Error analysis of GPT-4V: We randomly sampled 140 error instances made by GPT-4V on BLINK, 10

per task, and meticulously examined them. The most common types of errors are:

* Hallucinate fine-grained patterns and attributes (24.2%): the model hallucinates the nuanced details

of objects. This error is most common for relative reflectance, forensics detection, and jigsaw tasks.

* Hallucinate visual prompt locations (20.0%): the circle location described by the model is wrong.

This is common for visual correspondence and relative depth tasks.

Other errors include Failures on capturing overall setting or style (8.6%), and Failures on grounding an object

(5.7%).

3.4 Summary

We introduced BLINK, a new multimodal LLM benchmark that evaluates core visual perception abilities
not found in existing evaluations. While these tasks seem trivial for humans to solve “within a blink,”
we find they pose significant challenges for current multimodal LLMs. Even the powerful GPT-4V and
Gemini models only achieve around 50% accuracy on BLINK, far below the 95.7% human performance. We
conduct extensive analysis, measuring the effect of converting images to dense captions, visual prompting,
self-consistency, analyzing the capabilities of specialist models, and conducting error analysis. We highlight
that specialist computer vision models are performing much better than GPT-4V and Gemini on BLINK,

shedding light on the possibility that multimodal LLMs may have big progress on these tasks. Ultimately,
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BLINK provides a simple yet effective testbed for multimodal LL.Ms to catch up with human-level visual

perception.
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Chapter 4

Visual Sketchpad: Sketching as a Visual
Chain of Thought for Multimodal Language
Models

4.1 Introduction!

Sketching is a fundamental human activity, serving as a versatile tool for communication [Goel, 1995],
ideation [Tversky et al., 2003], and problem-solving [Tversky and Suwa, 2009]. Unlike written language,
sketches have the advantage of conveying visuo-spatial ideas directly, for example by using spatial relations
on paper to convey spatial relations or other more abstract relationships in the world. This may explain
their ubiquity; maps [Taylor and Tversky, 1992b] and architectural plans [Goldschmidt, 1991] have been
found incised in stone, etched on leather, impressed in clay, and drawn on paper in diverse cultures scattered
across the world [Taylor and Tversky, 1992a]. Sketches are so fundamental that we use them to teach school
children how to solve geometry problems by drawing support lines, to aid engineers conveying prototypes, to
support architects creating blueprints, and to allow scientists like us to convey scientific contributions (see

Figure 4.1).

'This work involved several authors, and the primary authors are Weijia Shi and me. I proposed the idea, built the agent
framework, and conducted all the experiments on visual reasoning. Weijia ran the experiments of math tasks. We wrote the paper
together.
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Figure 4.1: Sketchpad equips GPT-4 with the ability to generate intermediate sketches to reason over
tasks. Given a visual input and query, such as proving the angles of a triangle equal 180°, Sketchpad enables
the model to draw auxiliary lines which help solve the geometry problem. The examples are from [Fu et al.;
Wu and Xie, 2024; Tong et al., 2024]. For all these examples, without Sketchpad, GPT-4o fails to get the
correct answer, while Sketchpad + GPT-40 achieves the correct solution.

As multimodal language models [OpenAl, 2023b; Team et al., 2023; Liu et al., 2023b, 2024b; Alayrac
et al., 2022; Bai et al., 2023; Wang et al., 2024a; Dai et al., 2023a; Lu et al., 2024a; Team, 2024; Chen
et al., 2024, 2023c] have begun to mature, we now expect them to solve tasks like the ones mentioned
above, i.e., ones where people draw intermediate sketches to simplify reasoning. Popular benchmarks now
include questions about geometry (e.g., Geometry3K [Lu et al., 2021]) and complex math problems (e.g.,
IsoBench [Fu et al.]). In these benchmarks, models are given images of diagrams and asked questions
requiring symbolic grounding and spatial understanding, where intermediate sketches like auxiliary lines
can enhance reasoning. Even benchmarks in computer vision now have a similar flavor. Specialist vision
models can be viewed as sketching on natural images. For example, object detection is plotting bounding

boxes around objects; depth estimation is drawing colormaps according to depth. The BLINK benchmark
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would benefit significantly from such intermediate visual sketches. Similarly, the V*Bench benchmark [Wu
and Xie, 2024] could focus reasoning on image crops to find answers. Unfortunately, current LMs lack a

scaffold for using sketch-based reasoning when solving tasks.

We introduce Visual Sketchpad, a framework that provides multimodal LMs with the tools neces-
sary to generate intermediate sketches to reason over tasks. Inspired by textual chain-of-thought reasoning
in LMs [Wei et al., 2022; Zhang et al., 2024b], Sketchpad prompts the underlying visual LM to produce
visual artifacts as part of a chain of mixed textual, programmatic, and visual reasoning. For example, to prove
that the angles of triangles sum up to 180 degrees in Figure 4.1 (a), Sketchpad enables agents to modify the
diagram by introducing a new auxiliary line. This new line, along with new annotated angles, provides the
critical information to solve the geometry task. Similarly, Sketchpad improves models’ spatial reasoning for
computer vision. To determine if there are cookies stacked on top of other cookies in the image (Figure 4.1b),
the model first produces an intermediate depth estimate. By analyzing the depth estimate, which reveals
cookies overlapping at different depths, the model is able to correctly answer that the cookies are indeed

stacked.

We demonstrate the effectiveness of visual Sketchpad across a wide range of mathematics and computer
vision tasks. For math, we tackle problems including (1) geometry [Lu et al., 2021], (2) mathematical
functions, (3) graph algorithms, and (4) strategy games [Fu et al.]. For geometry questions, Sketchpad
enables models to generate Matplotlib code with auxiliary lines and variables, given the diagram input
and questions (Figure 4.1a). Notably, even when the input is solely language-based, such as mathematical
functions, Sketchpad enables models to plot the functions and reason about their properties, using only the
mathematical function expression as input (Figure 4.1b). These results highlight the ability of Sketchpad to
aid reasoning, even in tasks with purely language-based inputs. Across all four categories of mathematical
tasks, Sketchpad consistently improves the baseline GPT-40 performance, yielding an average gain in

accuracy of 11.2%.

For computer vision, we tackle diverse tasks including (1) depth, (2) spatial reasoning, (3) jigsaw, (4)
visual correspondence, (5) semantic correspondence, as well as questions from (6) the MMVP and (7) the
V*Bench benchmarks [Fu et al., 2024; Tong et al., 2024; Wu and Xie, 2024]. For this domain, Sketchpad

enables models to generate segmentation masks, crop images, draw bounding boxes, zoom into image regions,
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Figure 4.2: Overview of Sketchpad. Given a multimodal query, the Sketchpad agent generates a sketching
plan to address the query (Thought), and then synthesizes a program to create visual sketches (Action).
By analyzing the resulting sketches (Observation), which serve as a visual representation of the reasoning
process, the model generates a final response to the query.

overlay images, etc. Similar to math, Sketchpad shows consistent improvements across all seven types of
computer vision tasks. For example, GPT-40, augmented with Sketchpad, sees 14.3% absolute improvement
in accuracy on V*Bench, 12.1% and 9.7% improvements on BLINK’s depth and semantic correspondence
tasks, respectively, setting a new state of the art across all tasks. Finally, we analyze the effectiveness of
Sketchpad by comparing the plans generated by our model with human-created plans, showing that they are
well-aligned and exhibit similar reasoning patterns. We hope Sketchpad opens up new research opportunities

toward more capable and interpretable multimodal intelligence.

4.2 Visual Sketchpad

We introduce visual Sketchpad, a general framework that enables multimodal LMs to draw sketches as
intermediate reasoning steps and to use these sketches to facilitate further reasoning. Figure 4.2 shows
examples of how Sketchpad works. Given a multimodal query, Sketchpad agent generates a sketching plan to
address the query (Thought), and then synthesizes a program to create visual sketches (Action). By analyzing

the resulting sketches (Observation), which serve as a visual representation of the reasoning process, the
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model generates a final response to the query.

Our framework requires no finetuning or training. Multimodal LMs, out of the box, can be prompted to
sketch using our framework. Our implementation is based on the AutoGen [Wu et al., 2023] framework. We
give the overview of our Sketchpad framework in §4.2.1, and describe how it integrates sketching into the

reasoning process in §4.2.2.

4.2.1 Overview of Sketchpad

The Sketchpad agent solves tasks by engaging in an iterative interaction process with an environment. Given
a multimodal query ¢ that includes both visual and textual components, the model generates a series of
thoughts, actions, and observations to gather the information needed to answer the query. At each time step ¢,
the model performs three key steps:

Thought: The model analyzes the current context c;, which includes the query, previous thoughts, actions,
and observations, to generate a thought plan p; for the next action. For example, given the query q — “find the
< E1C” in Figure 4.2a, the model’s thought plan p; is to draw an auxiliary line /X parallel to BD serving
as a visual sketch to help solve the problem.

Action: Based on the thought plan, the model executes an action a;, which can manipulate both visual and
textual content. In the geometry example, to realize the proposed thought of drawing the auxiliary line, the
model generates Python code to modify the original geometry diagram. The generated code is then compiled
and executed.

Observation: Based on the action a;, Sketchpad’s environment returns a new observation o;,1, such as a
new diagram with the auxiliary line drawn in the geometry example. The multimodal context is then updated
to civ1 = (€4, Pr, G, 0141)-

The multi-turn interaction process continues until time step 7', when the model determines that it has
gathered enough information from the context cr to answer the query. At this point, it generates a special
Terminate action and provides the answer.

Different from prior work [Yao et al., 2023], where LMs primarily generate and manipulate text-based
observations and actions, Sketchpad enables the model to work with multimodal observations o; and

actions a;, manipulating both visual and textual content. This allows the model to plan and reason with
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the visual sketches it has drawn, enhancing its problem-solving capabilities.

4.2.2 Sketching via Code Generation

The core component of Sketchpad is sketching, which enables the LM to generate visual sketches by

synthesizing programs that call different specialist vision models or Python plotting packages.

Program Generation. Similar to recent works like ViperGPT and VPD [Gupta and Kembhavi, 2023; Suris
etal., 2023; Hu et al., 2024b], Sketchpad enables LMs to sketch through code generation. The LM is provided,
through a prompt, with a detailed description of the available tools that can generate multimodal content (an
example prompt and description can be found in §A.1). The prompt includes Python function signatures
and docstrings [Hsieh et al., 2023] for these modules, but does not contain their full implementation. The
LM generates Python code in a code block, using the provided tools, which, when executed, generates new
image and text outputs. A special display function allows the LM to visualize the sketch image in the next

observation 0¢41.

Modules for sketching. Sketchpad uses various tools to facilitate the sketching process, depending on the
task at hand. For mathematical tasks, Sketchpad uses common Python packages like matplotlib and
networkx for plotting (see §4.3). For vision tasks, the LM leverages specialist vision models during the
sketching process. These models include detection tools that draw bounding boxes on the image, as well
as segmentation and marking tools (inspired by SoM [Yang et al., 2023a]) that draw colorful masks on the
image and use numbers to label segments. We find these specialists possess useful perception skills for visual

reasoning tasks, and Sketchpad is an effective way to combine them into a multimodal LM (see §4.4.1).

4.3 Sketching to Solve Math Problems

In this section, we experiment with Sketchpad on four complex mathematical tasks: (1) geometry, (2)
mathematical functions, (3) graph algorithms, and (4) game strategies. We demonstrate that incorporating
sketching capabilities into LMs significantly improves their performance on these mathematical problems,

setting new state-of-the-art results (§4.3.2).
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4.3.1 Math tasks

Details of our evaluation tasks and the tools employed for visual reasoning are as follows:

Geometry Problems. Drawing auxiliary lines in geometry diagrams is often helpful for problem-solving.
For example, in Figure 4.2 (a), when asked to find « EIC, the LM plans to draw an auxiliary line / X parallel
to BD, allowing it to use the properties of parallel lines to determine <« E1C'. To evaluate the effectiveness
of Sketchpad, we use the problems from the Geometry3K dataset [Lu et al., 2021].

To realize the line drawing process, Sketchpad takes a geometry diagram and its corresponding matplotlib
code as input. The model then proposes and modifies the code to generate auxiliary lines, and executes the

modified code to visualize the updated diagram with the added lines.

Mathematical functions. Understanding mathematical functions is crucial for various applications in
science, engineering, and economics. We focus on two tasks related to mathematical functions from the

IsoBench datasets [Fu et al.]:

* Classifying parity aims to determine whether a function is even, odd, or neither. Even functions satisfy

f(=z) = f(z) for all z, while odd functions satisfy f(-z) = —f(x).
* Identifying convexity/concavity aims to determine whether a function is convex or concave.

Existing LMs can only analyze functions and attempt to prove their properties analytically.> However,
Sketchpad enables them to visually sketch functions to solve problems more efficiently. For instance, to
determine the convexity of the function in Figure 4.1b, Sketchpad allows the model to plot the function using

matplotlib, and visually inspect its overall shape.

Graph algorithms. Many real-world problems, such as those related to computer networks and transporta-
tion systems, can be formulated as graph problems. We evaluate Sketchpad on three graph problems from

IsoBench [Fu et al.]:

* Graph connectivity determines whether there exists a path between two vertices in a graph.

“For humans, the analytical approach is the correct way to tackle these math tasks. However, we observe that LMs are not good
at analytical reasoning in math. They make errors when deducing f(—z) and derivatives.
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Geometry Graph Math Game

Model Geometry ~ Maxflow  Isomorphism  Connectivity = Convexity  Parity =~ Winner ID
Prior LLMs without visual inputs
Gemini-Pro \ 15.6 47.7 50.0 87.9 48.2 8.1
Claude 3 OPUS \ 56.3 50.0 82.0 93.0 71.6 74.4
Mixtral 8x7B [Jiang et al., 2023] \ 8.6 50.0 62.5 69.1 41.7 7.4
LLaMA-2-70B [Touvron et al., 2023] \ 18.0 50.0 50.0 74.2 333 12.4
Latest multimodal LLMs + Visual Sketchpad
GPT-4 Turbo 375 32.8 62.5 66.0 57.0 80.5 50.4
+ Sketchpad 45.8 96.8 97.6 97.6 713 715 64.2
+8.3 +64.0 +35.1 +31.6 +20.3 -9.0 +13.8
GPT-40 62.5 25.0 50.8 96.1 87.2 84.4 61.1
+ Sketchpad 66.7 66.3 65.3 98.4 94.9 94.7 64.6
+4.2 +41.3 +14.5 +2.3 +7.7 +10.3 +3.5

Table 4.1: Accuracy scores on geometry problems, graph algorithms, mathematical functions, and game.
Sketchpad yields large performance gains on most tasks and outperform all baselines.

* Maximum flow aims to find the maximum amount of flow that can be sent through a network from a

source vertex to a sink vertex, subject to capacity constraints on the edges.

» Graph isomorphism tests whether two graphs are structurally equivalent.

Given an adjacency matrix of a graph like in Figure 4.2(b), Sketchpad can draw the actual graph structure,
using using Python’s networkx library, enabling direct visual reasoning about graph properties and

relationships.

Game strategies. Chess games can be represented in various formats, including visual board states and
textual move notations. Given only the textual move notations, Sketchpad can draw the visual representations
of the chess board to analyze positions and formulate strategies. We evaluate the performance of Sketchpad
on the winnder identification task from the IsoBench datasets [Fu et al.] that aims to find the outcome of a
chess game (win for White, win for Black, or draw) based on the final board state. To create the graphical
board, Sketchpad uses Python’s chess library to draw the board from the Forsyth-Edwards Notation (FEN)

of chess.

4.3.2 Results

We evaluate the performance of Sketchpad on multimodal LMs with API access, including gpt-4-turbo-2024-

04-29 and gpt-40-2024-05-13. We compare these results to baselines without the Visual Sketchpad and other
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notable closed-source models, such as Claude 3 and Gemini-Pro, as well as open-source models like Mistral

[Jiang et al., 2023] and LLaMA-2 70B [Touvron et al., 2023].

Main results. As shown in Table 4.1, Sketchpad consistently improves base model performance across all
tasks, with an average improvement of 11.2% for GPT-40 and 23.4% for GPT-4 Turbo. In particular, we
observe large gains on graph algorithms such as maximum flow and connectivity. For instance, GPT-40 with
Sketchpad achieves an accuracy of 66.3% on the maximum flow problem, improving over the base model by
41.3%. Similarly, Sketchpad substantially improves the performance on mathematical functions, with GPT—4
Turbo achieving over 90% accuracy and GPT-40 over 88% accuracy on convexity and parity classification
tasks. Furthermore, we observe gains (3% ~ 10%) on game strategies, demonstrating that drawn game boards
drawn can improve reasoning about game strategies. Overall, these results highlight the effectiveness of

Sketchpad in enhancing the reasoning capabilities of multimodal language models across diverse domains.

4.4 Sketching to Solve Computer Vision Tasks

In this section, we experiment with Sketchpad on complex visual reasoning tasks. Experiments on BLINK
(§3.3.3) finds that many core visual perception abilities are still missing from existing multimodal LMs—even
though many computer vision specialist models possess such abilities. Also, SoM [Yang et al., 2023a] shows
that drawing segmentation masks on images unleashes the strong visual grounding ability of GPT-4V. We
generalize these ideas with Sketchpad, allowing LMs to use specialist vision models to sketch. Details of
these modules are in §4.4.1. Sketchpad enhances multimodal LMs’ visual reasoning abilities and establishes

new SOTAs on all 7 tasks (§4.4.2).

Tasks. We experiment with a wide range of complex visual reasoning tasks: (1) V*Bench [Wu and Xie,
2024]. This benchmark contains questions about small items in an image. (2) MMVP benchmark from
Eyes Wide Shut [Tong et al., 2024]. This benchmark contains visual questions specially designed to reveal
the visual shortcomings of CLIP-based multimodal LMs. (3) BLINK [Fu et al., 2024]. This benchmark
contains visual perception tasks that are easy for humans, but post significant challenge for multimodal LMs.

Specifically, we experiment with relative depth, spatial reasoning, jigsaw puzzle, visual correspondence, and
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THOUGHT 2: The depth map uses colors from purple (farther) to yellow
(closer). | need to overlay the original image with the depth map

ACTION 1: 2¥ Call depth estimation

depth_map = depth(image)
display(depth_map)

ACTION 2: 2% Call overlay

overlay = overlay_images(depth_map, image)
display(overlay)

=

THOUGHT 3: It is evident that point B, in the yellow region, is closer to
the camera compared to point A, which is in the purple region

(a)

semantic correspondence tasks. More details of each task are in §A.2.

Visual Search

Tell me the number of that
player who is shooting

THOUGHT 1: | need to detect the players in the image and zoom in on
the player who is shooting to see the number clearly

ACTION 1: 22 Call object detection

new_img, boxes = detection(image_1, ["player"])
display(new_img.annotated_image)

-

THOUGHT 2: From the image, Player2 seems to be shooting. | need to
zoom in on this player to see the number on their jersey clearly

ACTION 2: ?Y Call zoom-in
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zoomed = zoom_in_image_by_bbox(image_1, shooter)
display(zoomed)

THOUGHT 3: From the zoomed-in image, | can clearly see that the
number of the player who is shooting is 8

(b)

Figure 4.3: Examples of Sketchpad applied to vision tasks. The figure shows actual outputs generated by
Sketchpad. By contrast, the baseline GPT-40 model cannot answer these questions correctly. Note that for
demonstration purposes, the “A” and “B” marks in (a) are different from the actual images in the experiments.

4.4.1 Vision Specialists as Sketching Tools in Sketchpad

LMs can use the following modules to sketch and manipulate images. We wrap these modules into Python

functions that the LMs can call. Refer to §A.1 for the function definitions.

Detection. This module takes an image and a simple text query (e.g., “cat”) as input. We run the Grounding-
DINO [Liu et al., 2024d] open-vocabulary objection detection model and plot the detected bounding boxes

(together with a number label) on the image. It also returns the bounding box coordinates.

Segmentation. This module takes an image as input and returns an image with colorful segmentation masks
on it. Each mask also has a number label. We follow the implementation of SoM [Yang et al., 2023a]. The
underlying segmentation models are SegmentAnything [Kirillov et al., 2023] and Semantic-SAM [Li et al.,

2024c].
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Depth estimation. This module takes an image as input and returns a depth map. The underlying model is

DepthAnything [ Yang et al., 2024b].

Visual search via sliding window. This module mimics how humans search for small items on an image.
It takes a text query as input and runs a sliding window over the image. The window size is 1/3 of the image
size, and the step size is 2/9 of the image size (so an image will have 4 x 4 = 16 windows). It returns a

sequence of image patches in which the query is detected.

Other image manipulation modules. Other modules include (1) zoom-in and crop, which takes an image
and a bounding box as input and returns the image patch inside the box; (2) Overlay images, which takes

two images and alpha values as input, and returns the overlayed image.

4.4.2 Results

We experiment with the same multimodal LMs as in §4.3 on complex visual reasoning tasks. We compare the
performance with and without Sketchpad, as well as other notable multimodal LMs, including Gemini [Team
et al., 2023], Claude 3 [Anthropic, 2024b], and the open-source LLaVA 1.5 [Liu et al., 2024a], LLaVA-
NeXT [Liu et al., 2024b].

Model | V*Bench MMVP Depth Spatial Jigsaw  Vis. Corr.  Sem. Corr.
Prior multimodal LLMs I
LLaVA-1.5-7B [Liu et al., 2024a] 48.7 - 524 61.5 11.3 25.6 23.0
LLaVA-1.5-13B [Liu et al., 2024a] - 247 53.2 67.8 58.0 29.1 324
LLaVA-NeXT-34B [Liu et al., 2024b] - - 67.7 74.8 54.7 30.8 23.7
Claude 3 OPUS [Anthropic, 2024b] - - 47.6 58.0 32.7 36.6 252
Gemini-Pro [Team et al., 2023] 48.2 40.7 40.3 74.8 573 424 26.6
GPT-4V-preview [OpenAl, 2023b] 55.0 38.7 59.7 72.7 70.0 33.7 28.8
Latest multimodal LLMs + Visual Sketchpad
GPT-4 Turbo 52.5 71.0 66.1 68.5 64.7 48.8 30.9
+ Sketchpad 71.0 73.3 68.5 80.4 68.5 523 424
+18.5 +2.3 +2.4 +11.9 +3.8 +3.5 +11.5
GPT-40 66.0 85.3 71.8 72.0 64.0 733 48.6
+ Sketchpad 80.3 86.3 83.9 81.1 70.7 80.8 58.3
+14.3 +1.0 +12.1 +9.1 +6.7 +7.5 +9.7

Table 4.2: Accuracy on complex visual reasoning tasks. Sketchpad enhances both GPT-4 Turbo and
GPT-40 performance, establishing new SOTA performance levels on all the tasks.
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Main results. Table 4.2 shows the performance of our Sketchpad and baselines. Sketchpad consistently
improves base model performance across all tasks. GPT—40 with Sketchpad sets the new state-of-the-art
results on all tasks. Sketchpad is particularly effective on V *Bench, yielding 18.5% accuracy improvement
for GPT-4 Turbo and 14.3% improvement for GPT—4 o0, surpassing the previous state of the art SEAL [Wu
and Xie, 2024] which used a visual search model specifically trained for this task. On BLINK tasks,
Sketchpad on average yields 6.6% absolute accuracy gain for GPT-4 Turbo and 9.0% gain for GPT-4o0.
Interestingly, despite the fact that all modules in Sketchpad work on a single image, the LMs also get
substantial improvement on multi-image tasks, including jigsaw puzzles, visual correspondence, and semantic
correspondence. Finally, GPT-4o0, the LM with stronger multimodal ability than GPT-4 Turbo, benefits
more from Sketchpad. For example, on the relative depth task, GPT-40 gets 12.1% accuracy improvement,
while GPT-4 Turbo only gets 2.4%, showing that GPT—-4o0 is better at understanding the depth map
Sketchpad generated. Overall, our experiments show that Sketchpad is an effective way to improve multimodal

LMs’ performance on visual reasoning tasks.

How many times is each vision specialist used? We count the number of times each vision specialist is
used in each task, as shown in Figure 4.4. Here we choose the four tasks that achieve the largest improvement:
V*Bench, relative depth, spatial reasoning, and semantic correspondence. We observe that (1) the use of
vision specialist is task-dependent, and the two L.Ms analyzed utilize similar tools. For example, for V' *,
which needs to locate small objects, the LMs mainly use detection, sliding window search, and zoom-in,
similar to how people would search. For the relative depth task, both models rely on depth estimation. For
spatial reasoning, the LMs use detection and segmentation to facilitate visual reasoning. (2) GPT-4o likes
to use more tools. GPT-40 uses the vision specialists more often than GPT-4 Turbo. Also, the two
LMs behave differently for the semantic correspondence tasks. GPT—-40 uses the segmentation module for
40% of the task instances, while GPT-4 Turbo uses the detection module for less than 20% of times, and
rarely uses the segmentation module. This difference may explain the performance gap between the two LMs

(58.3% v.s. 42.4%) on this task.

Comparison with visual prompting and tool-use frameworks. In Table 4.3, we compare Sketchpad with

the visual prompting framework SoM [Yang et al., 2023a] and the LLM tool-use framework Visprog [Gupta
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GPT-40 Tool-Use Frequency

W Detection
i: _ — ementation Model V*  MMVP Depth Spatial
= Siing windon GPT-4Turbo | 525 710 661 685
SoM 420 607 58.9 78.3
SoM + orig. | 51.3 74.3 66.9 79.7
Visprog 332 16.3 67.8 53.8
- o P po Sketchpad 71.0 73.3 68.5 80.4
GPT-4 Turbo Tool-Use Frequency
= GPT-40 660 853 71.8 72.0
= [ == Seameiaten SoM 490 707 629 832
Zoomin SoM + orig. | 68.1 84.0 75.0 82.5
- = siiding window Visprog 324 173 468 378

Sketchpad 80.3 86.3 83.9 81.1

Table 4.3: Comparison with other augmentation
frameworks for multimodal LMs on single-image

Figure 4.4: Percentage of times GPT-40 and GPT- tasks. For fair comparison, we modify the original
4 Turbo use a visual module in Sketchpad when Visprog Gupta and Kembhavi [2023] framework by
solving V*Bench, relative depth, spatial reasoning, ~ replacing the LM and VQA components with the
and semantic correspondence tasks. corresponding GPT-4 model.

Vstar Depth spatial Sem. Corr.

and Kembhavi, 2023].For a fair comparison, we make the following adaptations: (1) we find that prompting
LMs with SoM images can hurt performance, likely because the visual prompts confuse the model. To make
a stronger baseline, we prompt the LM with both the original image and the SoM image (full prompt in §A.1),
which we refer as “SoM + orig.” (2) We replace the LM and VQA modules in Visprog with the corresponding
GPT-4 model. (3) Since baseline methods are developed on single-image tasks, we compare Sketchpad
on such tasks. From Table 4.3, we can see that Sketchpad is the only framework that yields consistent
improvement on all tasks. SoM can boost spatial reasoning ability, as the authors reported. However, it can
hurt the performance on other tasks, even in the “SoM + orig.” setting. Visprog performs worse than the base
LM on all the tasks. As prior work [Khandelwal et al., 2023; Hu et al., 2024b] suggests, one possible reason
is that the vision modules themselves have errors, and the error propagates when the modules are composed

by a program.

4.5 Analysis and Discussion

Why does Sketchpad work? First, vision is a versatile and informational interface that complements
language. Dense information like depth and segmentation cannot be described easily through language [Fu

et al., 2024]. In a broader perspective, humans have developed many visualization techniques that are direct,
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efficient, and informational. Sketchpad provides LMs the opportunity to use them. Second, in Sketchpad,
multimodal LMs can plan and reason based on the intermediate visual artifacts they created. In contrast,
in prior modular vision work [Gupta and Kembhavi, 2023; Suris et al., 2023; Yang et al., 2023a], multimodal
modules follow a predefined plan by either humans or code. Sketchpad is much more flexible and robust to
errors. For example, suppose object detection makes an error. The LM can (in principle) find the error by
viewing the bounding boxes, and change its following plans, but prior methods cannot. Third, as discussed
next, the plans of multimodal LMs are similar to human plans, and therefore likely benefit from the fact

that the underlying LMs have seen data with similar reasoning patterns.

Do LMs have the same plans as humans? We conduct a human study on all geometry problems and 10
problems on each vision task. On geometry, humans draw the same auxiliary line as GPT-40 80% of the time.
On vision, we show 2 human subjects the full plan of GPT-40, which they rate is valid in 92.8% of instances.
Most errors are caused by failures in the vision specialists (e.g., fail to detect an object) and mistakes in

simple visual question answering, rather than planning.

Model Geometry Maxflow Convexity Winner ID
LLaVA-NeXT-13B 11.1 7.8 50.39 5.8
+ oracle Sketchpad 22.2 10.2 50.0 36.7
LLaVA-NeXT-34B 26.1 0.8 81.6 49.0
+ oracle Sketchpad 28.3 14.1 87.1 494

Table 4.4: Open-source LLaVA models’ performance on math tasks. The oracle Sketchpad uses the visual
artifact generated in the last action of GPT-40 + Sketchpad as inputs.

Experiments on open-source models. Can sketches like diagrams, plots, and auxiliary lines facilitate
existing open-source multimodal LMs? To answer this question, we conduct the experiments in Table 4.4.
We use the visual artifacts generated in the last action of GPT-40 + Sketchpad experiment as the image input
for open-source LLaVA-NEXT models [Liu et al., 2024b]. We can see that this oracle Sketchpad brings

consistent improvement to math tasks and boosts mathematical reasoning.
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4.6 Summary

We present Visual Sketchpad, a framework that provides multimodal LMs with the tools necessary to generate
intermediate sketches to reason over tasks. For complex mathematical reasoning tasks, Sketchpad yields
large performance gains, by visualizing auxiliary lines, math functions, graphs, and games during reasoning.
For visual reasoning tasks, we add vision specialists to Sketchpad. The LM can call these specialists during
reasoning, observing the visualization of these specialists’ predictions (e.g., bounding boxes from the object
detection model; masks from the segmentation model), and then conduct further planning and reasoning.
Experiments show that Sketchpad enhances the LMs’ performance across all tasks, and sets new state-of-the-
art results. Ultimately, Sketchpad represents a step toward endowing LMs with more human-like multimodal
intelligence, leveraging the complementary strengths of language and vision to tackle increasingly complex

reasoning challenges.
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Chapter 5

TIFA: Accurate and Interpretable
Text-to-Image Faithfulness Evaluation with

Question Answering

In the previous chapters, we demonstrate how to empower multimodal understanding with interactions. In this
chapter, we focus on how to use interactions as a signal to train and evaluate text-to-image generation models.
We present TIFA [Hu et al., 2023b], an evaluation metric for generated images that are based on interactions
with multimodal LMs. TIFA is the first work that uses multimodal LMs to evaluate image generation models,

and it has been adopted in many follow-up works on image generation model training and evaluation.

5.1 Introduction!

While we welcome artistic freedom when we commission art from artists, images produced by deep generative
models [Ramesh et al., 2021; Rombach et al., 2021; Ramesh et al., 2022; Saharia et al., 2022; Yu et al., 2022]
should conform closely to our requests. Despite the advances in generative models, it is still challenging for
models to produce images faithful to users’ intentions [Petsiuk et al., 2022; Feng et al.; Lee et al., 2023a;

Liu et al., 2022b, 2023c]. For example, current models often fail to compose multiple objects [Petsiuk

'This work involved several collaborators. I am the primary author that proposed the idea and conducted the experiments. All
authors jointly wrote the paper.
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Figure 5.1: Illustration of how TIFA works, and comparison with the widely-used CLIPScore and SPICE
metrics. Given the text input, TIFA uses GPT-3 to generate several question-answer pairs, and a QA model
filters them (3 out of 14 questions for this text input are shown). TIFA measures whether VQA models can
accurately answer these questions given the generated image. In this example, TIFA indicates that the image
generated by SD v2.1 is better than that by v1.5, while CLIP and SPICE yield the opposite result.

et al., 2022; Feng et al.; Liu et al., 2022b], bind attributes to the wrong objects [Feng et al.], and struggle in
generating visual text [Liu et al., 2023c]. Today, there are efforts to address these challenges: researchers
are imposing linguistic structure with diffusion guidance to produce images with multiple objects [Feng
et al.]; others are designing reward models trained using human feedback to better align generations with user
intention [Lee et al., 2023a]. However, progress is difficult to quantify without accurate and interpretable

evaluation measures that explain when and how models struggle.

A critical bottleneck, therefore, is the lack of reliable automatic evaluation metrics for text-to-image
generation faithfulness. One of the popular metrics is CLIPScore [Hessel et al., 2021], which measures the

cosine similarity between the CLIP embeddings [Radford et al., 2021] of the text input and the generated
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Figure 5.2: (a) Overview of how TIFA evaluates the faithfulness of a synthesized image. TIFA uses a
language model (LM), a question-answering (QA) model, and a visual-question-answering (VQA) model.
Given a text input, we generate several question-answer pairs with the LM and then filter them via the QA
model. To evaluate the faithfulness of a synthesized image to the text input, a VQA model answers these
visual questions using the image, and we check the answers for correctness. (b) TIFA v1.0 benchmark.
While TIFA is applicable to any text prompt, to allow direct comparison across different studies, and for
ease of use, we introduce the TIFA v1.0 benchmark, a repository of text inputs along with pre-generated
question-answer tuples with answer choices. To evaluate a text-to-image model, a user first produces the
images for the text inputs in TIFA v1.0 and then performs VQA with our provided tools on generated images
to compute TIFA.

image. However, since CLIP is not effective at counting objects [Radford et al., 2021], or reasoning
compositionally [Ma et al., 2023], CLIPScore is unreliable and often inaccurate. Another family of evaluation
metrics uses image captions, in which an image captioning model first converts the image into text, and then
the image caption is evaluated by comparing it against the text input. Unfortunately, using captioning models
is insufficient since they might decide to ignore salient information in images or focus on other non-essential
image regions [Kasai et al., 2022b]; for example, a captioning model might say that the images in Figure 5.1
are “a person sitting on a horse in air over gate in grass with people and trees in background”. Moreover,
evaluating text (caption) generation is inherently challenging [Kasai et al., 2022a; Khashabi et al., 2022].
Another recent text-to-image evaluation is DALL-Eval [Cho et al., 2023], which employs object detection
to determine if the objects in the texts are in the generated images. However, this approach only works on
synthesized text and measures faithfulness along the limited axes of objects, counting, colors, and spatial
relationships but misses activities, geolocation, weather, time, materials, shapes, sizes, and other potential

categories we often ask about when we recall images from memory [Krishna et al., 2019].

To address the above challenges, we introduce TIFA, a new metric to evaluate text-to-image generation

faithfulness. Our approach is illustrated in Figure 5.2. Given a repository of text inputs, we automatically
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generate question-answer pairs for each text via a language model (here, GPT-3 [Brown et al., 2020]). A
question-answering (QA) system (here, UnifiedQA [Khashabi et al., 2020]) is subsequently used to verify
and filter these question-answer pairs. To evaluate a generated image, we use a visual-question-answering
(VQA) system (here, mPLUG-large [Li et al., 2022], BLIP-2 [Li et al., 2023b], etc.) to answer the questions
given the generated image. We measure the image’s faithfulness to the text input as the accuracy of the
answers generated by the VQA system. While the accuracy of TIFA is dependent on the accuracy of the
VQA model, our experiments show that TIFA has much higher correlation with human judgments than
CLIPScore (Spearman’s p = 0.60 vs. 0.33) and captioning-based approaches (Spearman’s p = 0.60 vs. 0.34).
Additionally, since the LMs and VQA models will continue to improve, we hypothesize that TIFA will
continue to be more reliable over time. Also, our metrics can automatically detect when elements are missing

in the generation. For example, in Figure 5.2, TIFA detects that the generated image does not contain a TV.

To promote the use of our new evaluation metric, we release TIFA v1.0, a large-scale text-to-image
generation benchmark containing 4K diverse text inputs, sampled from the MSCOCO captions [Lin et al.,
2014], DrawBench [Saharia et al., 2022], PartiPrompts [Yu et al., 2022], and PaintSkill [Cho et al., 2023].
Each input comes with a pre-generated set of question-answer pairs, resulting in 25K questions covering
4.5K distinct elements. These questions have been automatically generated and pre-filtered using a question-
answering model. This benchmark also comes with different VQA models [Wang et al., 2022a; Kim et al.,
2021b; Wang et al., 2022b; Li et al., 2023b, 2022; Hu et al., 2023a] that can be used to evaluate generative

models and can be easily extended to use future VQA models when they become available.

We conduct a comprehensive evaluation of current text-to-image models using TIFA v1.0. Thanks to
TIFA’s ability to detect fine-grained unfaithfulness in images, we find that current state-of-the-art models
are good at rendering common objects, animals, and colors, but still struggle in composing multiple objects,
reasoning about spatial relations, and binding the correct activity for each entity. In addition, our ablation
experiments show that TIFA is robust to different VQA models. Future researchers can use TIFA v1.0 to
compare their text-to-image models’ faithfulness across different studies. Also, future generative models
may focus on addressing the weaknesses of current models that TIFA discovered. In addition, with TIFA,
users can customize evaluations with their own text inputs and questions [Ethayarajh and Jurafsky, 2020]; for

example, a future TIFA benchmark could focus on counting or scene text.
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5.2 The TIFA Metric

We introduce a framework for automatically estimating the faithfulness of an image to its text prompt. Given
a text input 7', we aim to measure the faithfulness of the generated image I. An overview of our metric is
illustrated in Figure 5.2. From T', we generate /N multiple-choice question-answer tuples {Q;, C;, Ai}f\zfl, in
which @); is a question, C; is a set of answer choices, and A; € C; is the gold answer. The answer A; can
be inferred given 7', ();, and C;. Next, for each question ();, we use a VQA model to produce an answer
AZYQA = maxqec; p(a | I,Q;). We define the faithfulness between the text 7" and image I as the VQA
accuracy:

faith fulness(T,1) = % ngj LAY = 4] (5.1)

i=1

The range of our faithfulness score is [0, 1]. It is maximized when we have a performant VQA model, and the
image I accurately covers the information in the text 7" so that for any question (), which can be answered
given 7" can also be answered given I. Several key design decisions will be addressed in later sections: how to

generate questions (§5.2.1), how to control the question quality (§5.2.2), and how to answer those questions

(85.2.3). Finally, we give a step-by-step qualitative example of TIFA in Figure 5.4.

5.2.1 Question-Answer Generation

Our main challenge is to generate diverse questions that cover all elements of the text input evenly. We
also simplify the question-generation pipeline into a single GPT-3 [Brown et al., 2020] completion, so that
TIFA can exploit the power of recent language models (LM) and work with updated black-box LMs (e.g.,
ChatGPT) in the future.

Inspired by prior work [Changpinyo et al., 2022], given a text prompt 7', we generate the question-answer
tuples {Q;, C;, Az}f\i 1 via the pipeline illustrated in Figure 5.3. Different from prior work, which relies on
multiple components, our pipeline is completed by a single inference run via in-context learning with GPT-3
[Brown et al., 2020; Wei et al., 2022; Hu et al., 2022; Press et al., 2023; Su et al., 2023], thereby avoiding the
need for intermediate human annotations. We annotate 15 examples and use them as in-context examples for
GPT-3 to follow. Here we take the text “A photo of three dogs.” as an example. Each in-context example

contains the following steps:
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<in-context examples>

! Description: a photo of three dogs | GPT-3 Input
2o
f=p GPT-3
o GPT-3 Output (one inference)

......................................................

Entities: dogs

Activities:

Colors:

Counting: three

Other attributes and relations: photo
Questions and answers are below:
About dogs (animal):

Q: are there dogs?

Choices: yes, no

A: yes

Q: what animals are in the photo?
Choices: dogs, cats, birds, fish
A: dogs

About three (counting):

Q: are there three dogs?

Choices: yes, no

A: yes

Q: how many dogs are in the photo?
Choices: 1, 2, 3, 4

A: 3

About photo (attribute):

Element
Extraction

Binary
Question 1

Multiple-Choice
Question 1

Binary
Question 2

Multiple-Choice
Question 2

L (3h Unified0A —{ Filtered oas |

.......................

Figure 5.3: Our question-answer pair generation pipeline. The whole pipeline can be executed via a single
inference of GPT-3 via in-context learning. Given the text prompt, GPT-3 first extracts the elements and then
generates two questions for each element. The GPT-3 output is then parsed and filtered by UnifiedQA.

Element extraction Given text prompt 7', GPT-3 will first extract all elements {v;}!"; following prior
work [Changpinyo et al., 2022] (for the in-context examples, we perform element extraction manually). The
elements include noun phrases (including named entities), verbs, adjectives, adverbs, and parse tree spans

with no more than 3 words altogether. For the above example, the elements are photo, three, dogs.

Element category classification For each element v;, following [Krishna et al., 2019], we classify the
elements into one of the following 12 categories: object, activity, animal, food, counting, color, material,
spatial, location, shape, attribute, and other. As shown in Figure 5.3, text generated from GPT-3 contains

the category corresponding to each question.For example, “three” is “counting”, and “dogs” is classified as
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“animal.” This step allows a detailed analysis of the text-to-image model’s ability in each category.

Question generation conditioned on elements For each element v;, we generate two questions. The first
is a question that should be answered “yes” for a faithful generated image, and the second question has v;
as its answer. For example, two questions are generated for the element “three”. The first is “are there
three dogs?”, and the choices are {yes, no}. The second is “how many dogs are there?”, and the choices are

{1,2,3,4}. These two types of questions make our evaluations diverse and robust to surface-level differences.

Completing above steps by prompting GPT-3 once As mentioned earlier, for each text T, the whole
pipeline can be completed by one GPT-3 inference. We annotated 15 in-context examples that cover all types
of questions. The prompt format is shown in Figure 5.3. Our in-context examples follow the same format,
and identical examples are used for all text inputs, leading to a fixed and limited amount of human annotation

cost. We use code-davinci-002 engine for question generation, and the decoding temperature is 0.

5.2.2 Question Filtering

To ensure the quality of generated images, we use UnifiedQA [Khashabi et al., 2020] to verify the GPT-
3 generated question-answer pairs and filter out the ones that GPT-3 and UnifiedQA do not agree on.
UnifiedQA? is a state-of-the-art multi-task question-answering model that can answer both multiple-choice
and free-form questions. Denote the UnifiedQA model as QQ A. Given the text T, question @);, choices C;, and
answer A;, Let Azf = QA(T, Q;) be the free-form answer, and A7* = QA(T, Q;, C;) be the multiple-choice
answer. We keep the question if A; = A" and the word-level F score between A{ and A; is greater than 0.7.
We conduct a human evaluation on 1000 filtered question-answer pairs. Only 7 are considered not reasonable

(e.g., generated choices do not include a correct answer).

5.2.3 VQA Models

Since our questions contain a diverse set of visual elements (e.g., activity, art style), we use open-domain pre-

trained vision-language models as our VQA model (rather than closed-class classification models fine-tuned

*Model checkpoint we use: https://huggingface.co/allenai/unifiedga-v2-t5-large-1363200.
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About dog (animal/human) About standing (activity)
Q: Is this a dog? Q: Is the dog standing?
A: Yes 0 A: No 0
Q: What animal is in the picture?
A: Dog Q About wet (attribute)
Q: Is the dog wet?
About beach (location) A: No Q
Q: Is this a beach? Q: Is the dog wet or dry?
A: Yes Q A: Dry Q

Q: What type of place is this?

. . A: Beach Q About next to (spatial relation)
Stable Diffusion v1.5 image i g e s el
About ocean (location) A: Yes
0;.@} TIEFA 7/10=0.7 Q: Is there an ocean? Q: Is the dog next to or in the ocean?

A: Yes Q A: Next to Q

Figure 5.4: Step-by-step qualitative example of TIFA metric. Given a text input, we first generate question-
answer pairs and filter them. Then we run VQA models on the generated image to get the TIFA score.

on VQAV2 [Goyal et al., 2017]). We provide tools to easily perform VQA on arbitrary images and questions,

based on 5 state-of-the-art VQA models trained with distinct data and strategies.

Vision-language models The general pre-trained vision-language model are GIT-large [Wang et al.,
2022a], VILT-B/32 [Kim et al., 2021b], OFA-large [Wang et al., 2022b], and mPLUG-large [Li et al., 2022].
These models are pre-trained on a large amount of image-text pairs, and downstream image-to-text tasks like
image captioning and visual question answering. Notice that these models have not been trained to answer
multiple-choice questions. For each question, we first decode the free-form answer and then choose the
choice that has the highest similarity with the decoded answer, measured by SBERT [Reimers and Gurevych,
2019]. Another model we use is BLIP-2 FlanT5-XL [Li et al., 2023b], in which a VIT [Dosovitskiy et al.,
2021] is connected with a frozen FlanT5 [Chung et al., 2024] via a lightweight transformer. This model

allows for performing multiple-choice VQA directly due to the flexibility of the LM.

Recommended VQA model Based on considerations over the accuracy, correlation with human judgments,
and run time, as of March 2023, we suggest using mPLUG-large as the VQA model for TIFA. Analysis is
given in Section 5.4.4. Like the LM and QA components, the VQA component can be updated in the future

as the technology improves.
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Figure 5.5: Statistics and diversity of TIFA v1.0. The text inputs contain elements from 12 categories (e.g.,
object, spatial, and counting). We show the most common elements from each category. In addtion, we also
show some example text inputs on the sides.

5.3 TIFA v1.0: Benchmark for Text-to-Image Generation Faithfulness

In this section, we introduce TIFA v1.0, a text-to-image generation faithfulness benchmark based on the
evaluation method discussed in Section 5.2. The benchmark consists of 4,081 diverse text inputs paired with
25,829 question-answer pairs. Each question is classified into one of the categories discussed in Section 5.2.1.
The benchmark also comes with Python pip-installable APIs to perform VQA with various state-of-the-art
VQA models on arbitrary visual questions. The overall TIFA for each text-to-image model is computed by

averaging TIFA scores of images generated from each text input in the benchmark.

5.3.1 Text Collections

We collect 4,081 text inputs to benchmark text-to-image models’ generation ability on diverse tasks. 2,000 text
inputs are image captions from COCQO validation set [Lin et al., 2014]. These captions have corresponding
gold images. Since text-to-image models are often used to create abstract art, we also collect 2,081 text
inputs from previous works that do not correspond to any real image, referred to as "free from." All text
inputs we use contain > 3 words. We include 161 from DrawBench used in Imagen [Saharia et al., 2022]
(texts that are categorized as “misspellings” and “rare words” are removed); 1420 from PartiPrompt used
in Parti [ Yu et al., 2022] (texts in category “abstract” are removed); and 500 texts from PaintSkill used in

DALL-Eval [Cho et al., 2023].
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Statistics

# of prompts 4,081
- # of COCO captions 2,000
- # of free form (DrawBench, PartiPrompt, PaintSkill prompts) 2,081
# of questions 25,829
- # of binary questions 17,226
- # of multiple-choice questions 8,603
avg. # of questions per prompt 6.3
avg. # of words per prompt 10.5
avg. # of elements per prompt 4.3

Table 5.1: Statistics of TIFA v1.0.

5.3.2 Statistics and Diversity

Table 5.1 shows the basic statistics of the TIFA v1.0 benchmark. We illustrate TIFA v1.0’s diversity in
Figure 5.5. TIFA v1.0 contains questions about 4,550 distinct elements, which are categorized into 12
categories. The number of times each type of element occurs in the text input is object (7,854), animal/human
(3,501), attribute (3,399), activity (2,851), spatial (2,265), location (1,840), color (1,743), counting (986),
food (911), material (209), shape (69), and other (201). The "other" category includes notions often used in
abstract art, such as “starry night” and “steampunk.” The accuracy of VQA on a particular genre measures

the text-to-image model’s ability in the corresponding aspect.

5.3.3 Finetuned Open-Source Language Model for Question Generation

For TIFA v1.0, we use GPT-3 to generate the questions. While benchmarking with TIFA v1.0 is a deterministic
process, using TIFA to create a new benchmark might not be deterministic as the underlying question generator
(GPT-3 in our case) might change privately. To promote deterministic benchmark generation, we fine-tune
and release a LLaMA 2 (7B) [Touvron et al., 2023] model that parses the captions and generates questions

for arbitrary texts, using TIFA v1.0 questions as training examples.’

*LLaMA 2 question generation model checkpoint:
https://huggingface.co/tifa-benchmark/llama2_tifa_question_generation
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5.4 Experiments

In this section, we first show that TIFA has substantially higher correlations with human judgments than
prior metrics on text-to-image faithfulness (§5.4.1). Then we present a comprehensive evaluation of existing
text-to-image models using TIFA v1.0 (§5.4.2), highlighting the challenges of current text-to-image models
(§5.4.3). Finally, we conduct an analysis of TIFA’s robustness against different VQA models (§5.4.4). For
all experiments, we use mPLUG as the VQA model for TIFA unless stated otherwise. The models we
evaluate include AttnGAN [Xu et al., 2017], X-LXMERT [Cho et al., 2020], VQ-Diffusion [Gu et al., 2021],

minDALL-E [Kim et al., 2021a], and Stable Diffusion v1.1, v1.5, and v2.1 [Rombach et al., 2021].

5.4.1 Correlation with Human Judgements

To compare TIFA with prior evaluation metrics, we first conduct human evaluations of the text-to-image
models on the 1-5 Likert scale on text-to-image faithfulness. Then we compare TIFA with other metrics

based on their correlation with human judgments.

Likert scale on text-to-image faithfulness Annotators are asked to answer on a scale of 1 (worst) to 5 (best)
to the question “Does the image match the text?". The detailed annotation guidelines are in Appendix B.1.
Annotators are asked to focus on text-to-image faithfulness rather than image quality. The Likert scale should
be based on how many elements in the text prompt are missed or misrepresented in the image. Objects are
more important than attributes, relations, and activities. If an object is missed in the image, then all related
attributes, activities, relations, etc. are also considered lost. An example is given in Figure 5.6.

We collect annotations of 800 generated images on 160 text inputs from TIFA v1.0. For each prompt, we
sample an image from the 5 most recent generative models we evaluated, i.e., minDALL-E, VQ-Diffusion,
Stable Diffusion v1.1, v1.5, and v2.1. We collect 2 annotations per image and average over the scores as the
single “faithfulness" score. The inter-annotator agreement measured by Krippendorf’s o is 0.67, indicating

“substantial" agreement.

Baselines We compare our evaluation with two families of reference-free metrics on text-image match

introduced in Section 2.2. The first is the caption-based method. We use the state-of-the-art BLIP-2
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Figure 5.6: Illustration of our Likert scale annotation guideline. Annotators are asked to give a score of 1 to
5 based on how many elements in the text prompt are missed or misrepresented in the image. The missed
elements are underlined.

FlanT5-XL [Li et al., 2023b] as the captioning model. The second approach is CLIPScore [Hessel et al.,
2021; Radford et al., 2021]. We use CLIP (VIT-B/32) [Radford et al., 2021] to compute the score.

Spearman’s p  Kendall’s 7

Caption-Based

BLEU-4 18.3 18.8
ROUGE-L 329 24.5
METEOR 34.0 27.4
SPICE 32.8 23.2
CLIPScore 33.2 23.1
Ours

TIFA (VILT) 49.3 38.2
TIFA (OFA) 49.6 37.2
TIFA (GIT) 54.5 42.6
TIFA (BLIP-2) 55.9 43.6
TIFA (mPLUG) 59.7 47.2

Table 5.2: Correlations between each evaluation metric and human judgment on text-to-image faithfulness,
measured by Spearman’s p and Kendall’s 7.

TIFA has a much higher correlation with human judgments than prior metrics. The correlations
between each evaluation metric and human judgment are shown in Table 5.2. For caption-based evaluations,
we use metrics BLEU-4 [Papineni et al., 2002], ROUGE-L [Lin, 2004], METEOR [Banerjee and Lavie,
2005], and SPICE [Anderson et al., 2016]. TIFA has higher correlations with human judgments than all

previous evaluation metrics on all VQA models. TIFA (mPLUG) yields the highest correlation with human
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judgments among all VQA models.

5.4.2 Benchmarking Text-to-Image Models

Figure 5.7 shows the average TIFA score text-to-image models get on TIFA v1.0. The detailed scores
with each VQA model on each element type are provided in Table 5.3. We can see a clear trend of how
text-to-image models evolve over time. There is a jump in TIFA score after DALL-E [Ramesh et al., 2021] is

released, from about 60% to 75%.
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Figure 5.7: Average TIFA score of text-to-image models on the TIFA v1.0 benchmark. The horizontal axis
shows their release dates.

VQA Accuracy by Element Category

shape other counting spatial attribute activity food object
AttnGANXu et al. [2017] 42.0 478 41.9 70.8 53.6 64.3 48.1 563
X-LXMERTCho et al. [2020] 348 468 41.7 70.9 55.2 65.4 524 570
Stable Diffusion vl.1Rombach et al. [2021] | 66.7  68.7 66.0 69.4 74.6 73.8 79.7  75.1
VQ-DiffusionGu et al. [2021] 63.8 642 61.6 73.5 754 76.7 80.0 742
Stable Diffusion vl.5Rombach et al. [2021] | 65.2  72.1 66.6 72.9 78.0 76.9 814 784
minDALL-EKim et al. [2021a] 69.6 74.6 69.0 74.7 77.0 79.5 828 799
Stable Diffusion v2.1Rombach et al. [2021] | 66.7  72.1 73.3 76.1 78.8 82.0 822 824

TIFA by text source  Overall

location color animal/human material COCO free-form
AttnGANXu et al. [2017] 60.4 56.5 58.6 61.7 67.5 474 58.1
X-LXMERTCho et al. [2020] 69.1 54.8 52.8 61.2 68.1 47.7 58.6
Stable Diffusion vl.1Rombach et al. [2021] 78.4 75.7 78.2 80.4 79.3 72.2 75.7
VQ-DiffusionGu et al. [2021] 77.9 84.2 79.0 80.9 79.8 72.6 76.2
Stable Diffusion v1.SRombach et al. [2021] 79.9 78.8 80.6 84.7 81.9 74.9 78.4
minDALL-EKim et al. [2021a] 82.1 83.7 78.9 86.1 83.5 75.5 79.4
Stable Diffusion v2.1Rombach et al. [2021] 82.8 83.6 85.2 88.5 86.3 71.7 82.0

Table 5.3: Detailed evaluation of each text-to-image model on TIFA v1.0.
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Figure 5.8: Accuracy on each type of question in the TIFA v1.0 benchmark. The text-to-image models are
Stable Diffusion v1.1, v1.5, and v2.1. We order the categories by the average score Stable Diffusion v2.1 gets
on corresponding questions. For COCO captions, we also include the accuracy of the ground-truth images
for reference.

5.4.3 Findings on Current Text-to-Image Models

Figure 5.8 shows accuracy on each type of question in TIFA v1.0 for Stable Diffusion v1.1, v1.5, and v2.1.
The score on each type reflects the text-to-image models’ faithfulness in each type of visual element. To
the best of our knowledge, TIFA is the only automatic evaluation method that can provide such a detailed
fine-grained analysis of image generation. We separate the scores on COCO captions and other text inputs.
For COCO captions, we also include the accuracy on the ground-truth images for reference. We summarize

our findings in the following paragraphs.

Generating images from captions vs. free-form text From Figure 5.8, we can see that VQA accuracy is
higher on the COCO captions than on other text inputs. We hypothesize that COCO captions correspond
to real images, while other text inputs may correspond to compositions that cannot be found in real-world

photos (e.g. “a blue apple").

What elements are text-to-image models struggling with? Based on the scores of each category in
Figure 5.8, we can see that Stable Diffusion models are performing well on material, animal/human, color,
and location in terms of text-to-image faithfulness. However, they yield low accuracy on questions involving
shapes, counting, and spatial relations. “Other" mainly contains abstract art notions, and models are

also struggling with them. There is also a big gap between the synthesized images and real images on the
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COCO captions. Future work can explore various directions (e.g., training data/loss and model architecture)

to improve text-to-image models’ faithfulness in these aspects.

Why are ground-truth images not getting perfect scores? Ground-truth images in COCO do not get
perfect scores because 1) the COCO captions contain a substantial amount of noise from crowd workers
[Kasai et al., 2022b] and 2) VQA models are not perfect. Real images have higher accuracy in all categories
except material, color and location, where differences are small. It is left to future work to determine whether

this is simply due to noise or it is an area where assessment can be improved.

Stable Diffusion is evolving. We can see the consistent trend that Stable Diffusion models are improving
in their later versions in most of the element categories. The exceptions are “shape" for both prompt sources,

“other" and “food" for the free-form text inputs without gold images.
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Stable Diffusion v1.1
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Number of Entities

Figure 5.9: TIFA vs. numbers of entities (objects, animals/humans, and food) in the text input. The accuracy
starts to drop when more than 5 entities are added to the text, showing that compositionality is hard for
text-to-image models. Meanwhile, TIFA scores for COCO ground-truth (GT) images remain consistent.

Composing multiple objects is challenging. Figure 5.9 shows how the number of entities (objects,
animals/humans, food) in the text input affects the average TIFA score. When there are more than 5 entities,
The TIFA score starts to drop rapidly for all text-to-image models, consistent with similar findings in other
vision-language evaluations [Grunde-McLaughlin et al., 2021; Gandhi et al., 2022]. For reference, we also

add the real images in COCO in this figure. The TIFA score on real images is rather consistent and does not
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change as the number of entities increases. This quantitatively shows that composing multiple objects is
challenging for current text-to-image models. One possible reason is that the CLIP text embedding, which is

used to train Stable Diffusion, lacks compositionality, as investigated in [Ma et al., 2023].

5.4.4 Analysis of VQA Models

One major concern of TIFA is that VQA models can introduce some errors. Table 5.2 shows that TIFA has a
much higher correlation with human judgment than the previous metrics, regardless of the choice of the VQA

models; here we conduct a more detailed analysis.
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Figure 5.10: Several text-to-image models’ TIFA score on COCO captions, measured by different VQA
models. We also include the accuracy of ground-truth images for reference.

Sensitivity of TIFA to VQA models Figure 5.10 shows several recent text-to-image models’ TIFA scores
on the COCO captions in TIFA v1.0, measured by different VQA models. We also include the TIFA scores
on the ground-truth COCO images for reference. TIFA scores computed by different VQA models show
a similar trend on these text-to-image models. Also, the ground-truth images get the highest TIFA score.
We also computed Spearman’s p of TIFA scores given by different VQA models. The pairwise correlation

between all VQA models is greater than 0.6.

Humans performing VQA To conduct further analysis on the VQA models, we ask annotators to answer
the multiple-choice visual questions in TIFA v1.0. These annotations help us evaluate the accuracy of each
VQA model. For multiple-choice questions, we add the option “None of the above" for human evaluation.

We collect annotations of 1029 questions on 126 images. Each question is answered by two annotators.
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The inter-annotator agreement measured by Krippendorf’s « is 0.88. A third annotator is involved if two

annotators disagree, and the final answer is chosen by the majority vote.

VILT OFA GIT BLIP-2 mPLUG

VQA Acc. 76.1 77.1 79.1 81.0 84.5
TIFA Corr. 609 63.7 725 75.6 76.8

Table 5.4: Comparison of VQA models. The first row is the VQA accuracy, using the human VQA answers
as reference. The second row is Spearman’s correlation between TIFA scores calculated by each VQA model
and the human VQA.

Which VQA model should we use? Table 5.4 reports the accuracy of each VQA model and the correlation
between TIFA scores calculated by VQA model answers and human answers. We observe that higher model
performance is directly related to the TIFA score’s correlation with human judgments. mPLUG has the

highest accuracy.

Another important factor to consider is the runtime. We measure the inference speed of each VQA model
on NVIDIA A40 GPU with batch size 1 over the Stable Diffusion v2.1 images (768 x 768 pixels). For one
question, VILT takes 0.08s on average; OFA, GIT, and mPLUG all take about 0.25s; BLIP-2 takes 0.73s.
Based on the above results, we choose mPLUG as the default VQA model for TIFA v1.0 because it is the

most accurate while being reasonably fast.

Separation of Text-to-Image Errors and VQA Errors Suppose an image gets a wrong answer given
a visual question. Then the image generation or the VQA model might have made an error. Based on the
human VQA results, we separate these two kinds of errors in Figure 5.11. If human VQA gives the wrong
answer, then we suspect the generated image has an error. Otherwise, the image is correct but the VQA model
is making an error. Figure 5.11 shows that the majority of errors are made by the text-to-image models. For
mPLUG, less than 25% errors are due to the VQA model. This suggests that the TIFA framework is a viable

evaluation method despite its inherent challenges.
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Figure 5.11: Source of the error when VQA gets the wrong answer.

5.5 Training Text-to-Image Generation with TIFA

TIFA opens the door for text-to-image models to gain training signals through interactions with multimodal
LMs. There are many follow-ups on improving image generation with TIFA. For example, [Karthik et al.,
2023] uses TIFA to re-rank the model-generated images. [Singh and Zheng, 2023] uses TIFA as iterative
feedback to reweight prompts in text-to-image generation models.

Following these works, we introduce DreamSync [Sun et al., 2025], a paradigm to fine-tune text-to-image
models with TIFA. DreamSync is demonstrated in Figure 5.12. DreamSync is inspired by the rejection
sampling works on LLMs [Touvron et al., 2023]. We first collect a diverse set of synthetic prompts. For each
prompt, we sample many images from the text-to-image model, and use TIFA to select the ones that are most
faithful to the text input. We also uses an aesthetics model VILA [Ke et al., 2023] as an extra dimension for
image selection. Finally, we finetune the text-to-image model with the selected image. Experiments show
that this approach can interatively improve text-to-image model’s faithfulness to text, while preserving its

visual appeal.

5.6 Summary

We present TIFA, a new automatic text-to-image faithfulness evaluation metric using VQA. Compared with
prior metrics, TIFA is fine-grained, interpretable, and better aligned with human judgments. Based on this
metric, we introduce the TIFA v1.0, a large-scale text-to-image benchmark containing 4K prompts and 25K
questions. We conduct a comprehensive study of current text-to-image models using TIFA v1.0 and highlight
the limitations of current generative models. We quantitatively show that current image generation models

still struggle in counting, spatial relations, and composing multiple objects. Finally, we conduct extensive
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Figure 5.12: DreamSync. Given a prompt, a text-to-image generation model generates multiple candidate
images, which are evaluated by two models. We use TIFA to compute the alignment between the image and

the text, and use VILA to score the model’s visual appeal. The best images chosen are collected to fine-tune

the text-to-image model. This process can repeat indefinitely until convergence on feedback is achieved.

analysis and human evaluation, demonstrating that TIFA is robust to different VQA models. We hope TIFA

will help evaluate future work on image generation and become increasingly sophisticated as it is upgraded

with new LM, QA, and VQA components. We also show that TIFA works well as a training signal for image

generation models.
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Chapter 6

NavigationBench: Dialogue-Level
Evaluation of LM Agents in a Multi-turn

Interactive Environment

6.1 Introduction

Recent advances in language models have significantly expanded their capabilities. However, two key
challenges remain in improving their real-world helpfulness. First, most Al models operate in isolation,
lacking access to external data, environments, or tools—severely limiting their ability to interact with the
real world. In response, several organizations have proposed protocols to bridge this gap. For example,
OpenAl introduced function calling [OpenAl, 2023a], and Claude has introduced the Model Context Protocol
(MCP) [Anthropic, 2024a]. To better understand the strengths and limitations of such integrations, we need
controlled and open experimental settings that evaluate model interaction with different tool types.

Second, current Al systems are typically designed to directly answer user queries, rather than collaborate
interactively. Yet in real-world use cases, user goals are often underspecified and require back-and-forth dia-
logue to uncover preferences and needs. While there has been substantial progress in interactive Al research,
we still lack an evaluation framework that enables dialogue-level comparisons of system behavior. Existing

open benchmarks generally fall into one of three categories. First, some evaluate system responses against

&9



one or more reference dialogues. Although this approach supports automatic evaluation, it fails to capture
the diversity of valid dialogue trajectories and limits assessment of end-to-end performance. Second, other
benchmarks rely on interactions with real users, such as in the Amazon Alexa Prize competition [Venkatesh
et al., 2018] or CMU’s Let’s Go system [Raux et al., 2005]. While this method supports realistic evaluation,
it is costly, and a large number of user interactions are needed to capture the variability of different users
interacting with different systems. Moreover, the risk of system failures may render it unsuitable for certain
tasks.

To address these issues, we propose a flexible evaluation framework compatible with both simulated and
real users. Recent progress in LLMs enables the creation of high-quality simulated users, making it feasible
to support open research on dialogue agents at scale. Our framework consists of two key components: (1) a
task paired with an interactive environment, where solutions can be ranked by humans, and (2) a simulated
user that interacts with the Al system. In each test case, the Al system engages in a multi-turn dialogue with
the simulated user to solve the task, and its output is evaluated based on a task-specific scoring function. This
structure allows for scalable and rigorous assessment across a broad range of real-world tasks.

To demonstrate this framework, we introduce NavigationBench, a multi-turn dialogue benchmark focused
on navigation tasks that require dynamic user interaction. NavigationBench includes a large set of simulated
map environments, task scenarios validated by human annotators, and simulated users powered by state-of-
the-art language models, enabling automatic end-to-end evaluation. Crucially, as language models improve,
the simulator can be upgraded accordingly. The framework also supports human-in-the-loop evaluation when
needed, enabling direct comparison between simulated and real user interactions.

In the following sections, we detail our evaluation framework (§6.2), introduce NavigationBench (§6.3),

and present experimental results from applying this task to a range of Al systems (§6.5).

6.2 Evaluation Framework

This section details our evaluation framework, designed for assessing Al systems in a wide range of problem-
solving tasks grounded in interactive environments. The framework enables end-to-end, dialogue-level
comparison of Al systems, provided that human annotators can meaningfully rank solutions based on a

scenario. It comprises the following components:
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1. Task. The first component is a problem-solving task that requires Al systems to collaborate with users.
These tasks are often paired with interactive environments—such as coding platforms, web search tools,
databases, or customized MCP servers—that the assistant can interact with. Each test case is defined by a
scenario that specifies both user requirements and preferences. These scenarios guide the behavior of the

simulated user. Human annotators rank the solutions of the system based on these scenarios.

2. Simulated User. Since it is expensiveve to have real humans talk with all the assistant systems, to support
dialogue-level evaluation, we design one or more simulated users per task. For each test case, the simulated
user adheres to the scenario and emulates natural user behavior—avoiding overly verbose or unnaturally
informative turns, and instead engaging in incremental, clarifying interaction. It responds in context-sensitive
ways, mirroring how real users behave when their goals are partially specified. Importantly, the simulated

user design allows for flexibility and future upgrades as LLMs continue to improve.

3. Evaluation Metric. To avoid the high cost of human annotators observing each dialogue between the
system and the simulated user, we score the assistant by the final solution it gives. For each scenario, we have
human annotators rank possible solutions, and this ranking will be used to evaluate all the dialogues. We
evaluate the Al system based on the Mean Reciprocal Rank (MRR) of the final solution it arrives at through
interaction with the simulated user. Because human rankings can vary across annotators, we use the average

Reciprocal Rank to aggregate the preferences:

1
Rij

1 N
RR; = = > (6.1)

J=1

where R;; is the rank of the system’s solution according to annotator j (R;; = oo if not ranked), and N is the

number of annotators. RR; ranges from 0 to 1. A perfect consensus that ranks a solution first gets 1.

Let M be the number of dialogues in the test set. The MRR is computed as

1 M
MRR=—>"RR; (6.2)
M i=1
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6.3 NavigationBench

To demonstrate our framework, we introduce NavigationBench, a multi-turn dialogue benchmark that
simulates user—assistant interaction in a vehicle navigation setting. Each dialogue simulates a scenario
in which the user follows a pre-defined route and makes an unplanned stop (e.g., for food, fuel, or rest).
The assistant helps refine options through interactive dialogue, akin to using a smart navigation app with

conversational capabilities.

1. Environment. NavigationBench provides a simulated map environment similar to commercial navigation
apps. The language model can query this environment through Python functions or custom protocols to
search for nearby stops, retrieve detailed location data (e.g., reviews, prices), and estimate travel times and

detours.

2. Scenarios. Scenarios are designed to elicit meaningful dialogue. Each includes the user’s requirements,
preferences, contextual background, and initial request. We generate scenarios using GPT-4.1-mini, following
a bootstrap procedure inspired by self-instruct [Wang et al., 2022c]. Scenarios span four stop types: restaurants,
fuel stations, hotels, and rest areas. Human annotators refined the GPT-generated scenarios for quality and
engagement, and filtered out the ones that does not make sense. This process yields 450 scenarios, including
150 for the development set and 300 for the testing set.For each scenario, three human annotators rank only
the valid stops (those satisfying all requirements) based on how well they match user preferences. Below is

an example scenario:

* User requirement: Breakfast diner within 20 minutes’ drive.

* User preference: Wants a classic American diner serving hearty breakfast options like pancakes
and omelets. Prefers good customer service and quick serving time. Budget around $20 per person.

Interested in diners with a nostalgic feel and positive reviews.

* Context: The user started the trip early in the morning and needs a substantial breakfast before

continuing the drive. There are 5 people in total in the car.

Time: 8:30AM
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* User initial request: Find a breakfast diner close by.

For each scenario, we have 3 human annotators rank possible stops on the map. The human annotators
only rank the stops that satisfy all user requirements. The stops are ranked by how much they satisfy the

users’ preferences.

3. Simulated User. The simulated user is implemented using GPT-4.1-mini with a task-specific system
prompt. The prompt includes the scenario details and behavioral instructions. Full prompt content is shown

in §C.1.

4. Evaluation Metrics. Human annotators often vary in their rankings of candidate stops. For instance,
given the same scenario, three annotators may each prefer a different gas station. To account for this
variability, we evaluate assistant performance using the Mean Reciprocal Rank (MRR), as described in §6.2,
based on how its selected solution compares to the rankings of all three annotators. To estimate the upper
bound of human agreement, we compute a human MRR by averaging the MRR of each individual annotator’s

top choice against the rankings of the other two.

6.4 Baseline Assistant

FUHCtIOﬂ calllng search_restaurant()
get_route_info()
get_entity_detail()

FoIIow up Results
Simulated  esponse
user LM Map MCP server

Figure 6.1: Illustration of the baseline agent we built for NavigationBench.

We implement a baseline agent that uses the LLM’s function-calling abilities, as shown in Figure 6.1.
The system comprises a language model and a map MCP server. The language model serves as the assistant,

managing dialogue with both the user and the environment.
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Dialogue Flow. After each user turn, the assistant decides whether to query the MCP server. The server
returns structured JSON responses. The assistant can issue further queries to the MCP server or generate a
user-facing response, including clarification questions or suggested stops. The assistant model has full access

to the conversation history, including user messages, function calls, server responses, and its own replies.

Dialogue Termination. When the assistant calls a special function, add_stop(entity_id), the stop is added

to the route, and the dialogue ends. The chosen entity is then evaluated according to the human rankings.

Details of the MCP server. The MCP server has the following functions that the LM can call.

* Search function. This function takes a dictionary that specifies search criteria as inputs, and returns a
list of entities on the map that satisfy the criteria. The criteria contain the entity type (e.g., restaurant),
time and distance constraints (e.g., within 10 minutes off the current route), and entity constraints (e.g.,
with rating higher than 4.0, Italian cuisine, including “homemade pasta” in their offerings, and budget
smaller than $ 50). One issue is that there might be too many entities that satisfy all the constraints. In
that case, we return a list of a maximum of 20 entities, together with the total count of entities that

meet all criteria.

* Get entity detail. This function takes the unique ID of the entity as input, and returns its detailed
information. For example, for a restaurant, it will return the cuisine, price range, rating, features,
offerings, and a short summary of comments. In addition, it will also give the temporal and spatial
information, including the coordinate of the entity, how much time/distance it takes to arrive at the

entity, and the off-route time/distance.

* Get route information. The function takes two coordinates as inputs, and returns the time and distance

needed to travel between these two coordinates.
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6.5 Experiments

6.5.1 Experiment settings

We use GPT-4.1-mini as the simulated user. We use a large range of latest LMs in the baseline agent to
test their agentic abilities, including open-weight models like Llama-3.1-8B, Llama-3.3-70B [Dubey et al.,
2024], Qwen2.5-7B, Qwen3-14B, Qwen3-32B, Qwen3-235B-A22B [Yang et al., 2025], and proprietary
models including Gemini-2.0-Flash, Gemini-2.5-Flash [Team et al., 2023], GPT-40, GPT-4.1-mini, and
GPT-4.1 [OpenAl, 2023b]. We limit the maximum number of turns to 15. Because LMs (both the simulated
user and the assistant) can generate different responses that might lead to different solutions, we run each

scenario four times.

6.5.2 Results

Average MRR
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Figure 6.2: Test set performance of the baseline agent using different LMs, which is measured by the MRR
of the solution. For reference, MRR between 3 human annotators is 0.84.

Figure 6.2 shows the test set MRR for each model. Human annotator MRR is 0.838, while models range
from 0.265 to 0.594. Gemini-2.5-Flash performs best, though all models exhibit a gap from human-level
quality. Proprietary models outperform open-weight ones.

Figure 6.3 breaks down performance by stop type for Gemini-2.5-Flash and LLaMA-3.1-8B. We also
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Figure 6.3: Performance of Gemini-2.5-Flash, Llama-3.1-8B, and human annotators, on different types of
scenarios in the development set.

include the human MRR for reference. Both LM assistants perform best on rest areas. A possible explanation
is that there are fewer attributes for rest areas. Tasks involving gas stations, hotels, and restaurants may be

more challenging due to denser or more nuanced choice spaces. We can also see that the Al assistant has a

bigger gap compared with humans in these entity types.

6.6 Analysis

Beyond solution quality, other user experience factors matter. For instance, fewer turns and more concise

assistant responses are generally preferable—especially for users under high cognition load, for example,

when driving.

Model Avg. MRR (1) Avg. #Turns (|) Avg. Assistant Token/Turn ({)
Llama-3.1-8B 0.265 8.47 53.7
Llama-3.3-70B 0.265 10.16 474
Qwen2.5-7B 0.411 6.94 85.7
Qwen3-235B-A22B 0.487 6.50 53.7
Qwen3-14B 0.493 6.91 40.5
Qwen3-32B 0.528 6.63 56.0
GPT-4.1-mini 0.532 6.21 49.2
Gemini-2.0-Flash 0.536 5.20 40.1
GPT-40 0.557 5.42 54.6
GPT-4.1 0.560 4.70 44.8
Gemini-2.5-Flash 0.594 4.99 50.6

Table 6.1: The MRR, average number of assistant turns per dialogue, and the average number of tokens per
assistant turn, for each assistant model on the test set.
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We present more dialogue statistics in Table 6.1. Here we compute the average number of turns of each
dialogue, and the average number of assistant output tokens per turn. Here the assistant output token refers
to the number of tokens the assistant says to the user. We can see that Gemini-2.5-Flash, while getting the
highest MRR, is relatively concise in terms of the number of turns and the number of assistant tokens. In

general, a model with stronger agentic capability can give users a better solution in fewer turns.

DSTC2 M2M MultiwOZ-2.0 NavigationBench
Gemini-2.5-Flash  GPT-4.1
Avg. turns per dialogue  14.49 9.86 13.46 10.00 9.37
Avg. words per turn 8.54 8.24 13.13 27.69 24.58

Table 6.2: Dialogue-level statistics across four corpora. The NavigationBench and M2M have a simulated
user, whereas other datasets have a human user.

We compare the dialogues of NavigationBench with other dialogue datasets in Table 6.2, including
DSTC 2 [Williams et al., 2013], M2M [Shah et al., 2018], and MultiWOZ-2.0 [Budzianowski et al., 2018].
The table shows the average number of turns per dialogue, counting user and assistant turns separately. In
addition, it shows the average number of words per turn, averaging over both user and assistant turns. While
other benchmarks involve a static set of dialogues, our benchmark is dynamic, and the statistics can change
with different simulated users and assistant LMs, and GPT-4.1-mini as the user LLM. Here we use the
two best-performing LMs, Gemini-2.5-Flash and GPT-4.1, as the assistant LMs. NavigationBench exhibits
significantly more words per assistant turn, leading to a higher overall average. The longer assistant turns
reflect more complex behaviors of the assistant. The assistant may present multiple options for the user,
e.g., “I found 11 Italian restaurants that serve pizza and pasta, the first one is [...], the second one is [...], Do
any of those sound good, or would you like to hear about other options?” The assistant may ask the user
to relax some criteria when it coundn’t find a suitable one, e.g., “I can’t find any restaurants that fit those
criteria. It seems that "oysters" and "water view" are a difficult combination in this area. Would you be open
to considering a restaurant with just oysters, even without a water view? Or a restaurant with a water view

that doesn’t serve oysters?”
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6.7 Summary and Discussion

We present a modular evaluation framework for assessing Al assistants through end-to-end, dialogue-level
interaction. We also introduce NavigationBench as a case study, simulating realistic navigation dialogues
where assistants must identify suitable stops based on both explicit and latent user preferences. The framework
supports scalable evaluation using simulated users.

Our experiments across a diverse range of language models reveal a clear performance gap between
current systems and human-level capability, highlighting the need for further research in dialogue planning,
tool use, and preference understanding.

A key strength of our framework lies in its generalizability. It can be easily adapted to other do-
mains—such as coding, data analysis, or planning—as long as solutions can be meaningfully ranked.
Moreover, each component is modular: the task, environment, assistant model, and simulated user can be
swapped out independently. The simulated user can be updated as technology further evolves. This flexibility
enables broad applicability in benchmarking emerging capabilities and system behaviors across different

tool-use and user-alignment tasks.
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Chapter 7

Conclusion

7.1 Summary and Contributions

In this thesis, we explore solutions to key challenges in building Al systems with more sophisticated
multimodal understanding, generation, and interaction. We introduce multimodal interactive intelligence to
address these challenges. We enable multimodal interactions into the model reasoning process, incorporate
interaction into multimodal generation evaluation, and develop an evaluation framework that is better suited

to interactive problem-solving systems.

7.1.1 Enhancing multimodal understanding with interactions

We introduce BLINK, a benchmark focusing on core visual perception abilities that are often overlooked
in existing multimodal LM evaluations. BLINK comprises 14 tasks that, while simple for humans, pose
significant challenges for current multimodal LMs, revealing that these models can "see" but often do not
truly "perceive." BLINK has been widely used in technical reports of latest multimodal LMs, including
Gemini [Team et al., 2023], GPT [OpenAl, 2023b], Seed-1.5-VL [Guo et al., 2025].

To address the identified perception gaps, we proposed Visual Sketchpad, a framework that empowers
multimodal LMs to generate intermediate visual artifacts (sketches) as part of their reasoning process. This
approach, inspired by how humans use sketching to aid problem-solving, allows LMs to interact with

specialized vision tools and perform step-by-step multimodal reasoning, significantly improving performance
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on diverse mathematical and visual tasks.

7.1.2 Evaluating and training image generation models via interactions

We develop TIFA (Text-to-Image Faithfulness evaluation with question Answering), a novel reference-free
metric that leverages multimodal LMs to assess the faithfulness of generated images to their text prompts.
TIFA automatically generates questions about the input text and uses a multimodal LM to determine if these
questions can be correctly answered using the generated image. Alongside the metrics, we also introduce
the TIFA benchmark, featuring over 4,000 prompts and 25,000 questions. Experiments demonstrated that
TIFA has a significantly higher correlation with human judgments compared to previous metrics and provides
interpretable, fine-grained feedback on model performance across various visual elements. TIFA is the first
work that uses multimodal LM to evaluate model-generated images. This approach has become the status
quo approach for evaluating the alignment of multimodal contents with text, and is widely adopted in the
latest multimodal generation benchmarks [Cho et al.; Wiles et al., 2024; Lin et al., 2024]. TIFA can also
serve as an effective training signal to improve text-image alignment in generation models. For example,
DreamSync [Sun et al., 2025] shows that rejection sampling with TIFA effectively improves text-to-image

models’ faithfulness to user input.

7.1.3 Dialogue-level evaluation framework for interactive systems

We present a modular evaluation framework for assessing interactive systems with direct dialogue-level
comparison. The key components are a simulated user that the Al assistant can interact with, and the evaluation
metric that captures human preferences for different solutions. We also introduce NavigationBench as a
case study for this framework .This benchmark simulates dynamic dialogues where users require assistance
for unplanned stops during a journey, necessitating collaborative problem-solving. Our experiments on
NavigationBench show that there is still a clear performance gap between existing systems and human-level

capability, highlighting the need for future research on interactive Al systems.
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7.1.4 Conclusion

The studies in this thesis provide new tools and insights for developing Al systems that can more effectively
understand, generate, and interact across multiple modalities. The proposed benchmarks and evaluation
methods aim to guide future research by highlighting current limitations and providing robust ways to measure
progress. We have released all code and data for the work discussed in this thesis to support future research

on building advanced multimodal Al systems.

7.2 Future directions

Building on the work presented in this thesis, several promising directions for future research emerge to

further enhance multimodal interactive intelligence.

7.2.1 Follow-up directions for works in this thesis

Training better models with Sketchpad. Sketchpad focuses on existing off-the-shelf LMs. Future work
may explore the training side of Sketchpad. For example, recent multimodal models like Unified-10 2 [Lu
et al., 2024a] and Chameleon [Team, 2024] are natively multimodal and can output both text and images.
Sketchpad may emerge as a new paradigm for instruction tuning these models. Also, we can use reinforcement

learning to enable models to learn when and how to sketch more effectively.

Applying Sketchpad in more areas. Sketchpad can be applied in more areas. For example, for robotics,
we can apply Sketchpad to search for small things in a crowded space, highlight the object of interest, and

zoom the camera for a better view or use depth estimation to help navigation.

Extending NavigationBench In this thesis, we experiment with different assistant LMs for Navigation-
Bench. This benchmark can be further extended in many different directions. For example, it is interesting to
dive into the simulated user, see how the user behavior affects the dialogue outcome, and how to train an
LM that better simulates real users. Also, future research can enrich the task with more types of entities and
more challenging scenarios, for example, finding stops with requirements and preferences involving multiple

entities.
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7.2.2 More general directions

Improving visual perception of multimodal LMs. Research could also focus on improving the underlying
visual perception of multimodal LLMs directly through other ways. For example, future work can leverage

the insights from BLINK to guide pre-training and fine-tuning objectives and data curation.

Scaling and refining interaction-based evaluation and training. TIFA has shown promise in evaluating
and training image generation models through interaction-based approaches. Future research could expand
this paradigm to other generative tasks, such as audio, video, or 3D asset generation. Future work can also
explore how to more efficiently use such interaction-based signals for model training, perhaps through more

advanced reinforcement learning techniques or by integrating human feedback more directly.

Developing more sophisticated environment and interactive agents. Our proposed evaluation framework
provides a platform for studying grounded multi-turn interactions. Future work can build upon this by
creating even more complex and diverse interactive environments and tasks. Enhancing the capabilities of
simulated users to exhibit a wider range of behaviors and adapt more dynamically to different Al assistants
would be valuable. Moreover, future work can use these environments to develop agents with better long-term
memory, seamlessly switch between different tools, and with better planning capabilities to handle complex

sequences of actions and reasoning steps.

Exploring self-training in complex multimodal environments. Our ultimate goal is to build Al systems
that can efficiently self-improve by interacting with the multimodal world and learning from feedback, just
like humans do. This involves better model architectures, interaction paradigms, world simulators, training
objectives, and algorithms. The studies in this thesis are all building blocks towards this goal. For instance,
Al agents could be trained in simulated environments like NavigationBench, using self-generated visual aids
akin to Visual Sketchpad to navigate and solve problems, with their performance and learning guided by
interaction-based reward signals similar to those in TIFA. This could lead to a virtuous cycle in which agents
continuously refine their understanding, generation, and interaction capabilities through active exploration
and learning within rich multimodal contexts. Developing self-training methodologies that can efficiently

leverage these components in unison represents a significant and exciting challenge for future research.
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Chapter A

Appendix for Visual Sketchpad: Sketching as
a Visual Chain of Thought for Multimodal

Language Models

A.1 Prompts

Prompts for computer vision tasks. Here we provide the running log of GPT-40 + Sketchpad tackling a
visual search problem from V' *Bench Wu and Xie [2024]. We use the same prompt template for all computer
vision problems in this work. For visualization purposes, we present the prompts that contain codes differently.

In our implementation, they are all text inputs to the LLM.

SYSTEM PROMPT
You are a helpful multimodal Al assistant. [MORE INSTRUCTIONS ...]

For each turn, you should first do a "THOUGHT", based on the images and text you see. If you think you
get the answer to the intial user request, you can reply with "ANSWER: <your answer>" and ends with
"TERMINATE".

Initial Prompt + Request

| Here are some tools that can help you. All are python codes. They are in tools.py and will be imported for you.

2 The images has their own coordinate system. The upper left corner of the image is the origin (0, 0). All coordinates are normalized, i.e., the range is [0, 1].
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All bounding boxes are in the format of [x, y, w, h], which is a python list . x is the horizontal coordinate of the upper—left corner of the box, y is the vertical

coordinate of that corner, wis the box width, and h is the box height.

Notice that you, as an Al assistant , is not good at locating things and describe them with coordinate . You can use tools to generate bounding boxes.

You are also not good at answering questions about small visual details in the image. You can use tools to zoom in on the image to see the details . Below are the tools in

tools . py:
““* python

class AnnotatedImage:

# A class to represent an annotated image. It contains the annotated image and the original image.

def __init_ (self, annotated_image: Image.Image, original_image : Image.Image=None):

self .annotated_image = annotated_image

self . original_image = original_image

def detection (image, objects ):

"""Object detection using Grounding DINO model. It returns the annotated image and the bounding boxes of the detected objects .

The text can be simple noun, or simple phrase (e.g., 'bus’, ’red car’). Cannot be too hard or the model will break.

The detector is not perfect, it may wrongly detect objects or miss some objects .
Also, notice that the bounding box label might be out of the image boundary.

You should use the output as a reference, not as a ground truth .

‘When answering questions about the image, you should double—check the detected objects .

Args:

image (PIL.Image.Image): the input image

objects (List[str]): a list of objects to detect. Each object should be a simple noun or a simple phrase. Should not be hard or abstract concepts like "text" or

number".

Returns:

output_image (AnnotatedImage): the original image, annotated with bounding boxes. Each box is labeled with the detected object, and an index.

processed boxes (List): listthe bounding boxes of the detected objects

Example:
image = Image.open("sample_img.jpg")
output_image, boxes = detection (image, ["bus"])
display (output_image.annotated_image)

print (boxes) # [[0.24, 0.21, 0.3, 0.4], [0.6, 0.3, 0.2, 0.3]]

# you need to double—check the detected objects . Some objects may be missed or wrongly detected .

def sliding_window_detection (image, objects ):

"""Use this when you are searching for objects in the image, but the objects are not detected by the object detection model.

In that case, the most common reason is that the object is too small such that both the vision—language model and the object detection model fail to detect it.

This function tries to detect the object by sliding window search.

With the help of the detection model, it tries to detect the object in the zoomed—in patches.

The function returns a list of annotated images that may contain at leas one of the objects, annotated with bounding boxes.

It also returns a list of a list of bounding boxes of the detected objects .

Args:

image (PIL.Image.Image): the input image

objects (List[str]): a list of objects to detect. Each object should be a simple noun or a simple phrase. Should not be hard or abstract concepts like "text" or

number".

Returns:

possible_patches (List [AnnotatedImage]): a list of annotated zoomed—in images that may contain the object, annotated with bounding boxes.
possible_boxes (List[List[List[Float ]]]) : For each image in possible_patches , a list of bounding boxes of the detected objects .

The coordinates are w.r.t. each zoomed—in image. The order of the boxes is the same as the order of the images in possible_patches .
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55 Example:

56 image = Image.open("sample_img.jpg")

57 possible_patches , possible_boxes = search_object_and_zoom(image, ["bird ", "sign"])
58 for i, patch in enumerate( possible_patches ):

59 print (f"Patch {i }:")

60 display (patch.annotated_image)

61

62 # print the bounding boxes of the detected objects in the first patch

63 print (possible_boxes [0]) # [[0.24, 0.21, 0.3, 0.4], [0.6, 0.3, 0.2, 0.3]]
64

65

66 def segment_and_mark(image, anno_mode:list = [*Mask’, "Mark’]):

67 """Use a segmentation model to segment the image, and add colorful masks on the segmented objects . Each segment is also labeled with a number.

68 The annotated image is returned along with the bounding boxes of the segmented objects .

69 This tool may help you to better reason about the relationship between objects, which can be useful for spatial reasoning etc.

70 DO NOT use this tool to search or detect an object. It is likely the object is small and segmentaiton does not help.

71 Segmentation and marking can also be helpful for 3D and video reasoning. For example, helping you to see more clearly and analyzes the relationship between different

frames of a video.

72

73 Args:

74 image (PIL.Image.Image): the input image

75 anno_mode (list, optional ): What annotation is added on the input image. Mask is the colorful masks. And mark is the number labels. Defaults to [ Mask’, 'Mark’].
76

77 Returns:

78 output_image (AnnotatedImage): the original image annotated with colorful masks and number labels . Each mask is labeled with a number. The number label starts at 1.
79 bboxes (List): listthe bounding boxes of the masks.The order of the boxes is the same as the order of the number labels .
80

81 Example:

82 User request: I want to find a seat close to windows, where should I sit?

83 Code:

84 “““ python

85 image = Image.open("sample_img.jpg")

86 output_image, bboxes = segment_and_mark(image)

87 display (output_image.annotated_image)

38

89 Model reply: You can sit on the chair numbered as 5, which is close to the window.

90 User: Give me the bounding box of that chair.

91 Code:

92 **“ python

93 print (bboxes[4]) # [0.24, 0.21, 0.3, 0.4]

94 o

95 Model reply: The bounding box of the chair numbered as 5 is [0.24, 0.21, 0.3, 0.4].

96 "

97

98 def depth(image):

99 """Depth estimation using DepthAnything model. It returns the depth map of the input image.

100 A colormap is used to represent the depth. It uses Inferno colormap. The closer the object, the warmer the color.
101 This tool may help you to better reason about the spatial relationship , like which object is closer to the camera.
102

103 Args:

104 image (PIL.Image.Image): the input image

105

106 Returns:

107 output_image (PIL.Image.Image): the depth map of the input image
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108

109 Example:

110 image = Image.open("sample_img.jpg")
111 output_image = depth(image)

112 display (output_image)

113

114

115 def zoom_in_image_by_bbox(image, box, padding=0.05):

116 """ A simple wrapper function to crop the image based on the bounding box.

117 ‘When you want to answer question about visual details in a bounding box annotated by the detection tool, you would like to zoom in on the object using this function.
118

119 Args:

120 image (PIL.Image.Image): the input image

121 box (List[ float ]): the bounding box in the format of [x, y, w, h]

122 padding ( float , optional ): The padding for the image crop, outside of the bounding box. Defaults to 0.1. The zoom factor cannot be too small. Minimum is 0.05
123

124 Returns:

125 cropped_img (PIL.Image.Image): the cropped image

126

127 Example:

128 image = Image.open("sample_img.jpg")

129 annotated_img, boxes = detection (image, "bus")

130 cropped_img = zoom_in_image_by_bbox(image, boxes[0], padding=0.05)
131 display (cropped_img)

132

133

134 def overlay_images(background_img, overlay_img, alpha=0.3, bounding_box=[0, 0, 1, 1]):

135 m

136 Overlay an image onto another image with transparency .

137 This is particularly useful visualizing heatmap while preserving some info from the original image.

138 For example, you can overlay a segmented image on a heatmap to better understand the spatial relationship between objects .

139 It will also help seeing the labels, circles on the original image that may not be visible on the heatmap.

140

141 Args:

142 background_img_pil (PIL.Image.Image): The background image in PIL format.

143 overlay_img_pil (PIL.Image.Image): The image to overlay in PIL format.

144 alpha ( float ): Transparency of the overlay image.

145 bounding_box (List[ float ]): The bounding box of the overlay image. The format is [x, y, w, h]. The coordinates are normalized to the background image. Defaults to [0, 0,
1, 1.

146

147 Returns:

148 PIL.Image.Image: The resulting image after overlay, in PIL format.

149 S

150 Example:

151 image = Image.open(’ original .jpg’)

152 depth_map = depth(image)

153 overlayed_image = overlay_images(depth_map, image, alpha=0.3)

154 display (overlayed_image)

155

156

157 # GOAL #: Based on the above tools, I want you to reason about how to solve the # USER REQUEST # and generate the actions step by step (each action is a python jupyter
notebook code block) to solve the request.
158 You may need to use the tools above to process the images and make decisions based on the visual outputs of the previous code blocks.

159 Your visual ability is not perfect, so you should use these tools to assist you in reasoning about the images.
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161 # [six in—context examples here]
162
163 # USER REQUEST #:

2

JRBUPTEP KWHTES TN EPECEE-RE

Is the red balloon above or below the white balloon? Options: (A) The red balloon is below the white balloon. (B) The red balloon is above the white balloon.

)

# USER IMAGE stored in image_1 as PIL image.

B W

Now please generate only THOUGHT 0 and ACTION 0 in RESULT. If no action needed, also reply with ANSWER: <your answer> and ends with TERMINATE in the RESULT:

6 # RESULT #:

Thought + Action 0

| THOUGHT 0: To determine the relative positions of the red and white balloons, I need to detect the balloons in the image. I will use the detection tool to find the balloons .
2 ACTION 0:

3 ““python

4 image_1_balloon_detection, image_l_balloon_boxes = detection (image_1, ["red balloon", "white balloon"])

5 display (image_1_balloon_detection .annotated_image)

6 e
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| Observation 0

Execution success. The output is as follows.
i |

S BYPT'EP KWHE

FR. B8

P

Please eate the next THOUGHT and ACTION. If you ca
SWER: <your answer> and ends with TERMINATE.

n get the answer, please also reply with AN-

Thought + Action 1

| THOUGHT 1: The detection tool did not annotate the balloons in the image. I will use the sliding_window_detection tool to search for the red and white balloons in the image.

3 ACTION 1:

4 “*“python

5 possible_patches , possible_boxes = sliding_window_detection (image_1, ["red balloon", "white balloon"])
for i, patch in enumerate( possible_patches ):

6

7 print (f"Patch {i+1}:")

8 display (patch.annotated_image)
9
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| Observation 1

Execution success. The output is as follows. Patch 1:
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Patch 2:

Patch 4:

Please generate the next THOUGHT and ACTION. If you can get the answer, please also reply with AN-
SWER: <your answer> and ends with TERMINATE.
134



’Thought + Action 2

THOUGHT 2: From Patch 4 and 5, I can see both the red and white balloons. The red balloon is clearly
below the white balloon in these patches.

ACTION 2: No action needed.
ANSWER: The red balloon is below the white balloon. So the answer is (A). TERMINATE
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Prompts for math tasks. The prompts are similar to the vision task for math tasks, except we remove
the computer vision specialists, and add example codes for math plotting. Besides, the user query is different.

For each task, the user query part of the prompt is as follows.

PROMPT
You are given a real-valued, scalar function f(z).
YOUR TASK is to determine whether f(x) is an even function, an odd function, or neither. Definition of an odd
function: A function such that
f(-z)=-f(z)
where the sign is reversed but the absolute value remains the same if the sign of the independent variable is reversed.
A function is neither even nor odd if it does not satisfy either condition.
Here is the expression of f(x):
N —24°
Ha) = s e s 12t 22 2 1116
Respond with ‘even’, ‘'odd’, ‘neither’ first on whether the function f(x) is even, odd, or neither, based on the definitions
and your observation of the function. You can generate matplotlib code to visualize the function.
If you can get the answer, please reply with ANSWER: <your answer>, extract the final answer in FINAL ANSWER:
<final answer> and ends with TERMINATE in the RESULT.
Answer:

Figure A.1: Prompt for the Math Parity task. We follow a similar prompt format to Fu et al., except prompting
the models to write the code to generate images.

PROMPT
You are given a real-valued, scalar function f(z).
YOUR TASK is to determine whether f(z) is an convex function or concave function. Definition of a convex function:

A function such that

Va,y,0<t <1, ftz+ (1-t)y) <tf(x) + (1 -t)f(y)

Definition of a concave function: A function such that
Vo,y,0<t <1, f(te+ (1-t)y) 2tf(x) + (1-1) f(y)

Here is the expression of f(x):

f(x) =7.57-0.08 x Abs(x)
Respond with ‘convex’ or ‘concave’ first on whether the function f (x) is convex or concave, based on the definitions
and your observation of the function. You can generate matplotlib code to visualize the function.
If you can get the answer, please reply with ANSWER: <your answer>, extract the final answer in FINAL ANSWER:
<final answer> and ends with TERMINATE in the RESULT.
Answer:

Figure A.2: Prompt for the Math Convexity task. We follow the similar prompt format to Fu et al., except
prompting the models to write the code to generate images.
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PROMPT

You are given an adjacency matrix of a graph and two query nodes.

YOUR TASK is to find if there is a path between the two nodes.

Definition of connectivity: In an undirected graph G, two vertices u and v are called connected if G contains a path from
u to v. A path in a graph is a finite sequence of edges which joins a sequence of vertices. In the query example, the
nodes and the adjacency matrix are zero-indexed.

Query Example:
Adjacency Matrix:
0 0 0 0 0 1 0 0 0]
001 00 O0T1O0TO0
01 001 00 O0O
0000 O0OOTO0ODOO
001 0 0O0TO0OTO0OTO
100 00 01 01
01 0001 00O
0000 O0OOTO0ODOO
0 0 0001 0 0 Ol

Query nodes indices (zero-indexed): 4 and 0

Respond with “yes” or ‘no’ first on whether the query nodes are connected or not in the graph.

If there is a path, first provide the path as a sequence of vertices (nodes), and then explain your reasoning.
You can use networkx to draw the graph. If there is no path, explain why in details. Answer (start with "yes’ or 'no’):
If you can get the answer, please reply with ANSWER: <your answer>, extract the final answer in FINAL ANSWER:
<final answer> and ends with TERMINATE in the RESULT.

Answer:

Figure A.3: Prompt for the Graph Connectivity task. We follow the similar prompt format to Fu et al., except
prompting the models to write the code to generate images.
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PROMPT

You are given a visual representation of two graphs, graph G on the left and graph H on the right.

YOUR TASK is to determine whether the two graphs are isomorphic to each other.

Definition of graph isomorphism: In graph theory, an isomorphism of graphs G and H is a bijection f between
the vertex sets of G and H, denoted as f : V(G) — V(H). G and H are said to be isomorphic when f satisfies
the following: any two vertices v and v of G are adjacent in G if and only if f(u) and f(v) are adjacent in H.
This kind of bijection is commonly described as "edge-preserving bijection", in accordance with the general
notion of isomorphism being a structure-preserving bijection.

In the query example, the adjacency matrices are zero-indexed.

Adjacency Matrix G:

[0 0 0 0 0 1 0 0 O]
001 00O0T1O0TO
010010000
00 00O0OO0OOOO
001 0O0O0OGOTU OO
1 000007101
01 000T1O0O0TO0
000O0O0OO0OOODO

0 00001 0 0 O

Adjacency Matrix H:

[0 0 0 0 0 0 0 0 O]
001 0O0O0OT1IO0TO®O
1 0000O0O0OO0OTO
00 00O0OO0OOOO
000O0OO0OOTU OO
1 000O0O0OT1TO0FO
010101000
000O0O0OO0OOT1O®O

0 00001 0 0 O

Respond with "yes” or 'no’ first on whether the two graphs are isomorphic to each other. You can use
networkx to draw the graph. If they are isomorphic, first provide the bijection between the two graphs, and
then explain your reasoning. You can use networkx to draw the graph. If they are not isomorphic, explain
why in detail. Answer (start with 'yes” or 'no’): If you can get the answer, please reply with ANSWER:
<your answer>, extract the final answer in FINAL ANSWER: <final answer> and ends with TERMINATE
in the RESULT.

Answer:

Figure A.4: Prompt for the Graph Isomorphism task. We follow a similar prompt format to Fu et al., except
prompting the models to write the code to generate images.
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PROMPT
You are given an adjacency matrix of a graph and two query nodes (one source node and one sink node). The source

node is the node where the flow starts and the sink node is the node where the flow ends.

YOUR TASK is to solve the maxflow problem given the weighted directed graph.

Definition of Maxflow problem: In the max flow problem, we have a directed graph with a source node s and a sink node
t, and each edge has a capacity (integer valued, colored in green) that represents the maximum amount of flow that can
be sent through it. The goal is to find the maximum amount of flow that can be sent from s to ¢, while respecting the
capacity constraints on the edges.

Query Example:

Adjacency Matrix:

o O O
o O =
O O

Source node (zero-indexed): 0

Sink node (zero-indexed): 2

In the query example, the nodes and the adjacency matrix are zero-indexed. You can use networkx to draw the graph.
If you can get the answer, please reply with ANSWER: <your answer>, extract the final answer in FINAL ANSWER:
<final answer> and ends with TERMINATE in the RESULT.

Answer:

Figure A.S5: Prompt for Graph Maxflow task. We follow the similar prompt format to Fu et al., except
prompting the models to solve the maxflow problem.

PROMPT

Given the following FEN of the chess game:

1r1qlrk1/1b2b1Qp/4ppl1B/pplnP3/2pPN3/P1P5/1PB3PP/R4RK1 b - - 0 18

Determine the game’s outcome. Who won: White or Black? Answer (start with ‘"white” or ‘black” or "draw’):

You can draw the chess board using Python given the FEN string. If you can get the answer, please reply with AN-
SWER: <your answer>, extract the final answer in FINAL ANSWER: <final answer> and ends with TERMINATE in
the RESULT.

Answer:

Figure A.6: Prompt for Winner ID task. We follow a similar prompt format to Fu et al., except prompting
the models to analyze the game outcome.
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A.2 Dataset Statistics

Table A.1 and A.2 show the statistics of the datasets we used, including IsoBench Fu et al., BLINK Fu et al.

[2024], MMVP Tong et al. [2024], and V *Bench Wu and Xie [2024].

Dataset size partition representation
Math Parity 383 val code
Math Convexity 255 val code
Graph Maxflow 128 val array
Graph Connectivity | 128 val array
Graph Isomorphism | 128 val array
Winner ID 257 val FEN

Table A.1: IsoBench Fu et al. data statistics.

Dataset size partition input

V *Bench 257 - Single Image
MMVP 300 - Single Image
BLINK Relative Depth 124 val Single Image
BLINK Spatial Relation 143 val Single Image
BLINK Jigsaw Puzzle 150 val Multiple Images
BLINK Visual Correspondence 172 val Multiple Images
BLINK Semantic Correspondence | 139 val Multiple Image

Table A.2: Vision tasks data statistics.

A.3 Costs

The cost of running each task using GPT-4o is in Table A.3.

Dataset tokens per sample GPT-4o0 cost per sample
Math Parity 2994 $0.015
Math Convexity 2211 $0.011
Graph Connectivity 2819 $0.014
Graph Isomorphism 3143 $0.016
V*Bench 26647 $0.133
MMVP 11870 $0.059
BLINK Relative Detph 14078 $0.070
BLINK Spatial Relation 12848 $0.064
BLINK Jigsaw Puzzle 13206 $0.066
BLINK Visual Correspondence 16988 $0.085
BLINK Semantic Correspondence 11508 $0.058

Table A.3: The cost of running Sketchpad on each task.
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Chapter B

Appendix for TIFA: Accurate and
Interpretable Text-to-Image Faithfulness

Evaluation with Question Answering

B.1 Annotation Details
B.1.1 Likert Scale on Text-to-Image Faithfulness
Guidelines The annotation guideline is as follows:

* On a scale of 1-5, score "does the image match the prompt?".

* The ranking of each image given the same text input is important. If you believe the current scoring
criteria cannot reflect your ranking preference, pick scores that are consistent with your ranking. Ties

are allowed.

* To evaluate the generated image, there are two aspects: image quality and text-image match. Here we

only care about text-image match, which is referred to as “faithfulness”.

» There are several kinds of elements in the text: object, attribute, relation, and context. Measure the

consistency by counting how many elements are missed/misrepresented in the generated image.
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* For some elements, e.g. “train conductor’s hat", if you can see there is a hat but not a train conductor’s

hat, consider half of the element is missed/misrepresented in the generated image.

* Objects are the most important elements. If an object is missing, then consider all related attributes,

activity, and attributes missing.

* When you cannot tell what the object/attribute/activity/context is, consider the element missing. (e.g.,

can’t tell if an object is a microwave)

Given the above guideline, suppose the text input contains n elements, and = elements are missed or

misrepresented. 7 and x are all counted by the annotators. The reference scoring guideline is as follows:
* 5: The image perfectly matches the prompt.

e 4: 1 <2and x <n/3. A few elements are missed/misrepresented.

3: min{2,n/3} < x < n/2 elements are missed/misrepresented.
* 2: 2 >n/2. More than half of the elements are missed/misrepresented.

* 1: None of the major objects are correctly presented in the image.

Details We collect 1600 annotations on 800 generated images from 160 text inputs. Each image is
scored by 2 annotators, and we collect the scores from 20 graduate students. We average the scores as
the final faithfulness score of the image. The inter-annotator agreement measured by Krippendorf’s « is
0.67, indicating “substantial” agreement. The images are generated by the five most recent text-to-image
models in our study, including VQ-Diffusion Gu et al. [2021], minDALL-E Kim et al. [2021a], and Stable
Diffusion Saharia et al. [2022] v1.1, v1.5, and v2.1. For each text input, we present the five images together,
making it easier for the annotators to give faithfulness scores that reflect their ranking preference. We will

release the annotation scores on publication.

B.1.2 Human VQA

Guidelines Given an image, a question, and a set of choices, choose the correct choice according to the

image content. There are two types of questions. One has two options: "(A) yes (B) no". Another type of
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question has four choices. We also add the fifth option “None of the above". If you believe none of the four
choices is correct, choose the fifth one. Some images are of low quality. Just select the choice according to
your instinct. For ambiguous cases, for example, the question is “is there a man?", and the image contains a

human but it is unclear whether the human is a man, answer “no".

Details We collect annotations of 1029 questions on 126 generated images. The images are from images
used in the Likert Scale annotation. Each question is answered by two annotators, and we have the same 20
graduate students as the annotators. The inter-annotator agreement measured by Krippendorf’s a is 0.88. A
third annotator is involved if the two annotators disagree. And the final answer is given by the majority vote.

We will release the annotated VQA answers.
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Chapter C
Appendix for NavigationBench

C.1 Simulated user system prompt.

The system prompt is as following. The user_requirement, user_preference, context, and time are from the

task scenario.
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PROMPT

You are simulating a user that is driving on a highway. Now you are chatting with the smart car assistant to add
another stop on the map. You have some requirements and preferences for the stop, and for time and distance
constraints. For time and distance constraints, you may want the stop to be within a certain time or distance from the
current location; Or a stop that adds a certain time or distance detour to the trip; Or a stop that is around a certain time
or distance from the current location.

The requirement you have is: {user_requirement}, all these must be satisfied.
Your preference is: {user_preference}. For these, the more the satisfied, the better.
And here is more context: {context}

The current time is {time}.

Rules:

- Don’t reveal all preferences at once

- be realistic like a real person

- Answer the assistant’s questions.

- Occasionally add new details that seem natural in context

- If the assistant shows you some options, react based on your preferences

- If the assistant says it cannot see information on some of your preferences, skip that preference, like real users.

- Be conversational and natural

- If an option matches your preferences well, show enthusiasm

- You are driving a car, so you can’t see the map. You can only hear the assistant’s message. Also, you can’t say too
much because you are driving. Be succint and natural.

- As a user that is driving, you won’t say too many words. Be realistic and ends the dialogue in 10 turns. It is ok to
relax some preferences.

Recent conversation context will be provided. Respond as this user would.

Figure C.1: System prompt for the simulated user.
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