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Abstract

Vision-language models (VLMs) have shown remarkable
advancements in multimodal reasoning tasks. However,
they still often generate inaccurate or irrelevant responses
due to issues like hallucinated image understandings or
unrefined reasoning paths. To address these challenges,
we introduce Critic-V, a novel framework inspired by the
Actor-Critic paradigm to boost the reasoning capability
of VLMs. This framework decouples the reasoning pro-
cess and critic process by integrating two independent com-
ponents: the Reasoner, which generates reasoning paths
based on visual and textual inputs, and the Critic, which
provides constructive critique to refine these paths. In this
approach, the Reasoner generates reasoning responses ac-
cording to text prompts, which can evolve iteratively as a
policy based on feedback from the Critic. This interaction
process was theoretically driven by a reinforcement learn-
ing framework where the Critic offers natural language cri-
tiques instead of scalar rewards, enabling more nuanced
feedback to boost the Reasoner’s capability on complex
reasoning tasks. The Critic model is trained using Direct
Preference Optimization (DPO), leveraging a preference
dataset of critiques ranked by Rule-based Reward (RBR)
to enhance its critic capabilities. Evaluation results show
that the Critic-V framework significantly outperforms exist-
ing methods, including GPT-4V, on 5 out of 8 benchmarks,
especially regarding reasoning accuracy and efficiency.
Combining a dynamic text-based policy for the Reasoner
and constructive feedback from the preference-optimized
Critic enables a more reliable and context-sensitive multi-
modal reasoning process. Our approach provides a promis-
ing solution to enhance the reliability of VLMs, improv-
ing their performance in real-world reasoning-heavy mul-
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timodal applications such as autonomous driving and em-
bodied intelligence. Our data and code are released at
https://github.com/kyrieLei/Critic-V.

1. Introduction

Reasoner VLM

DPO

Critic VLM

There are 4.5 fruits 
in the picture.

(𝑦𝑤
1 , 𝑦𝑙

1)

(𝑦𝑤
2 , 𝑦𝑙

2)

(𝑦𝑤
3 , 𝑦𝑙

3)

(𝑦𝑤
𝑖 , 𝑦𝑙

𝑖)

…

Image & Question critiques

Initial Response

How many 
fruits are in 
the picture?

There are 4 fruits 
in the picture.

Our data

The answer is 
incorrect, you left 
out half of the fruit.

Refined Response

Figure 1. Offline training of critic model and response supervision
for VLM. yi

w is preferred critique and yi
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In recent years, Vision-Language Models (VLMs) have
achieved significant advances in multimodal understand-
ing and reasoning [7, 9, 23, 36, 38, 50, 51]. A major
breakthrough has been the alignment of language and vi-
sual modalities, facilitated by techniques such as instruc-
tion tuning [1, 2, 70]. This alignment allows VLMs to
progress beyond basic image recognition, enabling them
to perform dynamic content reasoning and handle com-
plex question-answering based on visual inputs [12, 59, 64].
These advancements are pivotal for applications in embod-
ied AI [11, 19] and autonomous driving [15, 18]. Despite
this progress, VLMs still encounter challenges, including
a tendency to generate errors or irrelevant outputs that are
unanchored in visual content [25, 27, 42, 53]. They may
also over-rely on internal knowledge, sometimes neglecting
the visual context [71]. Additionally, their sequential rea-
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soning processes can lead to cascading errors, resulting in
outputs that deviate from logical expectations [4, 26].

Prior research primarily focuses on enhancing the intrin-
sic reasoning capabilities of VLMs through various strate-
gies e.g. fine-tuning on curated datasets [66], refining de-
coding methods [16, 55], and test-time techniques like self-
correction [14], self-consistency [8] and Self-Refine [34] to
address model flaws. Additionally, Silkie [24] leverages di-
rect preference optimization (DPO) [43] to teach VLMs rea-
soning strategies using pairs of positive and negative sam-
ples. While these approaches have advanced the reasoning
capabilities of VLMs, they often rely heavily on the model’s
internal abilities without incorporating external feedback,
which may lead to erroneous or unreliable outputs. This
raises a critical concern: How can we introduce high-quality
supervision and feedback during the generation process of
VLMs to effectively reduce errors and enhance the reliabil-
ity of their reasoning path?

To address this concern, we introduce Critic-V, a novel
framework based on reinforcement learning from human
feedback (RLHF) [45]. As shown in Figure 1, Critic-V
features a Reasoner-Critic architecture, where the Reasoner
generates reasoning paths based on visual content and re-
lated questions, while the Critic provides real-time feedback
to refine these paths, enabling more accurate and dynamic
reasoning, especially for complex tasks.

However, the Critic evaluation capacity is still lim-
ited. To enhance the Critic’s evaluative capacity, inspired
by CriticGPT [35], we introduce Vision Error inSertion
Technique (VEST) which involves creating degraded ver-
sions of ground-truth VQA answers using GPT-4o1 [39] and
obtaining critiques from multiple VLMs. The critic model
is trained to assess these degraded answers, comparing them
with the original ground truth. Additionally, we introduce a
Rule-based Reward (RBR) function using the Jaccard index
to detect errors and reduce biases in feedback [37].

Our experiments demonstrate that Critic-V significantly
improves accuracy and reasoning efficiency compared to
existing approaches like Self-Refine [34]. These results un-
derscore the importance of integrating an external, well-
trained critic model into the reasoning process. Critic-V
offers a promising solution for advancing the image un-
derstanding and reasoning capabilities of VLMs in real-
world reasoning-heavy multimodal applications such as au-
tonomous driving and embodied intelligence.

Our contributions can be summarized as follows:
• Integrated Reasoner-Critic Framework: We propose a

Reasoner-Critic framework that can integrate seamlessly
with existing VLMs, significantly improving their per-
formance in multimodal reasoning tasks by incorporating
real-time feedback from an external Critic.

• Large-Scale Multimodal Dataset: We introduce a

1The version is chatgpt-4o-latest in October 2024.

comprehensive dataset including 29,012 multimodal
question-answer pairs with critiques generated by VEST
and ranked by Rule-based Reward (RBR). This resource
can be used to enhance the Critic model, improving their
ability to generate high-quality feedback.

• Plug-and-play Critic model: Our critic model can effec-
tively guide VLMs in multimodal reasoning tasks while
keenly identifying potential errors in the reasoning pro-
cess. It provides proactive feedback on potential biases or
errors rather than passively assess the quality of inference
logic of VLMs, which enhances the overall multimodal
reasoning capabilities of VLMs.

2. Method

Multimodal reasoning remains a significant challenge for
VLMs, which often struggle with inaccuracies when sum-
marizing image content or addressing complex, reasoning-
intensive questions. These unintentional errors can under-
mine the performance of VLMs in practical applications. To
address this issue, we propose an approach inspired by the
Actor-Critic framework, which separates the reasoning pro-
cess from quality evaluation by incorporating two distinct,
complementary modules: the Reasoner and the Critic.

The Reasoner is responsible for generating reasoning
paths from both visual and textual inputs. Leverag-
ing the principles of In-Context Reinforcement Learning
(ICRL) [21], it uses prompt-based parameters to adapt its
reasoning strategy during inference. By integrating visual
content with textual descriptions, the Reasoner produces
reasoning paths that are continuously evaluated and refined
based on feedback from the Critic, enabling the model to
improve the quality of responses particularly when faced
with complex tasks.

The Critic functions as a quality evaluator for the reason-
ing paths generated by the Reasoner. By providing natural
language feedback, the Critic generates gradient signals that
guide the Reasoner in refining its strategy. This feedback
loop encourages the Reasoner to minimize errors and en-
hance its reasoning capabilities over time, leading to more
accurate and reliable outputs.

The following subsections provide a detailed discussion
of the architecture and functionality of each module.

2.1. Reasoner

To improve the reasoning process in reinforcement learning
(RL), the Reasoner is responsible for generating reasoning
actions a based on the current state s, typically via a policy
function πθreasoner(a|s) parameterized by θreasoner. The core
goal is to optimize the reasoning strategy, often by adjust-
ing these parameters through standard RL methods, such as
policy gradient. As in policy gradient [47], the update rule
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Figure 2. The scoring method combines GPT’s evaluation with several predefined rules and the Jaccard index.

for the reasoner’s parameters can be expressed as follows:

δθreasoner
t = ∇θreasoner

t
log(πθreasoner

t
(a|s))V (a|s), (1)

where V (a|s) represents the value function, which esti-
mates the expected return for taking action a in state s. This
value function is typically parameterized by a critic model,
which provides feedback that guides the updates to the rea-
soner’s policy.

However, as VLMs have become increasingly prominent
in multimodal tasks, a challenge arises in adapting the tra-
ditional reinforcement learning framework to better handle
these complex inputs. Specifically, rather than rely on a
fixed parameterized policy, the reasoning process in VLMs
can be driven by dynamic text prompts P reasoner, which en-
capsulate the reasoning context and provide a more flexible
approach to action generation. This shift allows for the inte-
gration of both visual and textual information, enabling the
reasoning process to be guided by the context provided by
the text prompt, instead of traditional policy parameters.

In this new approach, the reasoner’s policy update is no
longer based solely on traditional parameterization but in-
stead on the evolution of the text prompt. The update rule
for the reasoner in this context can be described as follows:

δθreasoner
t = ∇θreasoner log πθreasoner(P reasoner

t + δP reasoner
t , I)Rt,

(2)
where P reasoner

t represents the current text prompt, δP reasoner
t

is the critique (feedback) provided by the critic model, I is
the input image, and Rt is the reward signal. This approach
allows the reasoner to adaptively refine its actions through
changes to the text prompt, which in turn leads to improved
decision-making.

Despite the potential benefits of using text prompts, the
challenge of computing stable and precise gradients for
prompt updates remains. To address this, we leverage

TextGrad [61], a framework designed to provide a more
intuitive and stable method for computing the gradients of
text-based policies. TextGrad aims to improve the stabil-
ity and accuracy of the text prompt update process, offering
a more reliable alternative to traditional numerical gradient
methods. The update rule for the text prompt, within the
TextGrad framework, is given by:

δP reasoner
t = ∇̂P reasoner

t
(πP reasoner

t
(a|s), V (a|s)), (3)

where ∇̂ indicates the gradient computed using the
TextGrad approach. This method significantly improves the
robustness of prompt updates, ensuring that the reasoner can
effectively learn from the feedback.

Nevertheless, while TextGrad improves stability, further
refinement is still possible. To enhance the precision of gra-
dient estimates, we introduce the critic model as an approx-
imation to the optimal gradient. The critic model learns to
predict the optimal updates for the text prompt by estimat-
ing the expected return of different actions in a given state.
This approximation allows the reasoner to more effectively
optimize its text prompts, guided by the Critic’s feedback.
The Critic’s role can be described as follows:

πθcritic(δP reasoner|P reasoner) = E[πθcritic(δP reasoner|P reasoner, s, a)].
(4)

Finally, with the Critic’s guidance, the update rule for the
text prompt becomes:

P reasoner
t+1 ← Update(P reasoner

t , πθcritic(δP reasoner), η), (5)

where Update is a function that applies the Critic’s feed-
back to refine the text prompt P reasoner, and η represents the
learning rate, controlling the strength of each update.

2.2. Critic Model

In the Reasoner-Critic framework, the Critic serves a cru-
cial role in providing evaluative feedback on the reason-

9052



1. The man and his dog are enjoying a gourmet meal
2. The meal is served by a robot waiter
3. Dogs are treated like VIP guests in dining establishments

1. Robot waiter
2. Gourmet meal

1. The presence of a robot waiter
2. The dog being treated like a VIP guest

• LLaVA Critic
• GeoVQA
• …

Question:
What makes this dining experience unique for the man and his dog?

Fake Answer (Fake information inserted by GPT-4o):
The dining experience in this image is unique because the man and his dog
are enjoying a gourmet meal served by a robot waiter at a small table. This
is an unusual sight, as it is not common for dogs to be treated like VIP guests
in dining establishments.

GLM-4V-9B GPT-4o mini MiniCPM-V 2.6

Data Source

Preference Scoring
( Jaccard + GPT)

Critique C

B A> >Ranking

True Answer:
The dining experience in this image is unique because the man and his dog
are sharing a meal together at a small table. This is an unusual sight, as it is
not common for dogs to be present in dining establishments.

Critique BCritique A

C

VQA Datasets

Figure 3. The annotation framework for our critique on the VisualQA (critique-VQA) dataset. We collect questions and images from
various sources, then use GPT-4o to generate a fake answer and employ three different VLMs to identify incorrect elements. Finally, we
apply our proposed scoring method to calculate preference between different assessments.

ing and generation processes of the model. Unlike tradi-
tional scalar rewards that assign a single numerical value,
the Critic offers natural language feedback that is more nu-
anced and context-sensitive. This form of feedback is par-
ticularly valuable for complex tasks, as it enables the identi-
fication of subtle details in the reasoning process, including
fine-grained errors, and logical inconsistencies. Scalar re-
wards, by contrast, often lack the depth needed for effective
natural language reasoning, as highlighted in [13].

To update the Critic’s parameters, we start with a stan-
dard RL formulation, where the Critic’s policy is adjusted
based on the feedback it provides to the reasoning model.
The Critic’s policy is updated through the following equa-
tion:

θcritic
t+1 ← θcritic

t + η∇θcritic
t

log(πθcritic
t

(δP reasoner
t |P reasoner

t ))Rt,
(6)

where P reasoner
t is the text prompt given to the VLM rea-

soner, and δP reasoner
t is the critique generated by the critic

model. The term Rt represents the reward signal.
To further enhance the Critic’s ability to generate more

useful feedback, we thus shift from the scalar rewards fash-
ion of policy gradient to preference-based training via DPO.
Rather than optimizing a fixed reward, DPO focuses on
training the Critic to distinguish between high-quality and
low-quality critiques. This preference-based approach al-
lows for a more subtle and context-aware form of learning,
where the Critic improves by ranking critiques rather than
directly optimizing for a scalar reward.

To generate preference data for training the Critic with
DPO, we apply vision error insertion technique (VEST) to
question-image pairs from VQA datasets which is depicted

in Figure 3. For each question-image pair, we use GPT-
4o to insert one to five fake details into the answer. These
fake details are erroneous and can simulate imperfections or
errors in the reasoning or modality understanding process,
creating a ground truth for the evaluation of the critique’s
quality. Several VLMs, including GLM-4V-9B [12], GPT-
4o mini [40], and MiniCPM-V [59], are instructed to gen-
erate critiques that identify inaccuracies and highlight the
weaknesses within the answers.

Then, we leverage a Rule-based Reward (RBR) [37]
mechanism to evaluate the quality of critiques to construct
the preference relationship. This reward mechanism evalu-
ates the critique’s statements by considering coverage, ac-
curacy, and precision, particularly in identifying and ad-
dressing errors. Specifically, we use a scoring method, to
evaluate critiques based on how effectively they identify
and describe inaccuracies. However, since longer critiques
are more likely to contain extraneous information or “nit-
picks” [35], we also incorporate the Jaccard index to adjust
for potential bias towards false positives. As shown in Fig-
ure 2, the Jaccard index compares the set of errors inserted
by GPT-4o (G) with the set of errors detected by the VLM
(C) as follows:

Jaccard(G,C) =
|G ∩ C|
|G ∪ C|

=
|G ∩ C|

|G|+ |C| − |G ∩ C|
. (7)

The final score for a critique is a combination of both the
Jaccard index and the GPT-based score, where the GPT-
based score serves as a regularization term in the scoring
function:

Score(i) = Jaccard(i) + α×GPT (i), (8)

9053



Table 1. Main results of VLMs on various benchmarks, reported as percentage scores. The bolded scores indicate the best performance
on each benchmark. Additionally, we report the score improvements of Qwen2-VL-7B and DeepSeek-VL-7B compared to their original
scores with the application of our method (+Critic-V).

Model
Benchmarks

RealWorldQA [56] MMStar [6] MMBench [30] SEEDBench [22] ScienceQA [32] MMT-Bench [60] MathVista [33] MathVerse [65]

Llama-3.2-11B-Vision [36] 57.8 49.8 65.8 62.2 67.8 47.9 48.6 24.31

MiniCPM-V 2.6 [59] 65.2 57.5 78.0 71.7 90.9 56.6 60.6 24.1

InternVL2-8B [7] 64.4 61.5 79.4 76.2 89.2 54.8 58.3 30.3

GPT-4V [57] 61.4 57.1 74.3 71.6 81.4 55.5 49.9 54.4

GeminiPro-Vision [48] 67.5 42.6 68.1 64.3 80.6 55.1 36.0 35.3

LLaVA-v1.5-13B [28] 55.3 32.8 68.6 68.1 72.2 45.7 26.4 12.7

ShareGPT4V-7B [5] 56.9 33.0 69.5 69.4 69.4 45.1 25.7 17.4

InternLM2-XC2 [10] 63.8 55.4 78.1 74.9 96.7 50.0 57.4 25.9

Qwen2-VL-7B [50] 70.1 60.7 80.7 74.7 73.4(mm-only) 60.4 61.4 25.8

Qwen2-VL-7B+Critic-V 74.9(+4.8) 56.2(-4.5) 82.8(+2.1) 76.5(+1.8) 74.5(mm-only, +1.1) 62.0(+1.6) 73.2(+11.8) 32.9(+7.1)

DeepSeek-VL-7B [31] 58.1 37.1 73.5 70.2 61.7(mm-only) 46.5 35.3 18.4

DeepSeek-VL-7B+Critic-V 62.1(+4.0) 41.4(+4.3) 79.0(+5.5) 70.6(+0.4) 67.1(mm-only, +5.4) 53.6(+7.1) 53.1(+17.8) 28.9(+10.5)

LLaVA-v1.5-7B [28] 50.7 32.2 68.4 65.6 60.8 36.0 37.8 26.0

LLaVA-v1.5-7B+Critic-V 63.5(+12.8) 38.4(+6.2) 73.8(+5.4) 70.1(+4.5) 65.2(+4.4) 47.4(+11.4) 53.1(+15.3) 30.5(+4.5)

where α is hyperparameter to control the impact of GPT-
4o’s score on the final score (the setting can refer to
Appendix 10). These preference scores allow us to
rank various critiques based on their quality, which we
then use to construct the critique-VQA dataset. This
dataset consists of pairs of critiques with associated pref-
erence scores, providing the necessary data for training the
critic model. Once the preference dataset is constructed,
we proceed to apply DPO to optimize the base model,
Qwen2-VL-7B [50], thereby enhancing its ability to deliver
more accurate and context-sensitive critiques. The dataset
Dcri = {(Q(i), I(i), C

(i)
w , C

(i)
l )}Ni=1 consists of input ques-

tions Q(i), corresponding images I(i), the preferred critique
C

(i)
w , and the disfavored critique C

(i)
l . The DPO loss func-

tion used to train the Critic can be defined as:

LDPO(πθ;πref) = −EQ,I,Cw,Cl∼Dcri [log σf(πθ;πref)] ,
(9)

where f(πθ;πref) = βlog πθ(Rc|Q,I)
πref (Rc|Q,I) − βlog πθ(Rr|Q,I)

πref (Rr|Q,I) .
This loss function encourages the Critic to assign higher
probabilities to preferred critiques and lower probabilities to
disfavored critiques. The parameter β controls the deviation
from the reference policy. Both πθ and πref are initialized
with the same weights.

2.3. Reasoner-Critic Framework

After developing a reliable critic model, we introduce the
Reasoner-Critic Framework to iteratively refine the perfor-
mance of the Reasoner (the reasoning model) through al-
ternating interactions between the Reasoner and the Critic.
This framework aims to improve the Reasoner’s output by
utilizing feedback from the Critic to guide its adjustments.

The process begins with the Reasoner generating an ini-
tial response to a given query based on the input prompt.
The Critic then evaluates the response in the context of the
query and provides feedback in the form of a critique. The
Reasoner then revises its response based on the Critic’s sug-
gestions, incorporating the critique into the new prompt for
the next iteration. This cycle continues until a predefined
maximum number of iterations is reached, or until the Critic
determines that the Reasoner’s response meets a satisfactory
level of quality.

Through this alternating feedback loop, the Reasoner is
able to adjust its reasoning process with each interaction,
potentially improving the accuracy of its outputs over time.
This framework is designed to enhance the Reasoner’s abil-
ity to respond to more complex tasks, by incorporating nu-
anced, context-sensitive feedback that may help refine its
reasoning process.

3. Evaluation
3.1. Evaluation Settings

Test Models. We evaluate Critic-V on two widely-used
Vision-Language Models (VLMs), Qwen2-VL-7B [50] and
DeepSeek-VL-7B [31], to demonstrate its critical capabil-
ities. The comparative models include a range of state-of-
the-art VLMs with varying architectures, parameter sizes,
and input modalities. This set includes closed-source mod-
els such as GeminiPro-Vision [9] and GPT-4V [38], both
known for their robust multimodal understanding capabil-
ities. Additionally, we consider open-source models of
different scales, such as Llama-3.2-11B-Vision [36] and
ShareGPT4V-7B [6], which provide a balance between
computational efficiency and performance. For baseline
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comparisons, we include Qwen2-VL-7B and DeepSeek-
VL-7B without any Critic modules. By selecting models
across different scales and feature sets, we aim to provide a
comprehensive comparison that highlights the strengths of
our approach.
Evaluation Benchmarks. Our evaluation aims to demon-
strate the enhanced performance achieved through the critic
capabilities of Critic-V across different domains. We em-
ploy a comprehensive set of benchmarks to rigorously as-
sess the effectiveness of our method. These benchmarks
include RealWorldQA [56], which challenges models with
tasks requiring real-world knowledge and multimodal rea-
soning; MMT-Bench [60], MMStar [6], MMBench [30],
and SEEDBench [22], which evaluate a model’s robustness
and performance on structured, cross-domain questions.
Additionally, ScienceQA is used to assess multimodal sci-
entific knowledge understanding. For mathematical rea-
soning, we utilize MathVista [33] and MathVerse [65],
which are designed to test logical reasoning and arithmetic
problem-solving skills. This diverse set of benchmarks pro-
vides a comprehensive evaluation of our method’s strengths
across various task types, enabling thorough comparisons
with other state-of-the-art models.
Evaluation Process and Settings. The evaluation process
involves one Reasoner VLM and one Critic VLM, each con-
figured with tailored generation hyperparameters optimized
for the respective models. Further details are provided in
Appendix 10. Notably, we set the temperature parameter to
0 or a value close to it to ensure stable results. This con-
figuration ensures consistency in outputs while optimizing
computational performance. The evaluation follows a two-
round conversation process. In the first round, we design a
specialized prompt for the questions (refer to Appendix 7
for details).

MMStar

MMB h

SEEDBench

MMT-Bench

MathVista

MathVerse

57.1

74.3
71.6

81.4

55.5

49.9
54.4

56.2

76.5

74.5

62

73.2

32.9

GPT-4V
Qwen2-VL-7B+Critic-V

ScienceQA

82.8enc

Figure 4. The comparison between GPT-4V and Qwen2-VL-
7B+Critic-V across multiple benchmarks.

3.2. Result ans Analysis

Improvement with Critic-V. Table 1 presents the perfor-
mance results of Vision-Language Models (VLMs) across
several benchmarks. In 23 out of 24 comparative experi-
ments, Critic-V consistently improves the performance of
both Qwen2-VL-7B and DeepSeek-VL-7B, surpassing the
original scores of their baseline versions across a wide range
of tasks. Notably, with the addition of Critic-V, Qwen2-VL-
7B achieves the highest score on five out of eight bench-
marks. Significant improvements are especially evident
in mathematics-related benchmarks, demonstrating Critic-
V’s effectiveness in enhancing complex reasoning capa-
bilities. Specifically, on the MathVista dataset, Qwen2-
VL-7B shows an improvement of 11.8%, DeepSeek-VL-
7B increases by 17.8%, and LLaVA-v1.5-7B improves by
15.3%. On the MathVerse dataset, Qwen2-VL-7B improves
by 7.1%, DeepSeek-VL-7B by 10.5%, and LLaVA-v1.5-
7B achieves a 4.5% improvement. These results highlight
Critic-V’s ability to address the unique challenges of math-
ematical reasoning tasks, where accurate and precise infer-
ence is crucial.

Moreover, results on LLaVA-v1.5-7B show Critic-V
conducted an improvement of 11.4% and 12.8% on MMT-
Bench and RealWorldQA, respectively. As shown in Fig-
ure 4, Qwen2-VL-7B with Critic-V outperforms GPT-4V in
most cases. These findings suggest that Critic-V effectively
guides VLMs to generate more accurate responses and may
be adaptable for supporting general reasoning tasks. Over-
all, the experimental results indicate that Critic-V signifi-
cantly enhances the reliability of large-scale VLMs, partic-
ularly in reasoning-intensive domains such as mathematics,
where precise logical reasoning is essential. This demon-
strates the potential of our approach to improve the robust-
ness of VLMs in a wide range of complex tasks.
Comparison between different approaches. We compare
four leading methods including POVID [68], CSR [69],
SIMA [52] and SCL [14] with our Critic-V across
reasoning-heavy benchmarks including RealWorldQA [56],
MMStar [6], MMBench [30], SEEDBench [22], Sci-
enceQA [32], and MMT-Bench [60]. The results from these
four methods, shown in Table 2, are sourced from [14].
Critic-V consistently outperforms other approaches on most
benchmarks, particularly RealWorldQA and MMT-Bench.
These results underscore Critic-V’s strong potential, show-
casing its superior ability to address challenges in natural
language reasoning and evaluation tasks.

3.3. Case Study

We provide examples of interaction between our critic
model and the original LLaVA-v1.5-7B model to illus-
trate the improvements. As shown on the left side of
Figure 5, the original LLaVA-v1.5-7B produces an incor-
rect answer, while our Critic model correctly identifies
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Table 2. Quantitative comparison of LLaVA-V1.5-7B with SCL and four baseline methods. The best results are highlighted in bold. The
results underscore Critic-V’s strong reasoning capabilities.

Model
Benchmarks

RealWorldQA [56] MMStar [6] MMBench [30] SEEDBench [22] ScienceQA [32] MMT-Bench [60]

LLaVA-V1.5-7B 50.7 32.2 68.4 65.6 60.8 36.0

+POVID [68] 51.8 33.6 71.6 65.4 65.0 33.4

+CSR [69] 51.8 32.4 70.6 65.4 66.0 33.2

+SIMA [52] 49.3 32.6 70.6 65.2 64.2 34.0

+SCL [14] 53.2 35.8 70.8 68.6 67.8 39.6

+Critic-V(Ours) 63.5 38.4 73.8 70.1 65.2 49.7

Salem as the capital of Oregon. On the right
side, Critic-V demonstrates enhanced cognitive reasoning
by accurately interpreting the image content, even when
faced with ambiguities in the provided options.

3.4. Ablation Study

Token Consumption. We investigate the consumption of
tokens of our Critic-V across various benchmarks. Further
details can be found in Appendix 11. The results indicate
that each critique only consumes an additional few dozen
tokens, which does not lead to significant computational
overhead.

DPO Training for Critic Model. We further investigate
the impact of Critic-V by comparing it with a Self-Refine
approach, in which the critic model is not trained using
DPO. As shown in Table 3, Qwen2-VL-7B with Self-Refine
shows modest improvements on two datasets but experi-
ences a slight decline in performance on MMT-Bench. In
contrast, after training with the Critic-V approach, Qwen2-
VL-7B consistently outperforms both the baseline and the
Self-Refine approach. These results indicate that DPO
training plays a key role in enhancing the effectiveness of
the Critic-V framework, leading to more significant im-
provements on reasoning-intensive benchmarks. For set-
tings of hyperparameters during DPO training, please refer
to Appendix 9.

Evaluation Prompts. To ensure that the observed results
are not influenced by the specially designed prompt dis-
cussed in Section 3.1, we conduct additional experiments
using Qwen2-VL-7B with the same prompt as in our main
experiment but without the inclusion of critique. The re-
sults from this ablation study, shown in Table 4, indicate
that Qwen2-VL-7B does not exhibit the same level of per-
formance improvement when only the special prompt is
used, as compared to the Critic-V approach. This suggests
that the performance gains can be attributed to the Critic-V
framework rather than the prompt design alone.

Table 3. Comparison between Self-Refine and Baseline. We con-
duct a comparison of Qwen2-VL-7B using Self-Refine, Critic-V,
and baseline methods. The results demonstrate the superiority of
Critic-V over Self-Refine.

Model MathVista MMT-Bench MMBench

Qwen2-VL-7B 61.4 60.4 80.7

Qwen2-VL-7B+ Self-Refine 63.4 57.8 82.1

Qwen2-VL-7B+Critic-V 73.2 62.0 82.8

Table 4. Ablation of different prompts. We report the scores of
each method, along with the respective increases or decreases rel-
ative to the original scores.

Model MathVista MMT-Bench MMBench

Qwen2-VL-7B 61.4 60.4 80.7

Qwen2-VL-7B+ special-prompt-only 61.8 59.0 81.0

Qwen2-VL-7B+Critic-V 73.2 62.0 82.8

4. Related Works

Large Vision-Language Models and Preference Fine-
Tuning. VLMs like GPT-4o [17], LLaVA [29], Qwen2-
VL [50], and InternVL [7] integrate both visual and tex-
tual information to handle multimodal tasks, including vi-
sual question answering and image captioning. Human
preference alignment techniques like reinforcement learn-
ing from human feedback (RLHF) [45], have been widely
used in training VLMs to generate content aligned with hu-
man preference. LLaVA-RLHF [46] employs human-rated
rankings to enhance the visual chat capabilities of VLMs,
while Calibrated Self-Rewarding (CSR) [69] incorporates
iterative learning and a rewarding paradigm into preference
fine-tuning to improve modality alignment [69]. Prefer-
ence Optimization in VLM with AI-Generated Disprefer-
ences (POVID) leverages preference fine-tuning to reduce
hallucinations [68]. Self-Improvement Modality Alignment
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Query:

Ground-truth:  A

The answer provided is incorrect. The capital of Oregon is Salem, not 
Portland.

Query:

Critic Model:

Ground-truth:  C

In the provided image, what type of musical 
instruments are being played on stage? 
A. Drums and saxophone
B. Trumpet and flute
C. Guitars and keyboards
D. Bass guitar and drums

The answer provided may incorrect. The image shows a musician 
playing a guitar and singing into a microphone, with other musicians 
playing keyboards and drums in the background. Therefore, the correct 
answer is C. Guitars and keyboards

Answer: The capital of Oregon is 
Portland. The the answer should be D.

Answer: On the stage the musician is playing bass 
guitar and behind is a drum. The answer is D.

What is the capital of Oregon?
A. Salem
B. Denver
C. Milwaukee
D. Portland

Critic Model:

Figure 5. Case studies on evaluation samples from ScienceQA (left) and SEEDBench (right). Our Critic-V accurately identifies Salem as
the capital of Oregon, unaffected by the initial incorrect answer, and correctly selects “Guitars and keyboards” as the answer in the right
image.

(SIMA) [52] employs an in-context self-refine approach
to improve VLM modality alignment. Self-Correcting
Learning (SCL) [14] enables VLMs to learn from self-
generated correction data through DPO [43], fostering self-
improvement without reliance on external feedback. Ad-
ditionally, Li et al. [24] adopt GPT-4V [38] to assess the
generated outputs from multiple aspects, subsequently dis-
tilling preferences into Qwen-VL-Chat [3] through DPO.
While prior works primarily focus on improving the inter-
nal generative ability of VLMs, our study emphasizes the
use of external natural language feedback to reduce errors
in VLM reasoning. This approach aims to improve the re-
liability of VLMs in tasks demanding accurate and logical
reasoning.

Reasoning with Large Language Models. Reasoning in
large language models (LLMs) typically involves break-
ing down complex questions into sequential intermediate
steps to achieve the final answer, exemplified by Chain-of-
Thought (CoT) [54] prompting and its variants [20, 58, 63,
67]. However, due to the LLMs’ uncertainty about answer,
intermediate inference steps may be inappropriate deduc-
tions from the initial context and lead to incorrect final pre-
dictions. Even minor mistakes during the reasoning pro-
cess can result in vastly different final outcomes [26, 41].
Self-Refinement techniques [34, 62, 63] have attracted con-
siderable interest recently. Nevertheless, their effectiveness
is largely constrained by their dependence on the inherent
abilities of LLMs, which may limit the broader applica-
tion and scalability of these methods. Tyen et al. [49] sug-
gest that LLMs cannot find reasoning errors, but can cor-
rect them, we extend this inspiration to the area of VLMs
to train a critic vision-language model to locate imperfec-
tions in visual content perception and errors in reasoning
steps. CriticGPT [35], which designed mainly for program-
ming, applies a text-only bug insertion to collect data and
training via an on-policy fashion. Our work shares a sim-

ilar data generation idea but differs by adopting a simpler
off-policy strategy. Our dataset is specifically designed for
visual question answering (VQA), leveraging it to enhance
error correction in Vision-Language Models (VLMs) within
the realm of multimodal reasoning.

5. Conclusion

We propose Critic-V, a novel framework designed to en-
hance feedback quality in the visual perception and reason-
ing processes of Vision-Language Models (VLMs). This
framework introduces an external critic model that provides
natural language feedback, significantly improving VLM
performance, especially in complex reasoning tasks. The
Critic-V framework centers around a newly constructed Vi-
sual Question Answering (VQA) dataset, which incorpo-
rates critiques from multiple VLMs. Each critique is eval-
uated using a novel scoring method that combines Jac-
card similarity and GPT-4o summarization. In Critic-V,
we formalize the interaction between the VLM reasoner
and the critic model through mathematical equations, pro-
viding insights into how critique-based supervision drives
improvement. These equations reveal the principles be-
hind the critique-feedback loop and establish that the critic
model can be trained using Direct Preference Optimization
(DPO). This training process optimizes the guidance pro-
vided during reasoning tasks. The performance on bench-
marks like MathVista and RealWorldQA indicates the well-
trained critic model can significantly enhance VLM reason-
ing capabilities, particularly in handling complex, multi-
modal tasks. Experimental results indicate that incorporat-
ing an external critic model during inference surpasses sev-
eral traditional methods, resulting in significant improve-
ments in VLM performance. These findings highlight the
value and potential of deploying a well-trained critic model
at the inference stage.
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