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Abstract

Multimodal large language models (MLLMs)
are making rapid strides in complex visual rea-
soning. This survey synthesizes the emerg-
ing paradigm of Image-Grounded Chain-of-
Thought (IG-CoT), where models ground in-
termediate inferences by interleaving textual
rationales with visual state updates. We for-
malize IG-CoT, present a method-centric tax-
onomy covering prompting, supervised fine-
tuning, and reinforcement learning, and map
these techniques to representative benchmarks.
Our analysis identifies two domains where
IG-CoT offers significant advantages: detail-
oriented reasoning requiring meticulous per-
ception, and imagined-world reasoning for
simulating unseen states in games, geome-
try, and planning. We discuss the practi-
cal trade-offs of current methods regarding
controllability, data, and compute. We con-
clude by highlighting key challenges (effi-
ciency, data quality, and generative capabili-
ties) and outlining promising future directions,
including lightweight architectures, richer in-
termediate supervision, and method-aware eval-
uations that better assess faithfulness and long-
horizon reasoning. We maintain a continuously
updated paper list at https://github.com/
dddraxxx/Awesome-Image-Grounded-CoT.

1 Introduction

Recent advances in Multimodal Large Language
Models (MLLMs), including LLaVA (Liu et al.,
2023a), the GPT-4 series (OpenAI, 2024, 2025),
and reinforcement-learning paradigms such as
GRPO (Shao et al., 2024b), have shifted visual rea-
soning from tool-calling to end-to-end perception–
reasoning. This has given rise to Image-Grounded
Chain-of-Thought (IG-CoT), where models iter-
atively interleave textual rationales with visually
updated states so that what they “see” continuously
informs what they “think” (Figure 1). We focus
on such MLLM-native approaches, in contrast to

…

Image-Grounded CoT
MLLM

Text-Only CoT
…

…

Figure 1: Image-Grounded Chain-of-Thought (IG-CoT)
versus Text-Only CoT. IG-CoT enables MLLMs to in-
terleave reasoning with visual information for complex
visual tasks like games, scene understanding, abstract
problem-solving, and long-video understanding.

text-centric controllers (e.g., ViperGPT (Surís et al.,
2023)) that reason over extracted text or external
tools.

However, as IG-CoT methods advance, they
face significant challenges: (1) high computa-
tional costs from long, image-heavy reasoning
chains; (2) a scarcity of high-quality data for su-
pervised training; (3) the limited ability of current
MLLMs to generate visual outputs during reason-
ing; and (4) evaluation mismatch: choosing appro-
priate tasks/data to assess IG-CoT; for example, on
knowledge-centric VQA suites, image-grounded
CoT may yield limited gains. While broad surveys
on MLLMs exist (Jiang et al., 2024; Lin et al.,
2025b; Zhou et al., 2025; Lu et al., 2025a), a
dedicated, method-focused analysis is needed to
help researchers navigate these specific problems.
This survey fills that gap by providing a structured
overview of the field. While our focus is image-
grounded reasoning, we also consider temporally
extended visual inputs when visual grounding oc-
curs over frames or segments.

To address these challenges, we make three con-
tributions. First, we propose a method-centric
framework that organizes IG-CoT approaches into
prompting, supervised fine-tuning, and reinforce-
ment learning, clarifying trade-offs in controlla-
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bility, data needs, and compute with an eye to ef-
ficiency and data scarcity. Second, we connect
these methods to representative benchmarks across
detail-oriented and imagined-world reasoning, of-
fering a task-first map for evaluation with a focus
on long-horizon reliability and the axes of detail
grounding and imagination (see Figure 2); we also
highlight when IG-CoT is likely to help, and when
it is not. Finally, we synthesize current limitations
and outline promising directions toward more effi-
cient architectures, richer intermediate supervision,
and method-aware evaluations that better assess
faithfulness and long-horizon reasoning.

Roadmap. Following Figure 2, §2 formalizes IG-
CoT and its scope; §3 surveys methods by training
paradigm (Training-Free, SFT, RL and Hybrids)
and states testable hypotheses; §4 maps methods
to benchmarks across detail-oriented, imagined-
world, video, and general suites; §5 outlines open
challenges. The Appendix documents our selection
protocol and compiles consolidated tables.

2 IG-CoT Definition and Scope

Definition. We scope Image-Grounded Chain-of-
Thought (IG-CoT) to methods where an end-to-end
Multimodal LLM both sees and thinks throughout
the reasoning process, allowing visual content to
directly inform intermediate thoughts.

Terminology. Throughout this survey, we use
visual state updates to denote atomic operations
that modify the visual context (e.g., crops, zooms,
sketches, imagined frames); visual grounding to
denote keeping each reasoning step explicitly tied
to evidence in the current visual state; and inter-
leaved reasoning to denote the iterative alterna-
tion between textual rationales and such visually
grounded updates.

When IG-CoT helps. IG-CoT is most beneficial
in two bands: (i) detail-oriented reasoning requir-
ing precise perception and localization (e.g., fine-
grained VQA, grounding/segmentation, hallucina-
tion checks, OCR/numeracy, long video), where
zoom/crop and frame selection clarify fine details;
and (ii) imagined-world reasoning that demands
simulating unobserved states or rules (e.g., games,
geometry, planning), where imagined or drafted
visuals support multi-step prediction. When visual
drafts are interleaved with text, models tend to be
more faithful and more robust over long horizons.

2.1 Distinguishing from Text-based Visual
Reasoning

Our survey contrasts MLLM-native IG-CoT
with influential text-centric pipelines such as
ViperGPT (Surís et al., 2023), VisProg (Gupta and
Kembhavi, 2023), IdealGPT (You et al., 2023), and
chain-of-thought prompting for knowledge-based
visual reasoning (Chen et al., 2024b). Those sys-
tems follow an LLM-as-controller paradigm: a
text-only LLM decomposes tasks into symbolic
plans (e.g., Python/DSL) for vision tools to ex-
ecute or reasons purely over text extracted from
images. In these pipelines, core reasoning is text-
based and detached from direct visual perception;
images are handled by external modules, and the
reasoner does not perceive during deliberation. By
contrast, MLLM-native IG-CoT tightly couples per-
ception and reasoning, interleaving visual state up-
dates (e.g., cropping, sketching, imagining) with
textual rationales.

3 Methods

We organize IG-CoT methods by how they external-
ize and control intermediate visual states and by the
supervision required to acquire these capabilities.
The decision trade-offs in Table 1 summarize con-
trollability versus supervision/compute footprints
and indicate where families tend to excel.

The methods for enabling Image-Grounded
Chain-of-Thought (IG-CoT) can be broadly clas-
sified into two main categories, as indicated in Ta-
ble 4 (Appendix A.3): training-free approaches
and training-based approaches. This section out-
lines these methodologies, highlighting their core
principles and common techniques.

3.1 Training-Free (Prompting)

Core Idea & Paradigm. As the most direct way
to elicit advanced reasoning, prompting-based IG-
CoT seeks to unlock the latent capabilities of pow-
erful, pre-trained MLLMs without modifying their
weights. The core insight is that by structuring the
inference process as an iterative loop (plan, act with
visual tools, rationalize, and refine), these models
can externalize their thinking process. This ap-
proach is highly flexible and extends naturally to
temporal inputs by adding a preliminary step of cu-
rating key frames or shots (e.g., TCoT/CoS (Arnab
et al., 2025; Hu et al., 2025)), making it a powerful
tool for rapid prototyping and exploring the upper
bounds of existing models.
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Training-Free
(Prompting)

Visual Interaction
Mechanisms

Code-based Edit IoT 2024; VAP 2024;
Visualizing Thought 2025; VoCoT 2024

Predefined Toolset Visual Sketchpad 2024

Rationale Generation
Tool-Coupled Rationale IoT 2024; VAP 2024;

Visual Sketchpad 2024

Attention-Guided Rationale ICoT 2024

Complex Dynamics
Handling

Virtual Scene Editing Autonomous Imagination 2024

Cross-modal Consistency VAP 2024

Tool-Guided Search Mini-o3 2025

Temporal Frame Curation TCoT 2025; CoS 2025; VideoMind 2025

Supervised Fine-Tuning
(SFT)

Data Strategy
Manual/Curated Traces Visual CoT 2024a; VoCoT 2024

Synthetic Generation "Least-to-Most" 2024a; Chain of Images 2023

Model Adaptation

Specialized Output Heads MVoT 2025; CogCoM 2024

Object-centric Bindings
VoCoT 2024

VoCoT 2024

Memory & Attention
Augmentation CMMCoT 2025; Visual CoT 2024a

Role-LoRA Chains VideoMind 2025

Supervision Dynamics Auxiliary Loss MVoT 2025

Reinforcement Learning
(RL) Policy Optimization

Rule-based (GRPO-variant) RAGEN 2025c; Visual Planning 2025b;
VAGEN 2025a; FrameMind 2025; DeepEyes 2025

Preference-based UV-CoT 2025; Ego-R1 2025
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Detail-Oriented

Fine-grained VQA VQAv2 2017; GQA 2019; C-VQA 2017; CLEVR 2017

Visual Grounding CLEVR-Ref+ 2019; EmbSpatial 2024; ST-VQA (grounding) 2019

Hallucination Detection POPE 2023; MM-Vet (consistency) 2023

Specialised Niche

OCR-centric VQA ST-VQA (OCR) 2019; TextVQA 2019; DocVQA 2021

Counting TallyVQA 2019; CLEVR (count) 2017

Image Editing VISPROG 2023; Image-of-Thought (edit) 2024

Imagined-World

Games (Abstract Environments) 4-Room Nav. 1999; Frozen Lake 2016; Sokoban 2018;
Blocksworld 2015; MindGames 2023

Math (Geometry) MathVista 2023; GSM-8K-Images 2024; MathVerse 2024c

Planning Problems Barman 2020; Elevator 2015; Floor Tile 2015; Parking 2015; Tetris 2015; MiniBehavior 2023

General Suites MM-Bench 2023b; MM-Vet 2023; Visual CoT Bench. 2024a;
M3CoT-Bench 2024a; Video-MME 2024; MVBench 2025; MLVU 2025

Video-Context Tasks
Keyframe QA LVBench (TCoT) 2025; OpenEQA (TCoT) 2025; NExT-QA (CoS) 2025

Egocentric Streams EgoSchema (Ego-R1) 2025; EgoLifeQA (Ego-R1) 2025; Ego-R1 Bench 2025

Figure 2: Taxonomies of Image-Grounded Chain-of-Thought (IG-CoT). Top: A method-centric view organizing
approaches by training paradigm. Video-compatible methods appear in blue. Bottom: A task-centric view
categorizing problems by their core reasoning demands.

Key Designs & Mechanisms. The design of
prompting methods centers on three core compo-
nents that directly mirror our taxonomy: (1) Vi-
sual Interaction Mechanisms, which define how
the model “sees” and manipulates visual infor-
mation. A key trend is the move toward richer
“visual scratchpads,” from code-based generation
(VAP (Xiao et al., 2024)) and free-form draw-
ing (VISUAL SKETCHPAD (Hu et al., 2024)) to
lightweight attention-based cropping (ICOT (Gao
et al., 2024)) and hierarchical agentic context man-
agement (HVA (Dong et al., 2026a)); (2) Ratio-
nale Generation, where the MLLM justifies its
actions, either coupled with tool use or guided
by internal attention; and (3) Complex Dynam-
ics Handling, where techniques like virtual scene

editing (AUTONOMOUS IMAGINATION (Liu et al.,
2024)) or cross-modal consistency checks (Xiao
et al., 2024) manage state changes over time.

Performance & Promise. Empirical results in-
dicate that giving models a way to “see” their
own intermediate reasoning can yield substantial
gains: IMAGE-OF-THOUGHT (Zhou et al., 2024)
improves GPT-4o scores on MME by over 100
points, and VISUAL SKETCHPAD (Hu et al., 2024)
reports state-of-the-art results on challenging ge-
ometry and visual reasoning benchmarks. This
underscores a critical insight: externalizing the rea-
soning process into a sequence of visual states is
a powerful paradigm for improving both perfor-
mance and faithfulness, as it allows the model to
iteratively ground, correct, and build upon its own
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Method Type Reasoning
Length

Control Modality Controllability Train Data
Size (k)

Compute
(GPU-h)

Video
Ready

Detail
Bench

Imagined
Bench

2024 VAP Prompting M Code-generated H – – ✗ – ✓

2024 Image-of-Thought Prompting M Image transforms M – – ✗ ✓ –
2024 Visual Sketchpad Prompting M Model-generated H – – ✗ ✓ ✓

2024b Mind’s Eye Prompting H ASCII grids L – – ✗ – ✓

2024 ICoT Prompting L Attention crops L – – ✗ ✓ –
2024 Auto. Imagination Prompting H Model-generated H – – ✗ ✓ ✓

2025 Visualizing Thought Prompting H Code-generated M – – ✗ – ✓

2025a ItS-CoMT Prompting L Model-generated H – – ✗ ✓ ✓

2025b VisuoThink Prompting H Model-generated H – – ✗ ✓ ✓

2025 Temporal CoT Prompting H Frame crops M – – ✓ – ✓

2023 Chain of Images SFT M SVG code H - - ✗ – ✓

2024a Visual CoT SFT M Zoom crops M 438 ≥400 ✗ ✓ –
2024 VoCoT SFT M Token chunks M 80 720 ✗ ✓ –
2024 CogCoM SFT M Zoom crops M 40,000 102,144 ✗ ✓ –
2024a Least-to-Most SFT M Zoom/OCR M 50 9 ✗ ✓ –
2024 V* Guided Search SFT M Zoom/Detector M 387 - ✗ ✓ –
2025 MVoT SFT H Fixed Tokens H 17 - ✗ – ✓

2025 CMMCoT SFT M Token chunks M 260 - ✗ ✓ –
2025 VideoMind SFT H Frame/Zoom crops M - - ✓ ✓ ✓

2025a VAGEN RL M Sim. grids L - - ✗ – ✓

2025b Visual Planning SFT + RL L Model-generated H - - ✗ – ✓

2025c RAGEN RL M ASCII grids L - - ✗ – ✓

2025 UV-CoT RL L Zoom crops M 249(DPO) ≥480 ✗ ✓ –
2025 FrameMind RL H Retrieved clips M - - ✓ – ✓

2025 Ego-R1 SFT+RL H Frame/Zoom crops H 25(SFT)+4.4(RL) - ✓ ✓ ✓

2025 DeepEyes RL L Zoom crops M 47(RL) - ✗ ✓ –
2025 Mini-o3 SFT+RL H Zoom crops M 6(SFT)+12(RL) - ✓ ✓ –

Table 1: Trade-off comparison of representative Image-Grounded Chain-of-Thought methods. H/M/Ldenote
high/medium/low reasoning length (L is 1-2 steps, M is 3-4 steps, H is 5+ steps) or controllability. Benchmark
columns tick domains where the method reports gains; “–” indicates training-free methods without reported data or
compute, or stats unreported. Train data size (in thousands of examples) is shown where applicable.

thoughts.

Challenges & Trade-offs. The flexibility of
prompting comes at a cost, trading training-time
supervision for significant inference-time compute
and engineering overhead. The core tension is be-
tween controllability and cost. High-fidelity gen-
erated drafts offer maximum control but are slow
and token-intensive, directly impacting efficiency.
This “pay-at-inference” model also makes prompt-
ing susceptible to common failure modes like tool
hallucination and semantic drift in long chains. The
complexity is thus shifted from model training to
sophisticated prompt and tool engineering, a direct
response to the data-scarcity problem that nonethe-
less introduces its own challenges in scalability and
robustness.

3.2 Training-Based Methods

Training-based methods involve fine-tuning or fur-
ther training LMMs on specialized datasets to ex-
plicitly instill IG-CoT abilities. These methods
typically fall under Supervised Fine-Tuning (SFT)
or Reinforcement Learning (RL).

3.2.1 Supervised Fine-Tuning (SFT)

Core Idea & Paradigm. Whereas prompting elic-
its latent skills, SFT aims to internalize them: mov-
ing IG-CoT from an emergent, prompt-dependent
capability to a reliable, intrinsic behavior. By train-
ing models on high-quality demonstrations, SFT
teaches them to autonomously generate visually
grounded reasoning steps. This paradigm is partic-
ularly effective for creating specialized models that
excel at specific, well-defined reasoning patterns,
including those that unfold over time, where super-
vision can be augmented with frame selections or
specialized modules to manage temporal context
(e.g., VIDEOMIND (Liu et al., 2025)).
Key Designs & Mechanisms. Success in SFT is
driven by three key factors, as outlined in our tax-
onomy: (1) Data Strategy, which is paramount.
The field is exploring a spectrum from expen-
sive, high-quality manual traces (Visual CoT (Shao
et al., 2024a)) to scalable synthetic data (“Least-to-
Most” (Cheng et al., 2024a)); (2) Model Adapta-
tion, where architectures are augmented with spe-
cialized heads for drawing (MVoT (Li et al., 2025)),
object-centric bindings (VoCoT (Li et al., 2024)), or
explicit memory modules (CMMCoT (Zhang et al.,
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2025)); and (3) Supervision Dynamics, which typ-
ically rely on a primary cross-entropy loss, some-
times augmented with auxiliary losses to guide
intermediate steps.
Performance & Promise. SFT has proven highly
effective, consistently delivering substantial, often
double-digit, accuracy gains and pushing the state
of the art. CogCoM (17B) (Qi et al., 2024) reports
strong GQA (71.7%) and ST-VQA (71.1%) results
as a generalist model, and VoCoT (7B) (Li et al.,
2024) surpasses GPT-4V on complex visual reason-
ing. The key insight from these successes is that
forcing models to “show their work” by supervis-
ing intermediate visual steps leads to significant
improvements in both final accuracy and the faith-
fulness of the reasoning process. This highlights
the immense value of grounded intermediate super-
vision.
Challenges & Trade-offs. The predominant chal-
lenge for SFT is the data-quality bottleneck, mak-
ing it a direct but costly answer to the data-scarcity
problem. The high cost of manual annotation and
the large compute budget required for training cre-
ate a core trade-off between annotation expense and
model capability. SFT also trades the fine-grained
controllability of prompting for more autonomous,
baked-in behaviors, which can be less flexible if
the training data does not cover a sufficiently di-
verse set of reasoning patterns. While synthetic
data improves scalability, it risks teaching models
superficial logic, failing to solve the core need for
high-quality reasoning traces.

3.2.2 Reinforcement Learning and Hybrids
Core Idea & Paradigm. RL represents a paradigm
shift from imitation to discovery. Instead of being
taught how to reason, the MLLM agent learns to
generate effective IG-CoT strategies by optimizing
a policy to achieve a goal in a rule-based environ-
ment. This makes RL ideal for tasks where the
optimal reasoning path is unknown, but success is
clearly definable, such as puzzles, games, or mathe-
matical proofs. The recent advent of GRPO (Shao
et al., 2024b), a simple and stable gradient-free
algorithm, has significantly lowered the barrier to
entry and is fueling a surge of interest in RL for
IG-CoT. Recent methods span pure-RL pipelines
and hybrids (SFT+RL), where the model is first
trained with supervised fine-tuning to bootstrap a
usable policy and then further optimized with RL.
We treat both together in this subsection.
Key Designs & Mechanisms. In RL, the central

design challenges revolve around two components:
(1) Reward Design, which is critical for guiding
the model’s exploration and can be sparse (final
outcome only) or dense (rewarding intermediate
progress); and (2) Policy Optimization, where the
stability and simplicity of GRPO and its variants
have made them the de facto standard in recent
work, often augmented with retrieval-based loops
for temporal tasks.
Performance & Promise. When a good re-
ward signal is available, RL can deliver remark-
able performance gains, enabling models to dis-
cover non-obvious strategies. For example, Vi-
sual Planning (Xu et al., 2025b) uses visual-only
steps to reach 74.5% exact-match on small Mazes
(3×3–6×6) and 91.6% on FrozenLake, substan-
tially above text-only baselines. Furthermore, RL
can be highly data-efficient in terms of human la-
bels; UV-CoT (Zhao et al., 2025) uses fully unsu-
pervised score-DPO and improves over a strong
supervised baseline on six visual-reasoning bench-
marks without any human-labeled bounding-box
traces, offering a compelling answer to the data-
scarcity challenge. This showcases RL’s promise
for teaching models to plan and strategize visually.
Challenges & Trade-offs. The power of RL is
balanced by its significant practical challenges.
The core trade-off is between flexibility and sta-
bility. While RL offers the highest potential for
autonomous discovery, this comes at the cost of
low user controllability and immense compute de-
mands for training, which impacts its overall effi-
ciency. RL methods are notoriously unstable and
sample-inefficient, which has largely confined their
application to “toy-scale” digital worlds with short
horizons. The key open research question is how
to bridge the gap from these simple, rule-based en-
vironments to complex, open-ended tasks. Until
then, the promise of RL for general-purpose IG-
CoT remains compelling but largely unrealized.

A detailed side-by-side comparison of eight RL
and SFT+RL hybrid methods along reward de-
sign, sample efficiency and scale, training stabil-
ity, and recurring failure modes is deferred to Ap-
pendix A.2 (Table 3); the high-level takeaway is
captured by Hypothesis H3 in §3.4.

3.3 Cross-cutting Design Patterns
Three design patterns recur across families. First,
light-weight verification (self-alignment checks on
caption–plan conflict, visual–text consistency au-
dits, evaluator-in-the-loop preferences) consistently
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improves robustness. Second, the choice of vi-
sual draft (code/ASCII diagrams for higher con-
trol and lower cost versus free-drawn or intrin-
sic manipulations for higher fidelity but higher
token/latency cost) should match task demands
and budget. Third, the same patterns lift to video
via frame/shot selection (TCoT/CoS (Arnab et al.,
2025; Hu et al., 2025)), role-structured adapters
(VIDEOMIND (Liu et al., 2025)), or agentic re-
trieval (FRAMEMIND/EGO-R1 (Ge et al., 2025;
Tian et al., 2025)), where controlling turn budgets
and retrieval granularity is key to stability and cost.

3.4 Emerging Patterns and Testable
Hypotheses

Across the three families surveyed above, several
cross-paper regularities recur about when IG-CoT
helps, how, and at what cost. We extract these
regularities as three falsifiable hypotheses, each
tied directly to evidence already compiled in our
method and benchmark tables.
H1: Visual intermediates improve accuracy and
faithfulness. For detail-oriented and imagined-
world tasks with strong visual signal, methods
that externalize intermediate visual states (crops,
sketches, imagined frames) yield higher accuracy
and faithfulness than text-only chain-of-thought
at a fixed backbone and data budget. Image-of-
Thought (Zhou et al., 2024) reports a >100-point
MME boost for GPT-4o by introducing explicit
image-of-thought intermediates; Visual Sketch-
pad (Hu et al., 2024) attains 80.3% on V*Bench
by iteratively sketching visual reasoning steps; Vi-
sual CoT (Shao et al., 2024a) delivers consistent
gains over its SFT baseline on its dedicated bench-
mark by supervising bounding-box “thoughts”; and
CogCoM (17B) (Qi et al., 2024) reaches 71.7% on
GQA and 71.1% on ST-VQA through explicit, step-
wise visual grounding.
H2: Step-wise visual verification reduces halluci-
nation and shortcutting. Incorporating step-wise
verification mechanisms (caption–plan consistency
checks, step–image alignment probes, trace per-
turbation, evaluator-in-the-loop preferences) sys-
tematically reduces hallucination and shortcutting
relative to unverified IG-CoT and text-only CoT.
Methods that redraw or revise when visual and tex-
tual plans conflict (e.g., VAP (Xiao et al., 2024))
report improved robustness on POPE (Li et al.,
2023) and MM-Vet (Yu et al., 2023) consistency
subsets, and our evaluation recommendations in
Section 5 emphasize step–image alignment scores,

counterfactual sensitivity, and trace-perturbation
tests as diagnostic tools.
H3: RL-based IG-CoT is powerful but cur-
rently confined to small, rule-based environ-
ments. Reinforcement-learning-based IG-CoT ex-
cels in small, rule-based environments with short
horizons, but has not yet robustly transferred to
long-horizon, open-world tasks due to stability
and sample-efficiency limitations. Visual Plan-
ning (Xu et al., 2025b) reaches 74.5% exact-
match on small 3×3–6×6 Mazes using visual-only
steps, and VAGEN (Wang et al., 2025a) and RA-
GEN (Wang et al., 2025c) show clear gains on
Sokoban and FrozenLake in small rule-based en-
vironments. All of these gains are obtained in
constrained, simulator-backed settings with well-
defined rewards and short episodes; in contrast, per-
formance on broader suites such as VSP (Wu et al.,
2024a) and M3CoT-Bench (Chen et al., 2024a) re-
mains low. The RL/hybrid comparison in Table 3
further shows that these methods rely on compos-
ite rewards and substantial SFT initialization, and
share recurring failure modes (reward hacking, en-
tropy collapse, tool misuse).

4 Evaluation and Benchmarks

As IG-CoT methods mature, evaluation must
evolve from task-specific leaderboards to a more
nuanced, method-aware analysis that diagnoses
how models reason. This section connects our
method taxonomy back to the core reasoning do-
mains identified in the introduction: detail-oriented
and imagined-world problems. We argue that ro-
bust evaluation requires not just measuring final
accuracy, but also assessing the faithfulness and
efficiency of the reasoning process itself, directly
addressing the evaluation mismatch and compu-
tational cost challenges. Detailed benchmark sum-
maries are in Table 2.

4.1 Evaluating Image-Grounded,
Detail–Oriented Reasoning

This domain directly tests the “meticulous percep-
tion” central to IG-CoT, a core theme of our survey.
Success here demonstrates that a model’s reason-
ing is genuinely grounded in visual evidence, rather
than relying on textual shortcuts.

Fine-grained Visual Question Answering
(VQA) benchmarks like VQAv2 (Goyal et al.,
2017), GQA (Hudson and Manning, 2019), and
the synthetic CLEVR (Johnson et al., 2017) are
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Benchmark Type Key Metrics Depth (steps) # Samples Reported Accuracy

Gemini-1.5 GPT-4o

SpatialEval (2024) Detail-oriented Facet-wise acc. < 3 13.9k items 40% 64.5%
VisuLogic (2025a) Detail-oriented Overall & per-category acc. < 3 1k Qs — —
MathVista (2023) Detail-oriented Exact-match acc. (leaderboard) < 3 6.1k problems 63.9% 63.8%
V∗Bench (2024) Detail-oriented Attr. acc.; spatial acc.; overall acc. < 3 191 QA — 80.3%
MageBench (2024b) Imagined-world Scenario success; best-of-N > 5 483 scenarios 48.3% 48.6%
VSP (2024a) Imagined-world Plan success; percept./reason. acc. > 5 10 subtasks 63% 72%
ING-VP (2024a) Imagined-world Level-clear acc.; win-rate > 20 6 games, 300 levels 1.1% 2.8%
Sokoban (2018) Imagined-world Plan success > 5 50 maps — —
Blocksworld (IPC-7) (2015) Imagined-world Plan success > 5 30 tasks — —
MiniBEHAVIOR (2023) Imagined-world Goal success > 5 100 scenarios — —
EgoSchema (2025) Egocentric Streams MC QA accuracy shot loop (≈10) 5k clips -
LVBench (2025) Keyframe QA MC QA accuracy (long videos) keyframe loop (≈12) 240 clips 54.1% —
NExT-QA (2025) Keyframe QA MC QA accuracy shot loop (≈8) 5.4k clips - 66.1%
OpenEQA (2025) Keyframe QA 0–100 rating keyframe loop (≈14) 1k trajectories 71.6 (TCoT) —
Video-MME (Long) (2024) General suite Holistic score (long-form) keyframe loop (≈15) 36 long videos - 67.4% (o3)
MLVU (2025) General suite Composite score (M-Avg) multi-turn (>12) 200 tasks - —
MVBench (2025) General suite Overall score shot loop (≈9) 200 videos - 45.5%
CoMT (2024b) General suite Answer acc.; rationale quality ≈ 8 3.9k Qs, 14.8k imgs — —
Visual CoT (2024a) General suite Answer acc.; box-IoU (visual) > 3 438k QA pairs — —
M3CoT (2024a) General suite Answer acc.; step-counts 6–15 11.5k Qs, 11.3k imgs — —
MMBench (2023b) General suite Multiple-choice acc. < 3 2 974 Q 77.1% 81.8%
MM-Vet v2 (2023) General suite Overall acc. < 3 218 QA — 71.0%

Table 2: Vision-language reasoning benchmarks benefited from IG-CoT methods, with their category, reasoning-
depth, dataset size, and the latest publicly reported baselines from Gemini-1.5 and GPT-4o (“—” = not reported as
of 20 May 2025).

foundational for assessing compositional reason-
ing (understanding objects, attributes, and rela-
tionships). CLEVR tests pure logic on simple
shapes, while VQAv2/GQA use real-world images
for more complex, common-sense relational ques-
tions. SFT approaches like VoCoT (Li et al., 2024)
(object-centric embeddings) and Visual CoT (Shao
et al., 2024a) (bounding-box “thoughts”) excel by
explicitly grounding steps; CogCoM (Qi et al.,
2024) (17B) reports 71.7% on GQA as a gener-
alist. Prompting (e.g., IoT (Zhou et al., 2024)) and
data synthesis (Least-to-Most (Cheng et al., 2024a),
small but consistent GQA gains over SFT base-
lines) also help, with UV-CoT (Zhao et al., 2025)
and tool-supervised RL (Dong et al., 2026c) show-
ing RL’s utility. However, complex compositional
questions in real-world VQA needing multi-step
deep reasoning or robust common sense remain
challenging.

Visual Grounding and Segmentation tasks, on
benchmarks like CLEVR-Ref+ (Liu et al., 2019)
and EmbSpatial (Du et al., 2024), demand precise
localization of referred entities; recent work applies
IG-CoT directly to referring expressions (Dong
et al., 2025, 2026b). Success on these benchmarks
is a direct measure of a model’s ability to create
a tight link between language and specific image
regions, a foundational skill for faithful IG-CoT.

Hallucination Detection and Consistency
Checking, using benchmarks like POPE (Li et al.,
2023) and MM-Vet (Yu et al., 2023)’s consistency
subset, focus on faithfulness. These are critical for

verifying that IG-CoT chains are not just plausi-
ble but correct, ensuring that the move to MLLM-
native reasoning yields more trustworthy and veri-
fiable outputs than older, text-centric pipelines.

Specialised Niche Reasoning includes: OCR-
centric VQA (e.g., ST-VQA (Biten et al., 2019),
TextVQA (Singh et al., 2019)), where CogCoM (Qi
et al., 2024) reports 71.1% on ST-VQA and 84.0%
on TallyQA-simple; Counting and Numeracy (e.g.,
TallyVQA (Acharya et al., 2019)); and Image Edit-
ing/Program Synthesis (e.g., VISPROG (Gupta and
Kembhavi, 2023)’s Twitter-Memes). These spe-
cialized areas often require dedicated architectural
components or training strategies, and robust per-
formance across all niches is still developing.

4.2 Evaluating Imagined-World Reasoning

This domain tests the ability to “simulate unseen
states,” a key advantage of IG-CoT for tasks requir-
ing forecasting or abstract thought.

Games (Abstract Environments) like
Mazes (Xu et al., 2025b), Sokoban (Schrader,
2018), Frozen Lake (Brockman et al., 2016), and
Blocksworld (López et al., 2015) test planning,
prediction, and understanding of dynamics,
ranging from simple grid navigation to complex
stateful planning often requiring long-horizon
reasoning. RL methods show significant promise:
VAGEN (Wang et al., 2025a) improves success
rates on Sokoban and FrozenLake; RAGEN (Wang
et al., 2025c) stabilizes multi-turn RL; Visual
Planning (Xu et al., 2025b) reaches 74.5% exact-
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match on small 3×3–6×6 Mazes with visual-only
steps. SFT methods like MVoT (Li et al., 2025)
(intermediate “imagination” images, e.g., +7.7 pp
over Direct on FrozenLake) and prompting with
visual intermediate states (Mind’s Eye (Wu et al.,
2024b), Visualizing Thought (Borazjanizadeh
et al., 2025) boosting GPT-4o Blocksworld
accuracy from 35.5% to 90.2%) also yield gains.
However, many complex PDDL domains or
games with intricate rules are far from solved.
RL methods often struggle with stability/sample
efficiency, and the VSP benchmark (Wu et al.,
2024a) (most VLMs ≤32% success) highlights
a persistent perception-reasoning gap. Reported
settings commonly use small grids (3×3–5×5) or
moderate mazes (up to 32×32) and short episodes,
which should be considered when interpreting
gains.

Math (Geometry) problems, on benchmarks
like MathVista (Lu et al., 2023), require integrat-
ing visual perception with mathematical reasoning
from diagrams, often involving multi-step calcu-
lations. Prompting methods allowing externalized
thought via sketches (Visual Sketchpad (Hu et al.,
2024), SOTA on V∗Bench 80.3%; VAP (Xiao et al.,
2024); VisuoThink (Wang et al., 2025b), multi-
modal tree search with visual tool use) are partic-
ularly effective. SFT methods like Chain of Im-
ages (Meng et al., 2023) (generating intermediate
image sequences) also help. Robustly translating
complex visual information from noisy/ambiguous
diagrams into solvable mathematical formalisms
remains challenging, as seen on MathVista.

Planning Problems, including PDDL-based
planning sets and embodied navigation (e.g.,
MiniBehavior (Jin et al., 2023)), assess long-
horizon reasoning in structured environments de-
manding abstract state representation and multi-
step action sequencing. Visualizing Thought (Bo-
razjanizadeh et al., 2025) shows strong PDDL per-
formance, while MVoT (Li et al., 2025) and Visual
Planning (Xu et al., 2025b) address MiniBehav-
ior. These domains are generally very challenging,
especially for complex PDDL problems requiring
deep search or embodied tasks with rich sensory
input and long completion times.

4.3 Evaluating Video-Context Reasoning
Video extends IG-CoT’s challenges over time, mak-
ing the computational cost of processing long se-
quences a primary concern. Methods are often
distinguished by their strategy for managing this

complexity. Training-free approaches like TCoT
and CoS (Arnab et al., 2025; Hu et al., 2025) man-
age cost by first selecting salient frames, evalu-
ated on QA over keyframes (LVBench, NExT-QA).
Broader suites like Video-MME (Gemini Team,
2024) and MVBench (Hu et al., 2025) test a wider
range of temporal skills. Egocentric video (e.g.,
EgoSchema, evaluated by Ego-R1 (Tian et al.,
2025)) pushes these limits further. Effective eval-
uation in this space must report not just accuracy
but also efficiency metrics like token budgets and
retrieval costs, which are the primary trade-offs.

4.4 Evaluating General Multimodal
Competence Suites

Comprehensive benchmarks like MM-Bench (Liu
et al., 2023b), MM-Vet (Yu et al., 2023), the Vi-
sual CoT Benchmark (Shao et al., 2024a), and
M3CoT-Bench (Chen et al., 2024a) provide a broad
assessment of multimodal reasoning from basic
perception to complex reasoning. IG-CoT meth-
ods generally improve performance: IoT (Zhou
et al., 2024) delivers a >100-point MME boost on
GPT-4o; the specialized Visual CoT model (Shao
et al., 2024a) delivers consistent gains over its SFT
baseline; CMMCoT (Zhang et al., 2025) lifts multi-
image QA scores over strong Qwen2-VL/Qwen2.5-
VL baselines by a few points on average. Many
benchmarks (e.g., M3CoT) reveal that reasoning
with depths >10 steps or across multiple images is
still a frontier, and VSP (Wu et al., 2024a) also indi-
cates that complex spatial planning with perception
is far from solved even with SFT.

In summary, while IG-CoT methods excel on
many benchmarks, they face persistent challenges
in long-horizon planning, robust reasoning in com-
plex or noisy environments, achieving true faithful-
ness, and managing the computational cost of multi-
step visual grounding. Evolving benchmarks are
increasingly highlighting these limitations, guiding
research towards more robust and reliable systems.

5 Future Directions

Looking ahead, we highlight three thrusts likely to
advance Image-Grounded Chain-of-Thought (IG-
CoT) reasoning: (i) core architectural and repre-
sentational advances; (ii) data- and environment-
centric methodology; and (iii) evaluation and trust-
worthiness.
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5.1 Core Architectural and Representational
Advances

Multimodal Generative Reasoning: A central di-
rection is to move from interpreting to deliberately
generating visual state during reasoning. Two com-
plementary paths are promising: (1) tighter, pro-
grammable control over external visual tools for
drawing, diagramming, and transformation (e.g.,
Visual Sketchpad (Hu et al., 2024)); and (2) intrin-
sic visual generative capabilities that let models
synthesize, edit, and carry visual state internally
across steps. Key questions include how to repre-
sent intermediate visuals (e.g., vector primitives,
sketches, or latent feature maps (Lu et al., 2025b)),
how to control them (programmatic APIs versus
natural-language interfaces), and how to bound
cost. Hybrid designs that combine lightweight,
compositional internal representations with on-
demand tool calls for high-fidelity renders may
strike a favorable balance among fidelity, controlla-
bility, and efficiency.
Efficient and Scalable IG-CoT Architectures: It-
erative, image-heavy chains stress both memory
and latency. Promising directions include cross-
step attention/key-value reuse and token caching;
selective re-encoding with state compression or
sketch-like summaries; hierarchical visual mem-
ories that store and retrieve intermediate states;
dynamic-resolution processing (image pyramids,
learned cropping/zoom) and visual token routing;
and modular designs that disentangle perception
from symbolic reasoning while enabling shared
state. Reporting and optimizing for end-to-end
efficiency metrics (tokens, tool calls, wall-clock
latency) should be first-class concerns alongside
accuracy.

5.2 Data-centric and Environment-centric
Innovations

Advanced Data Creation and Augmentation
Strategies: Datasets should require stepwise visual
grounding and resist shortcutting. Useful tactics in-
clude counterfactuals and perturbations that break
text-only heuristics, partial-evidence settings that
compel visual inspection, and chain-level supervi-
sion with stepwise critiques or preferences. Pro-
grammatic synthesis can provide breadth while pre-
serving structure, and solver- or simulator-backed
pipelines can bootstrap high-quality traces.
Embodied AI and Interactive Long-Horizon
Reasoning: Extending IG-CoT to embodied agents

introduces partial observability, action-conditioned
perception, and long-horizon memory. Agents
must perceive, act, and update visual state over
time, learning when to retrieve, compress, or re-
fresh context. Progress on settings like MiniBehav-
ior (Jin et al., 2023), complex games, and robotics
will hinge on budgeted retrieval policies, segment-
or episode-level memory, and safety-aware evalua-
tion.

5.3 Evaluation, Trustworthiness, and
Foundational Understanding

Comprehensive Benchmarking and Evaluation:
Evaluation should move beyond final accuracy to
assess faithfulness, robustness, and cost. Standard-
ized reporting should include chain length, images
processed, tool calls, tokens, and wall-clock time.
Faithfulness can be probed via step–image align-
ment checks, counterfactual sensitivity, and trace-
perturbation tests that detect shortcutting. Robust-
ness analyses should vary retrieval granularity and
budget constraints (turns/tokens) for both images
and video. Releasing prompts, seeds, and evalua-
tor configurations will improve reproducibility and
comparability across methods.

6 Conclusion

This survey provided a structured overview of
Image-Grounded Chain-of-Thought (IG-CoT), a
rapidly evolving paradigm for Multimodal LLMs.
We introduced a dual taxonomy, categorizing meth-
ods by their training paradigm (prompting, SFT,
and RL) and mapping them to two core reason-
ing domains: detail-oriented and imagined-world
tasks. Our analysis illuminated the fundamental
trade-offs between these approaches, weighing the
flexibility of prompting against its inference costs,
the reliability of SFT against its data bottleneck,
and the discovery potential of RL against its com-
putational demands. We underscored the critical
need for evaluation to evolve beyond final accu-
racy, advocating for faithfulness and efficiency. By
synthesizing current methods and identifying key
challenges, we outlined a forward-looking research
agenda aimed at developing better IG-CoT models.

7 Role of LLMs in Aiding Writing

LLMs assisted with drafting and polishing prose;
the authors directed content, designed the frame-
work, and validated all technical claims.
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8 Ethical Statement

This survey of Image-Grounded Chain-of-Thought
(IG-CoT) reasoning in Multimodal Large Language
Models (MLLMs) raises important ethical consid-
erations. As MLLMs improve at visual reasoning,
risks include perpetuating biases, generating mis-
leading content, and potential misuse in sensitive
applications. We urge the community to prioritize
fairness, transparency, and accountability, includ-
ing bias auditing, explainability, and responsible
deployment. The authors are committed to promot-
ing ethical progress in this field.

Limitations

This survey offers an overview of Image-Grounded
Chain-of-Thought (IG-CoT) reasoning within Mul-
timodal Large Language Models. However, read-
ers should consider several inherent limitations.
First, the rapid pace of advancements in this do-
main means that, despite diligent efforts to include
current research, some very recent breakthroughs
might not be covered. Second, space considerations
necessitate a concise presentation of the surveyed
methodologies, precluding exhaustive technical dis-
cussions for every approach, which may affect the
depth of detail for some readers. Our review pre-
dominantly covers literature from the past three
years, drawing mainly from prominent AI and NLP
conference proceedings (such as ACL, EMNLP,
CVPR, NeurIPS, ICLR) and arXiv pre-prints; ongo-
ing work will aim to track these venues for emerg-
ing contributions. Furthermore, the analyses and
forward-looking statements herein are primarily
informed by the empirical results and discussions
within the reviewed papers. While this approach
offers a solid foundation, it might not encompass
every subtlety of the challenges discussed. Finally,
as with any comprehensive review, the perspectives
and conclusions presented reflect our interpretation
of the field, and alternative viewpoints may exist.
Notwithstanding these constraints, we are confident
that this work furnishes a useful and broad perspec-
tive on the current landscape of IG-CoT reasoning
in MLLMs. In particular for RL-based IG-CoT,
most evidence comes from small, rule-based en-
vironments with short horizons; training remains
compute-intensive and unstable, and generalization
to larger, out-of-distribution tasks is not yet well
established.
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A Appendix

A.1 Selection Protocol

We document the protocol used to compile the pa-
pers surveyed in this work so that readers and fu-
ture updates can replicate or extend our coverage.
Time window. Because Image-Grounded Chain-of-
Thought is a recent development, we restrict the
survey to papers published in roughly the last two
years (after the original Chain-of-Thought paper),
supplemented by a handful of foundational earlier
works cited for context. Sources. We identify candi-
date papers through keyword search on arXiv and
in major AI/NLP/vision venues (ACL, EMNLP,
NAACL, CVPR, ICCV, ECCV, NeurIPS, ICLR),
and we expand the pool through backward and for-
ward citation tracking from a seed set of prompting,
SFT, and RL-based IG-CoT papers. Inclusion cri-
teria. We include a paper if it follows our IG-CoT
definition (Section 2): an end-to-end Multimodal
LLM that iteratively interleaves textual rationales
with visually updated states so that what the model
“sees” continuously informs what it “thinks.” Ex-
clusion criteria. We exclude LLM-as-controller
and purely text-centric pipelines in which visual
content is reduced to captions or tool outputs be-
fore reasoning (e.g., ViperGPT (Surís et al., 2023),
VisProg (Gupta and Kembhavi, 2023)), and we ex-
clude methods that rely only on a single forward
pass over the image without any intermediate visual
state update. The originating paper and base model
for each surveyed method are annotated in Table 1
in the main text and Table 4 in this appendix.

A.2 RL and Hybrid IG-CoT Comparison

Table 3 gives the full side-by-side comparison
of RL and hybrid IG-CoT methods referenced
in §3.2.2. For each method we report the train-
ing paradigm (pure-RL variants of PPO / GRPO /
StarPO, or SFT+RL hybrids), the reward design de-
composed into base task reward, auxiliary shaping
signals, and regularization terms, the approximate
scale and sample efficiency of reported training
runs, a qualitative stability label, and recurring fail-
ure modes or limits reported in the original papers.

Two patterns stand out. First, almost all en-
tries rely on composite rewards: a task-outcome
base reward is augmented with substantial shaping
(progress maps, format / tool-usage / exploration
bonuses, step-wise preferences) and regularization
(KL, clipping, invalid-action or over-turn mask-
ing); pure task reward is rarely sufficient for stable

IG-CoT training. Second, the strongest and most
stable gains appear in small, simulator-backed,
short-horizon environments (grid mazes, Sokoban,
FrozenLake), while performance in long-video rea-
soning, DocVQA-style layouts, and long-horizon
visual search depends heavily on SFT initializa-
tion and careful masking. Recurring failure modes
(reward hacking, entropy collapse or “echo trap,”
tool misuse, and degradation without exploration
or turn-limit shaping) echo across otherwise quite
different pipelines. These patterns directly sup-
port Hypothesis H3 in §3.4: RL-based IG-CoT
is currently most effective in constrained settings
and has not yet robustly transferred to open-world,
long-horizon tasks.

A.3 Surveyed IG-CoT Methods
Table 4 enumerates the representative IG-CoT pa-
pers we review, capturing their training paradigms,
base models, data sources, and reported bench-
marks.

45068



Method Paradigm Reward Design Scale / Sample Eff. Stability Key Failures / Limits

VAGEN (Wang et al., 2025a) PPO (Bi-Level GAE) Base: env task reward.
Shaping: dense world-
modeling (LLM judge)
+ format. Reg: KL + Bi-
Level GAE credit.

Low eff.: ∼30–40
H100 h/env on small
grids (Sokoban, Frozen-
Lake, ManiSkill);
∼10 h for SVG; 3B
VLM.

Moderate: VAGEN-Full
stable, but Bi-Level
GAE alone brittle under
sparse rewards.

Response convergence
(low-entropy templates)
and reward hacking
when rewards are sparse
or misaligned.

Visual Planning (Xu et al., 2025b) SFT+GRPO Base: env task reward.
Shaping: parser-based
progress + progress map.
Reg: invalid-action
penalties + KL.

Med eff.: 10 SFT + 10
RL epochs on small
grid nav (FrozenLake,
Maze, MiniBehavior)
with 8×A100 (LoRA).

Stable: smooth GRPO
curves with KL; consis-
tent gains over VPFT /
text-SFT.

Residual invalid actions;
heavy reliance on hand-
crafted parser / progress
map limits generaliza-
tion.

RAGEN (Wang et al., 2025c) StarPO Base: env reward. Shap-
ing: reasoning-aware
trajectory weighting.
Reg: format penalty +
PPO/GRPO clipping.

Low eff.: 100–200
rollout–update iters with
8×16 rollouts, ≤5 turns
/ 10 actions; 0.5B–3B
Qwen.

Moderate: vanilla
PPO/GRPO can col-
lapse; StarPO-S filtering
/ critic / clipping im-
proves stability.

“Echo Trap”: entropy
collapse, reward-
variance cliffs, gradient
spikes, repetitive tem-
plates under poorly
shaped rewards.

UV-CoT (Zhao et al., 2025) sDPO (iterative) Base: preference over
answer quality. Shaping:
step-wise box scores
from evaluator MLLM.
Reg: sDPO log-prob ra-
tio margin.

High label eff.: auto-
generated preferences at
each CoT step; no hu-
man boxes; iterative re-
training.

Stable: reported more
stable and better aligned
than vanilla DPO for vi-
sual CoT.

On DocVQA / Info-
graphicsVQA, using pre-
dicted boxes underper-
forms GT boxes due to
imperfect region local-
ization on complex lay-
outs.

FrameMind (Ge et al., 2025) GRPO (DRFS) Base: QA accuracy.
Shaping: format, tool-
usage, exploration, and
turn-efficiency bonuses.
Reg: GRPO KL / clip-
ping.

Med eff.: Qwen2.5-VL-
7B GRPO; DRFS ladder
reuses 32/48/64-frame
data to raise accuracy at
fixed budgets.

Moderate: DRFS-
GRPO robust vs.
fixed-res GRPO but
fails to learn without
exploration bonus.

Without exploration
bonus, tool policy fails
to learn; fixed 32-frame
GRPO underperforms
on long-video or long-
context segments.

Ego-R1 (Tian et al., 2025) SFT+GRPO Base: QA outcome re-
ward. Shaping: multi-
step CoTT trajectory
structure. Reg: standard
GRPO regularization.

Med eff.: 25k SFT
traces + RL on 4.4k
Ego-QA instances
(∼7.4 steps each).

Stable: standard RL
training; no dedicated in-
stability issues reported
beyond hyperparameter
tuning.

Limits center on nar-
row egocentric domain
and dependence on exist-
ing RAG + video tools;
no systematic RL failure
taxonomy.

DeepEyes (Zheng et al., 2025) GRPO Base: task success.
Shaping: tool-use-
oriented bonuses. Reg:
standard policy-gradient
regularization.

Qual.: direct RL on
curated fine-grained
perception / reasoning
suites; no published
GPU-hour table.

Stable: monotonic gains
in grounding IoU / tool
efficiency; only qualita-
tive failure analysis.

Qualitative failures from
tool over- / under-use;
limited deeper analysis
of RL-specific failure
modes.

Mini-o3 (Lai et al., 2025) SFT+GRPO Base: visual-search suc-
cess. Shaping: curricu-
lum + over-turn mask-
ing. Reg: standard PG
regularization.

Med eff.: SFT + RL
on VisualProbe-style
search; RL capped at 6
turns but generalizes via
self-play.

Moderate: curriculum +
over-turn masking sta-
ble; long-horizon search
degrades without mask-
ing.

Without over-turn
masking, long-horizon
strategies discouraged
and hardest cases revert
to shallow, monotone
search.

Table 3: RL and hybrid IG-CoT methods compared along reward design, sample efficiency / scale, training stability,
and recurring failure modes. Entries span pure-RL pipelines (PPO, GRPO, StarPO, iterative sDPO) and SFT+RL
hybrids (SFT+GRPO); the Paradigm column reports the training setup disclosed by each paper. In Reward Design,
Base is the primary task reward, Shaping lists auxiliary signals added to improve learning, and Reg summarizes
regularization terms (e.g., KL, clipping, invalid-action penalties). In Scale / Sample Eff., Low / Med eff. and
High label eff. give coarse labels for sample efficiency and training cost; Stable vs. Moderate in Stability reflects
qualitative stability reports from the original papers.
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Paper TF RL SFT Base model Visual ops Training data Benchmarks

ItS-CoMT (2025a) ✓ ✗ ✗ Qwen2-VL-72B /
GPT-4o

draw; mask;
depth

Not applicable Geometry3K, Maxflow, BLINK
(+7)

Visualizing Thought
(2025)

✓ ✗ ✗ GPT-4o code-gen;
diagram

Not applicable Blocksworld, Parking, Sokoban

VisuoThink (2025b) ✓ ✗ ✗ GPT-4o /
Qwen2-VL-72B /
Claude-3.5

draw;
highlight;
zoom

Not applicable Geomverse-109, Geometry3K,
Visual Nav.

Interleaved-Modal CoT
(CVPR (2024))

✓ ✗ ✗ BLIP-2, LLaVA-1.5
(plug-and-play)

crop;
attention

Not applicable VQA-v2, GQA, ScienceQA

Autonomous
Imagination (2024)

✓ ✗ ✗ LLaVA-1.5, GPT-4V edit; focus Not applicable dense counting, jigsaw,
placement

Vision-Augmented
Prompting (2024)

✓ ✗ ✗ GPT-4-Turbo /
Llama-2-70B

code-gen;
diagram

Not applicable geometry, Sudoku, TSP

Visualization-of-
Thought, (2024b)

✓ ✗ ✗ GPT-4-Turbo, Llama-2 ascii; grid Not applicable NL navigation, TileWorld,
NL-VR2

Visual Sketchpad
(2024)

✓ ✗ ✗ GPT-4o, LLaVA-1.5 draw; parse Not applicable V*Bench, BLINK, geometry &
chess

Temporal CoT (TCoT)
(2025)

✓ ✗ ✗ Gemini 1.5 Pro /
GPT-4o

retrieve;
keyframe

Not applicable LVBench (+11.4), EgoSchema,
OpenEQA

Chain-of-Shot (CoS)
(2025)

✓ ✗ ✗ GPT-4o, Claude-3.5,
InternVL

retrieve; shots Not applicable VideoMME, MLVU, MVBench,
NExT-QA, LongVideoBench

Mini-o3 (2025) ✗ ✓ ✓ Qwen2.5-VL-7B probe; zoom 6k SFT cold-start + 12k RL (8k
DeepEyes + 4k VisualProbe)

VisualProbe, V*Bench,
HR-Bench, MME-Realworld

Image-of-Thought
Prompting (2024)

✓ ✗ ✗ LLaVA-1.5, BLIP-2,
GPT-4V

crop; zoom Not applicable VQAv2, TDIUC, CLEVR-HYP

UV-CoT (2025) ✗ ✓ ✗ LLaVA-1.5-7B crop; zoom 249k iterative sDPO preference
pairs (no human labels)

DocVQA, TextVQA,
InfographicsVQA, Flickr30k,
GQA, VSR

Visual Planning (2025b) ✗ ✓ ✗ ViT-based LVLM
(post-trained)

env; grid RL environment roll-outs FrozenLake, Maze,
MiniBehavior

RAGEN (2025c) ✗ ✓ ✗ Qwen2.5 0.5B–3B env; grid RL-generated trajectories (grid
worlds)

Sokoban, FrozenLake

VAGEN (2025a) ✗ ✓ ✗ Qwen2.5-VL-3B env; grid Self-generated trajectories Sokoban, FrozenLake, ManiSkill
FrameMind (2025) ✗ ✓ ✗ Qwen2.5-VL-7B retrieve; clips GRPO with DRFS

32/48/64-frame ladder
Video-MME, MLVU, MVBench

Ego-R1 (2025) ✗ ✓ ✓ Qwen2.5-VL + tools retrieve; clips 25k SFT + 4.4k RL on
egocentric traces

Video-MME (long), EgoSchema,
EgoLifeQA, Ego-R1 Bench

CMMCoT (2025) ✗ ✗ ✓ Qwen-VL /
LLaVA-1.5

crop; memory Curated multi-image dataset Multi-image comprehension
tasks

CogCoM (2024) ✗ ✗ ✓ CogCoM-17B ocr; line; box 70k auto + 6k manual CoM
samples (on top of 40M Stage-1
grounded pretrain)

9 VQA/REC tasks

MVoT (2025) ✗ ✗ ✓ Chameleon-7B (+
auxiliary token
discrepancy loss)

gen; diagram ∼18k spatial trace samples
(Maze + MiniBehavior +
FrozenLake)

mazes, MiniBehavior,
FrozenLake

VoCoT (2024) ✗ ✗ ✓ LLaVA-1.5 crop; zoom 80k VoCoT pairs CLEVR, EmbSpatial, V*Bench
From the Least to the
Most (EMNLP (2024a))

✗ ✗ ✓ BLIP-2 / LLaVA-1.5 /
InstructBLIP / Otter

box; ocr 50k synthetic least-to-most
trajectories

VQA-v2, OK-VQA, TextVQA,
GQA

Chain of Images (2023) ✗ ✗ ✓ SyMLLM gen; diagram CoI dataset (15 domains) Geometry, Chess,
Common-sense

Visual CoT (2024a) ✗ ✗ ✓ CLIP ViT-L/14 +
Vicuna-7/13B

crop; zoom 438k Visual CoT samples Visual CoT benchmark (5
domains)

V* Guided Visual
Search (2024)

✗ ✗ ✓ BLIP-2/CLIP-ViT +
Llama-2-7B

crop; zoom 387k curated instruction pairs V*Bench

VideoMind (2025) ✗ ✗ ✓ Qwen2.5-7B + role
LoRAs

retrieve;
verify

260k long-video traces CG-Bench, ReXTime,
NExT-GQA, Charades-STA,
ActivityNet-Captions,
Video-MME, MLVU, LVBench

Table 4: Surveyed Image-Grounded Chain-of-Thought (IG-CoT) papers. TF = training-free (✓ yes, ✗ no). “Visual
ops” lists the primary visual interactions (≤3 tokens).
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