
Appendix

A. Dataset Examples
We present examples of VISCO dataset in Figure 18. We
further show the details of each step in the dataset construc-
tion process as follows:
Task input collection. We collect images, questions and
ground truth answers from existing visual question answer-
ing datasets. The distribution of our tasks and datasets are
shown in Figure 3 in the main content. Examples from each
task are in Figure 19.
Response collection. We use 7 LVLMs to sample model
responses, including both the CoT and the final answer. We
prompt the LVLMs to generate CoT with less than five sen-
tences, and additionally remove CoT with more than five
sentences. The prompt template and an example output are
shown in Figure 23.
Response filtering. In the response filtering stage, we filter
the responses into three subsets: responses with outcome
errors, responses with process errors, and responses with no
errors. Examples from each of the three subsets are shown
in Figure 20.
Critique collection. We train three human annotators to
provide dense and fine-grained critique with a binary la-
bel for each step, and a natural language explanation if the
step is considered as incorrect. The annotation interface is
shown in Figure 24.

B. Metric Design Details

VISCore design. To verify the robustness of VISCore met-
ric design, we conducted human evaluation on 200 data
where annotators compare pairs of model generated critique
and judge which is better. We find that VISCore correlates
the best with human judgment (τ = 0.58), outperforming
alternatives like arithmetic mean of F1 (τ = 0.42) and exla-
nation BLEU (τ = 0.41). This is because VISCore prior-
itizes explanation correctness, better aligning with human
focus, and LLM-based evaluation of explanation is more
effective than BLEU.
LLM evaluation. The calculation of explanation-level F1
requires matching model-generated critique explanations
against human-annotated explanations using LLMs. We
use GPT-4o for this evaluation, and the prompt is shown
in Figure 26. To evaluate the reliability of this evaluation,
we manually compare 100 model-generated explanations
against human explanations, and evaluate the agreement be-
tween our manual evaluation and LLM evaluation. We ob-
serve a high agreement of 0.80 accuracy and 0.61 Cohen’s
Kappa, validating the robustness of LLM evaluation.
Metric calculation examples. To better illustrate the met-

ric calculation, we present two examples in Figure 25 and
22, illustrating the calculation of VISCore for critique task
and correction gain for correction task respectively.

C. Experimental Details
We evaluate 27 open LVLMs and 3 proprietary LVLMs.
For the open LVLMs, we evaluate models from 7 families:
DeepSeek-VL [26], LLaVA [23], InternVL [7], Qwen-VL
[39], Molmo [9], NVLM [8], Llama-3.2, and MiniCPM
[45]. Specifically, we run the inference with fast serving
frameworks. Specifically, we evaluate Qwen2-VL, Molmo,
Llama-3.2, NVLM and MiniCPM with vllm, evaluate
LLaVA-OV and LLaVA-Critic with sglang, and evalu-
ate InternVL2, DeepSeek-VL, LLaVA-v1.5, LLaVA-v1.6,
Qwen-VL and Prometheus-Vision with lmdeploy. We set
the sampling temperature as 0.7. For LOOKBACK, we use
the same set of hyperparameters. The prompt for critique
and correction are in Figure 27 and 28.

For the human baseline, we ask one of the trained an-
notators to establish the human baseline on a randomly se-
lected subset of 265 data points. To reduce annotation costs,
we provide the ground truth answers to the annotator. The
100% answer-level F1 shows that the ground truth answers
are verified by the annotator to be correct.

D. Additional Results
In this section, we present additional experimental results.
Figure 21 is a more complete version of Figure 9 in the main
content, showing the correction performance given model-
generated or human-generated critiques with different gran-
ularity. We further report the detailed critique performance
of each model at different granularity and categories in Ta-
ble 6, and include a few additional models like LLaVA-v1.5.

To measure the importance of CoT to our framework, we
perform ablation study by evaluating the critique and cor-
rection performance without CoT in the original response.
As shown below, LVLMs can effectively perform critique
and correction bringing positive correction gains without
CoT. However, CoT brings better performance especially
for strong models like GPT-4o.

Model Critique Correction
w. CoT w/o CoT w. CoT w/o CoT

InternVL2-8B 37.1 47.3 5.4 5.1
Claude-3.5-Sonnet 61.8 60.3 25.6 25.6
GPT-4o 63.0 59.0 28.8 26.4

Table 5. Additional experiments for ablations of CoT.



E. Details on LOOKBACK

The algorithm for our proposed LOOKBACK method is in
Alg. 1. We further show an example of critique generated
by LOOKBACK in Figure 29.

Algorithm 1 LOOKBACK algorithm

Require: LVLM, image I , question q, model response to
be critiqued (TM, aM)

1: Q = {}
2: for i = 1 to N do
3: Qi = RaiseQuestion(LVLM, I, Ti)
4: Q = Q∪Qi

5: end for
6: Q = Q∪ {q}
7: A = {}
8: for q′ in Q do
9: a′ = AnswerQuestion(LVLM, I, q′)

10: A = A ∪ {a′}
11: end for
12: return Critique (LVLM, I, q, (TM, aM),Q,A)

Error cases of LOOKBACK. We further evaluate the er-
ror cases of LOOKBACK and identify two typical scenarios:
(1) Errors in reasoning critique. LOOKBACK is less effec-
tive in critiquing reasoning, as these often go beyond verify-
ing atomic information against the image. This is reflected
in the smaller performance boosts in reasoning tasks in Ta-
ble 4. (2) Referral expression error in atomic information
extraction. In an example involving four images, the reason-
ing discusses a blue car in the first image, but the extracted
question refers to the car as the blue car without specifying
the first image, resulting in critique errors.

F. Limitations
The main limitation of this work is its task setting, which
constrains the CoT to at most five reasoning steps, poten-
tially affecting its generalization to complex reasoning or
multi-turn interactions. While this work provides a valuable
initial investigation into LVLM critique and correction, this
limitation highlights opportunities for future research.



Figure 18. Dataset examples.



Figure 19. Examples for each task in our dataset.



Figure 20. Examples of model responses with outcome errors, process errors, and no errors.

Figure 21. Correction performance given model-generated or human-generated critiques with different granularity.

Figure 22. Calculation of correction gain.

Figure 23. Prompt template for collecting model responses and an
example response. The highlighted fields will be filled with the
information according to each data point. The “reasoning” field in
the model response will be split into multiple reasoning steps using
nltk.tokenize.sent tokenize.



Figure 24. Interface of critique annotation.

Figure 25. Calculation of VISCore.



VISCore
Total Reasoning Perception

Answer Thought Expl. Answer Step Expl. Answer Step Expl.

Random - 37.91 32.02 - 39.44 33.10 - 36.03 30.54 -

Tiny-size (<3B) Open LVLMs

Qwen2-VL-2B 9.76 30.7 23.0 1.3 29.5 24.3 1.7 31.9 21.3 0.8
InternVL2-2B 13.96 36.1 28.2 2.7 37.3 29.3 3.7 34.8 26.8 1.5

Small-size (∼7B) Open LVLMs

DeepSeek-VL-7B 7.53 21.8 15.7 1.2 18.7 14.4 1.6 24.9 17.5 0.8
LLaVA-v1.5-7B 6.51 11.9 13.4 1.7 12.7 13.5 2.0 10.9 13.3 1.4
LLaVA-v1.6-7B 21.80 44.6 33.6 6.9 46.8 34.6 7.8 41.3 31.9 5.6
LLaVA-v1.6-Vicuna-7B 11.45 27.7 24.1 2.3 25.8 24.3 2.2 29.9 23.8 2.4
LLaVA-OV-7B 7.53 14.5 14.9 2.0 16.8 15.7 2.2 11.7 13.8 1.6
Qwen-VL-7B 12.69 33.1 26.4 2.3 31.2 26.7 2.8 35.1 26.0 1.8
Qwen2-VL-7B 21.71 43.0 30.6 7.8 44.5 30.4 7.3 41.1 31.0 8.4
Molmo-7B 13.43 35.5 22.0 3.1 35.7 23.6 4.1 35.3 19.8 1.6
InternVL2-8B 23.33 37.1 31.1 11.0 44.2 37.4 14.1 26.1 19.7 5.6
MiniCPM-V2.6 (8B) 13.07 27.9 18.2 4.4 32.0 21.7 5.5 22.4 12.4 2.7

Medium-size (10∼70B) Open LVLMs

Llama-3.2-11B 11.44 29.4 21.1 2.4 31.4 23.0 3.3 26.9 17.6 0.8
LLaVA-v1.6-13B 21.02 40.2 32.8 7.1 43.6 36.5 7.6 34.4 25.9 6.1
InternVL2-26B 25.20 39.4 30.2 13.4 48.7 36.8 16.9 24.5 18.5 7.2
LLaVA-v1.6-34B 11.05 23.6 14.3 4.0 29.4 17.4 4.2 15.3 9.5 3.6
InternVL2-40B 28.48 41.6 31.4 17.7 47.8 37.4 20.7 32.0 20.7 12.4

Large-size (>70B) Open LVLMs

LLaVA-OV-72B 35.27 47.1 42.0 22.2 49.3 44.7 23.2 43.9 37.3 20.5
Qwen2-VL-72B 37.44 49.2 41.9 25.5 56.3 49.0 30.8 38.0 28.6 15.5
NVLM-72B 33.07 44.0 38.6 21.3 52.6 46.1 26.1 30.6 24.7 12.3
Molmo-72B 35.59 49.4 39.8 22.9 57.5 46.8 26.8 36.5 26.4 15.5
InternVL2-76B 26.38 37.7 28.6 17.0 47.3 35.6 21.2 22.9 16.2 9.6
Llama-3.2-90B 36.40 46.8 42.5 24.3 55.7 49.1 28.8 32.9 30.5 16.1

Critique LVLMs

Prometheus-Vision-7B 17.67 37.6 35.8 4.1 37.2 37.6 3.1 38.0 33.4 5.4
LLaVA-Critic-7B 20.02 32.0 28.7 8.8 36.3 30.3 9.5 26.3 26.3 7.7
Prometheus-Vision-13B 19.32 38.0 37.8 5.0 42.0 40.1 4.6 33.1 34.5 5.6
LLaVA-Critic-72B 42.60 53.9 50.9 28.2 56.3 54.8 28.6 50.5 44.8 27.4

Proprietary LVLMs

Gemini-1.5-Pro 45.01 55.6 51.2 32.0 58.8 55.0 35.7 51.2 45.2 26.3
Claude-3.5-Sonnet 51.28 61.8 58.1 37.6 65.4 61.6 43.5 57.4 53.2 29.5
GPT-4o 52.36 63.0 57.2 39.8 65.2 61.4 43.5 60.1 50.3 34.0

Human∗ 86.47 100.0 90.6 71.4 100.0 90.6 66.8 100.0 90.6 76.4

Table 6. Detailed critique performance VISCO. In addition to the overall VISCore score, we also report the critique F1 at three granu-
larity: answer-level F1, step-level F1, and explanation-level F1. We also report the scores for the two categories, reasoning and perception
respectively. We also include a few additional models compared to Table 3 in the main content.



You task is to evaluate a **critique** of reasoning.

You are given a question about an image, an incorrect chain-of-thought trying to answer the question, and a **critique** that explains why the STEP NUM step of the chain-of-
thought is incorrect. You are required to focus on the STEP NUM step, and analyzes whether the critique correctly identifies the source of error.

For reference, you will be provided with the ground truth critique for each individual step. Evaluate the critique by comparing against the ground truth. Focus on whether the
critique accurately identifies the **core mistake**. If the critique addresses the core error and does not contain factual or logical error, minor deviations or omissions in reasoning
or explanation should be considered as correct.

Think step by step, then provide your judgment. Your response should end with either:

# Judgment: the critique is correct.

or

# Judgment: the critique is incorrect.

... In-context examples ...

# Question: QUESTION

# Chain-of-thought: CoT

Figure 26. Prompt for LLM-assisted evaluation of critique explanation. The highlighted fields are to be filled according to each data
point. We omit the in-context examples here.

You are given an image, a question about the image, a reasoning process involving multiple steps, and a final answer. Evaluate the accuracy of each reasoning step and the final
answer. For each reasoning step, evaluate whether it is correct or incorrect. If it is incorrect, briefly explain why. Then, evaluate the final answer as correct or incorrect.

Your response should be a json in the following format:
```json
{
"step 1": {"correctness": true or false, "explanation": "Write your explanation here"},
...,
"answer correctness": true or false
}
```

—

Instructions for evaluating reasoning steps:
* For each reasoning step, evaluate whether it is correct or incorrect based on the accuracy of the factual information and logical calculations it contains.
* Evaluate each step in isolation.
* You do not need to evaluate the importance of the step in achieving the correct final answer; focus solely on the correctness within that step itself.

—

# Question: QUESTION

# Reasoning: CoT

# Answer: ANSWER

Figure 27. Prompt for critique task. The highlighted fields are to be filled according to each data point.

You are given an image, a question about the image, a multi-step reasoning process leading to an answer, and the critique for each reasoning step. Based on this information, think
step by step and provide the correct answer. Your response should end with a json dictionary as follows:
```json
{"answer": ANSWER}
```
ANSWER should be ANSWER FORMAT.

# Question: QUESTION

# Reasoning:
1. REASONING STEP 1
- Critique: CRITIQUE FOR STEP 1
...
The final answer is: MODEL RESPONSE ANSWER
- Critique: CRITIQUE FOR ANSWER

Figure 28. Prompt for correction task. The highlighted fields are to be filled according to each data point.



Figure 29. Example of LOOKBACK.
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