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Abstract

Vision-Language Models (VLMs) have achieved remark-
able progress in integrating visual perception with language
understanding. However, effective multimodal reasoning
requires both accurate perception and robust reasoning,
and weakness in either limits the performance of VLMs.
Prior efforts to enhance reasoning often depend on high-
quality chain-of-thought (CoT) data, obtained via labor-
intensive human annotations, costly proprietary models or
self-training methods that overlook perception. To address
these limitations, we propose a simple yet effective self-
training framework called "See-Think-Learn" (STL). At its
core, STL introduces a structured reasoning template that
encourages the model to see before thinking: first extracting
visual attributes in textual form, then using them to guide
reasoning. The framework jointly improves perception and
reasoning by having the model generate and learn from its
own structured rationales in a self-training loop. Further-
more, we augment the training data with negative rationales,
i.e. explanations that justify why certain answer choices
are incorrect, to enhance the model’s ability to distinguish
between correct and misleading responses. This fosters more
discriminative and robust learning. Experiments across di-
verse domains show that STL consistently outperforms base-
lines trained directly only on answers or self-generated rea-
soning, while qualitative analysis confirms the high quality
of its rationales. STL thus provides a cost-effective solution
to enhance multimodal reasoning ability of VLMs. Our code
is available at https://github.com/srbhcs/see-think-learn.

1. Introduction
Large Language Models (LLMs) have recently demonstrated
remarkable advances in complex reasoning through the use
of Chain-of-Thought (CoT) prompting [13, 18, 28, 33]. By
explicitly encouraging models to generate intermediate rea-
soning steps before arriving at the final answer, CoT sig-
nificantly boosts performance on a wide range of textual
tasks [3, 6, 22, 38]. Motivated by this success, recent works

Question: 

Where is the location of
the bench? Select the
correct answer from the
following choices:
(a) Backyard
(b) Beach
(c) Public park
(d) Courtyard

Correct Answer: (c)

STaR

R3V

STL
(Ours)

Rationale: The wooden bench is located
in a courtyard. 
Generated Choice: (d)

Rationale: The bench is located in a
courtyard.
Generated Choice: (d)

Caption: The image shows a wooden
bench located in a garden setting. The
bench is situated in a dirt area, and it is
surrounded by plants.

Rationale: The bench is located in a garden
setting, which is typically found in public
parks or backyards. The dirt area and the
presence of plants suggest that it is in a
garden, and the bench is likely meant for
people to sit and enjoy the surroundings.

Generated Choice: (c)

Figure 1. Comparison of reasoning generated by our “See-
Think-Learn” (STL) framework with STaR [37] and R3V [9].
STL produces more detailed and perceptually grounded rationales,
whereas STaR and R3V tend to overlook contextual cues and pro-
vide shorter, less comprehensive explanations.

[19, 29, 30] have attempted to extend CoT prompting to
multimodal extensions of LLMs, termed as Visual Language
Models (VLMs) [1, 2, 10, 14, 15, 25]. However, reasoning in
VLMs remains a fundamental challenge due to their limited
capacity to jointly understand and reason over both visual
and textual information.

A major bottleneck in training VLMs for CoT-style rea-
soning is the lack of high-quality supervision. Existing
datasets [17, 23] are often limited to short answers with min-
imal or no explanatory rationales. For curating high-quality
rationales, current research typically relies on labor-intensive
human annotations (e.g., [5, 36]) which are difficult to scale
or on proprietary black-box models like GPT-4V [20] or
Gemini [36] which are expensive.

To overcome these limitations, we propose a simple yet
effective self-training framework called See-Think-Learn
(STL). STL leverages the model’s existing perception and
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reasoning capabilities to iteratively improve itself by gener-
ating and learning from its own rationales. A key question in
this process is: What should the structure of these rationales
be? Effectively answering a visual question requires strong
perception and reasoning. To strengthen both components,
STL introduces a structured rationale format grounded in the
principle of “see before thinking”. Specifically, the model
is prompted to (1) first describe visual elements from the
image, (2) then reason about them in context, and (3) finally
produce an answer. This structure mirrors the natural human
cognitive process and guides the model in better organizing
its internal reasoning.

Relying only on rationales from correct answers provides
limited supervision, as the model observes only successful
reasoning paths. This weakens performance on complex
tasks where distinguishing correct from incorrect reasoning
is critical. To address this, we introduce negative rationales
(explanations of why certain answers are wrong) alongside
positive ones. This mirrors reflective human learning, where
understanding improves by analyzing both successes and
mistakes. Negative rationales expose flawed reasoning pat-
terns and highlight contrasts between correct and incorrect
answers, helping the model avoid pitfalls such as hallucina-
tions and unsupported inferences.

We operationalize this idea in our Self-Taught Multimodal
Reasoner (STL), a scalable self-training framework where a
VLM learns to generate both positive and negative rationales
and iteratively improves through retraining on these struc-
tured annotations. As illustrated in Figure 1, STL produces
more detailed and accurate reasoning. Evaluations across
commonsense, scientific, and language-based domains show
that STL outperforms models trained on final answers alone
and remains broadly comparable to models trained with
human-annotated rationales (Table 3), despite some varia-
tion across datasets. These results highlight STL’s potential
as a practical alternative to annotation-heavy approaches.

In summary, the contributions of this work are as follows:

1. We introduce the "see-before-thinking" rationale struc-
ture, which explicitly separates perception and reasoning
components within the generated rationale.

2. We enhance training data with negative rationales, allow-
ing the model to learn to distinguish between correct and
incorrect reasoning paths.

3. We present a self-training framework, STL that leverages
structured rationales to jointly improve perception and
reasoning, in contrast to prior approaches that emphasize
reasoning alone.

4. We assess our method across domains such as common-
sense, language, and science, and present detailed abla-
tions showing that STL boosts performance while avoid-
ing the limitations of human or proprietary supervision.

2. Background and Related Work

Vision-Language Reasoning. Reasoning [4, 31, 39] has
been shown to play a critical role in enhancing the perfor-
mance of Vision-Language Models (VLMs). While recent
VLMs achieve strong results on general benchmarks [8, 16],
effectively incorporating visual information into the reason-
ing process remains a persistent challenge, particularly for
open-source models [2, 14, 15]. One direction has explored
prompt-based strategies that assign functional roles to VLMs
via system prompts, enabling modular step-by-step reason-
ing. For example, Cantor [11] structures reasoning into
context analysis followed by high-level feature generation,
while CCoT [19] leverages scene graphs to capture object-
attribute relations and guide a two-stage process of graph
construction and reasoning.

Another direction relies on learning-based approaches
that fine-tune VLMs on datasets containing multimodal
reasoning chains [24, 27, 30, 32]. Such datasets are typi-
cally curated using powerful teacher models (e.g. GPT-4o,
Deepseek-R1) or through costly human annotations [8, 17],
raising concerns about scalability. In contrast, our work
avoids this reliance by enabling VLMs to enhance their rea-
soning abilities through self-learning, without requiring cu-
rated rationales.

Self-Training Methods. Self-training is a semi-supervised
paradigm where a model improves by generating supervision
from its own outputs. In Large Language Models (LLMs),
it has been widely used to strengthen reasoning: models
generate intermediate rationales (e.g. chain-of-thought) for
unlabeled data, which are then reused as training signals
in subsequent iterations. This iterative process enhances
reasoning while reducing dependence on human annotations
[7, 34]. Seminal works have advanced LLM reasoning by
sampling rationales, filtering them for correctness, and fine-
tuning on positive samples [12, 35, 37]. By contrast, self-
training for VLMs remains relatively underexplored.

In the video domain, Video-STaR [40] extends STaR
[37] by generating question-answer pairs from labeled video
datasets for instruction tuning. More recently, R3V [9] ex-
plored self-training for reasoning in VLMs. However, unlike
STL, R3V relies on knowledge distillation from GPT-4o [21]
as a warm-up stage and requires additional bookkeeping to
track responses that evolve from incorrect to correct across
iterations.

Furthermore, both Video-STaR and R3V omit explicit
visual descriptions in their reasoning templates. STL dif-
fers by introducing a cost-effective reasoning template that
integrates image descriptions, thereby improving percep-
tion and reasoning over successive iterations. Additionally,
STL leverages discriminative learning to unlearn spurious
correlations that otherwise lead to systematic errors.
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3. Method
The Self-Taught Reasoner (STaR) algorithm [37] is a sem-
inal self-training approach to improve reasoning in LLMs.
For relevance to our setting, we first describe its extension
to Vision-Language Models (VLMs). We then introduce our
proposed framework, See-Think-Learn (STL), which ad-
dresses the limitations of STaR by jointly refining perception
and reasoning. We assume access to a multiple-choice VQA
dataset

D = {(Ii, xi, Ci, ai)}Ni=1,

where Ii is an image, xi a question, Ci the candidate answers,
and ai the correct answer.

3.1. STaR for Enhancing VLM Reasoning
A simple adaptation of STaR to the VLM setting involves
providing its self-training loop with multimodal input, allow-
ing the model to perceive images and reason over text. A
VLM M maps the input (I, x, C) to a rationale-answer pair:

(r, â) = M(I, x, C),

where r is a rationale in natural-language and â the predicted
answer. At iteration n, the model produces

(ri, âi) = Mn−1(Ii, xi, Ci), i = 1, . . . , N.

We then partition these outputs into correct and incorrect
predictions:

D+
n = {(Ii, xi, Ci, ri, ai) | âi = ai},

D−
n = {(Ii, xi, Ci, ri, âi) | âi ̸= ai}.

In the STaR framework, both sets are used for retraining.
Correct predictions (D+

n ) are directly fine-tuned, while in-
correct predictions (D−

n ) undergo positive rationalization:
the model is given the gold answer ai and asked to produce
a new rationale r̃i that supports it. These newly generated
rationales are then filtered to retain only those that lead to
the correct answer. This yields a corrected set:

D̃+
n = {(Ii, xi, Ci, r̃i, ai) | (Ii, xi, Ci, ri, âi) ∈ D−

n }.

The combined dataset

Dn = D+
n ∪ D̃+

n

is used to fine-tune the model M to yield the model Mn.
By iteratively generating, correcting and retraining on

rationales, STaR bootstraps reasoning ability without addi-
tional human supervision. However, when applied to VLMs,
it faces two key limitations:
1. Perceptual grounding gap: STaR’s generated rationales

mix perception with reasoning, preventing the reasoning
from being properly conditioned on perceptual inputs.

2. Noisy rationales from positive rationalization: Be-
cause the gold answer is revealed, the model may gener-
ate superficially correct rationales while retaining flawed
reasoning (Figure 5).

Figure 2. An overview of our detailed “See-Think-Learn” (STL)
framework. In this framework, each image-question pair with
multiple choices, together with a positive rationale prompt, is fed
into the VLM to generate a caption, reasoning, and conclusion. If
the model predicts the correct answer, the tuple [Image, Question,
(Caption, Reasoning, Answer)] is stored as a Positive Rationale in
the Rationale Trainset. The remaining incorrect choices are used
to generate negative rationalizations, producing a caption and an
explanation of why the choice is incorrect, which are stored as
Negative Rationales [Image, Question, Incorrect Choice, (Caption,
Explanation)]. The VLM is then iteratively fine-tuned on this
dynamically constructed Rationale Trainset.

3.2. Self-Training Framework: See-Think-Learn
(STL)

To address these limitations, we propose STL, a self-training
framework that integrates perception into the reasoning loop.
STL differs from STaR in three key aspects:

Structured rationale prompts: We introduce a structured
rationale prompt that follows a "see before thinking" ap-
proach. As shown in Figure 3, our prompt has three parts:
(1) Caption, which gives a detailed description of the im-
age based on the question; (2) Reasoning, which involves a
detailed thought process grounded in visual details; and (3)
Conclusion, which gives the final answer based on reason-
ing. Specifically, the model is prompted to produce a tuple
(di, ri, âi), comprising an image description di, a rationale
ri, and a predicted answer âi.

Selective positive rationales: Instead of correcting ratio-
nales for incorrect predictions, STL retains only high-quality
rationales from correctly answered samples (obtained with-
out revealing the gold answer), thereby reducing noise. Con-
cretely, for each instance the model outputs

(di, ri, âi) = M(Ii, xi, Ci),

where di is an image description, ri a rationale, and âi the
predicted answer. We retain only the correct predictions:

Dpos
n = {(Ii, xi, Ci, di, r̂

+
i , ai) | âi = ai}.
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Positive Rationale Prompt:

You are an image based question-answering expert.
Given an image along with a multiple choice
question, your task is to select the correct
choice based on the image.
Your response should strictly follow the format
with three specific sections: CAPTION, REASONING
and CONCLUSION. Response:
###CAPTION: [Provide a detailed description of
the image, particularly emphasizing the aspects
related to the question.]
###REASONING: [Provide a detailed thought process
to answer the question.]
###CONCLUSION: [Provide the correct choice based
on the reasoning.]
Question: {question_and_choices}
Response:

Negative Rationale Prompt:

You are an image based question-answering expert.
Given an image along with a multiple choice
question and an answer, your task is to explain
why the answer is wrong.
Your response should strictly follow the
format with two specific sections: CAPTION
and EXPLANATION. Response:
###CAPTION: [Provide a detailed description of
the image, particularly emphasizing the aspects
related to the question.]
###EXPLANATION: [Provide a detailed explanation
for why the answer is wrong.]
Question: {question}
The correct choice is {correct_choice}.
Explain why this answer is wrong:
{incorrect_choice}
Response:

Figure 3. Prompt templates used for positive and negative rationalization in the STL framework.

This dataset is used for iterative fine-tuning, encouraging the
model to improve both perception and reasoning.

Discriminative negative rationales: Rationales from cor-
rect samples capture only one side of the reasoning spectrum.
To emulate the human strategy of reflective learning, where
incorrect options are critically analyzed, we further augment
the training data with negative rationales: explanations for
why incorrect choices are wrong. This enhances the model’s
ability to distinguish the correct answer from the alterna-
tives. We now describe this process in detail in the following
subsection.

3.3. Negative Rationalization: Discriminative
Learning

To further strengthen reasoning, STL introduces negative
rationalization. For this, we focus only on samples that the
model previously answered correctly. We assume that a cor-
rect prediction means that the model has a good understand-
ing of the image and the question. Using this confidence, we
prompt the model (see Figure 3) to first describe the image
(di), then explain why each incorrect option c ∈ Ci \ ai is
not valid. These explanations are generated with the correct
answer ai included in the prompt to guide accurate reasoning.
Each explanation is stored as a tuple (Ii, xi, Ci, c, di, r̂

−
i,c),

where r̂−i,c is the negative rationale for option c.
Later, when used for training, the gold answer is withheld

from the prompt, forcing the model to reason independently
about distractors. This yields the negative rationale dataset:

Dneg
n = {(Ii, xi, Ci, c, di, r̂

−
i,c) | (Ii, xi, Ci, di, r̂

+
i , ai) ∈

Dpos
n , c ∈ Ci \ {ai}}.

(1)
Fine-tuning on the combined dataset Dpos

n ∪ Dneg
n en-

hances three complementary abilities: (1) perceptual ground-
ing via structured descriptions, (2) reasoning ability via pos-
itive rationales and (3) discriminative capability via negative

rationales, allowing the model not only to generate coherent
rationales for correct answers, but also to critically assess and
reject misleading or implausible alternatives. Algorithm 1
summarizes the entire STL procedure and Figure 2 illustrates
its workflow.

Algorithm 1 STL: SEE–THINK–LEARN

Require: Pretrained VLM M ; MCQ dataset D = {(Ii, xi, Ci, ai)}Di=1
1: M0 ←M ; n← 0
2: repeat
3: n← n+ 1
4: (A) Inference: Generate positive rationales (description, rea-

soning and prediction)
5: for all (Ii, xi, Ci, ai) ∈ D do
6: (di, r̂

+
i , âi)←Mn−1[posprompt, Ii, xi, Ci]

7: end for
8: (B) Construct positive rationale dataset from correct predic-

tions
9: Dpos

n ← {(Ii, xi, Ci, di, r̂
+
i , ai) | âi = ai}

10: (C) Inference: Generate negative rationales (description and
explanation)

11: for all (Ii, xi, Ci, di, r̂
+
i , ai) ∈ Dpos

n do
12: for all c ∈ Ci \ {ai} do
13: (di, r̂

−
i,c)←Mn−1[negprompt, Ii, xi, Ci, ai, c]

14: end for
15: end for
16: (D) Construct negative rationale dataset
17: Dneg

n ← {(Ii, xi, Ci, c, di, r̂
−
i,c) | c ∈ Ci \ {ai}}

18: (E) Combine and fine-tune
19: Dn ← Dpos

n ∪ Dneg
n

20: Mn ← train(M,Dn)
21: until converged

4. Experiments

To assess the effectiveness of our method, we conducted
comprehensive evaluations across four knowledge domains
using the LLaVA-v1.5-7B [15] model. To examine the gener-
alizability of our method across different VLMs, we further
conducted experiments with the Qwen2.5-VL-7B-Instruct
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Table 1. Performance Comparison on M3CoT Evaluation Splits
on LLaVA [15]. Accuracy of various baselines along with the
proposed STL across the four domains.

Method
Common

sense
Natural-
Science

Language-
-Science

Social-
-Science

Average

Zero-Shot Methods
Direct
VQA

57.58 36.40 45.02 29.62 42.16

CoT 54.94 35.5 35.54 24.68 37.66

Positive
Prompt
(Fig. 3)

53.40 33.20 40.28 27.55 38.61

Direct SFT
Direct SFT 60.22 46.10 46.92 34.24 46.87

Self-Training Methods
STaR[37] 64.98 53.90 48.82 41.88 51.21

R3V[9] 62.64 - 45.97 - -

Ours 67.19 50.45 55.92 43.79 54.34

model [26]. We start by detailing the datasets and base-
line methods used for comparison, implementation details
followed by the quantitative results and qualitative analysis.

4.1. Datasets
We evaluated our method across four domains, namely
commonsense, natural science, language science, and so-
cial science, using samples drawn from the M3CoT dataset
[5], which provides multi-domain, multiple-choice visual
question-answering tuples paired with human-annotated ra-
tionales. The availability of these rationales allows a direct
comparison between our approach and human-annotated rea-
soning. The commonsense domain assesses reasoning about
physical, social, and temporal aspects depicted in images;
natural science focuses on visually grounded questions in
physics, chemistry, and biology; social science addresses
topics related to geography, economics, and cognitive sci-
ence; and language science encompasses questions involving
figurative language, grammar, and reading comprehension.

4.2. Baselines
We compare our approach against several strong baselines.
For zero-shot evaluation, we assess the base model’s perfor-
mance under different prompting strategies, including direct
answer prompting, Chain-of-Thought (CoT) prompting, and
our structured rationale prompt. We also include a direct SFT
baseline, where the model is fine-tuned on (image, question,
answer) tuples using direct prompting, instructing it to pre-
dict the answer without generating an intermediate rationale.
Finally, we compare our method with two state-of-the-art

Table 2. Performance Comparison on M3CoT Evaluation Splits
for Qwen [26]. Accuracy of various baselines along with the
proposed STL across two domains.

Method Commonsense Language Science Average

Zero-Shot Methods
Direct VQA 82.20 72.51 77.36

CoT 80.00 57.34 68.67

Positive Prompt (Fig. 3) 80.48 73.46 76.97

Direct SFT
Direct SFT 82.42 79.15 80.79

Self-Training Methods
STaR[37] 81.54 80.57 81.06

R3V[9] 80.44 74.88 77.66

Ours 84.32 86.41 85.36

self-training approaches: STaR [37] and R3V [9].

4.3. Implementation Details
We fine-tuned both the LLaVA-v1.5-7B [15] and Qwen2.5-
VL-7B-Instruct [26] models using LoRA with rank r = 128
and scaling factor α = 256. To support memory-efficient
training, we used DeepSpeed ZeRO-3 and enabled gradient
checkpointing. Training was performed for one epoch with
a batch size of 8 and 3 gradient accumulation steps under
a cosine learning-rate schedule. All experiments were run
on a single NVIDIA A6000 GPU (48 GB VRAM). The self-
training methods were executed for 6–7 iterations, and we
report test-set accuracy for all results.

5. Quantitative Evaluation
We evaluated STL against several baselines using accuracy,
with results on LLaVA presented in Table 1. Zero-shot
prompting struggles with multimodal reasoning, and Chain-
of-Thought (CoT) prompting performs worse than direct
prompting (Direct VQA). The higher accuracy observed
in the Direct VQA setting compared to CoT prompting in-
dicates the inherent shortcut-seeking behavior of MLLMs.
When prompted to reason before answering, models such as
LLaVA, which possess limited reasoning capabilities, often
generate incorrect rationales, ultimately leading to incorrect
answers. Direct SFT, which trains the model to answer ques-
tions without generating rationales, achieves a modest 4%
gain over zero-shot methods.

Self-training methods leverage the base model’s weak
reasoning to bootstrap reasoning datasets, achieving sub-
stantial gains. STL performs best, surpassing STaR by 3%
and R3V by 7%, producing higher-quality rationales than
the baselines. Notably, after STL training, the model can
generate coherent rationales for new problems, contributing
to its improved performance.
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Figure 4. Comparison of our “See-Think-Learn” (STL) framework with CoT Prompting. The example is taken from the Commonsense
Split of M3CoT Dataset [5]. Unlike CoT prompting a., our STL framework (b. and c.) effectively generates a detailed description and
accurate reasoning for the image by leveraging the proposed Positive and Negative Rationale Prompts. In a., the answer is incorrect, and the
image description is missing. In b., although a detailed description is provided, it is inaccurate. For example, it mentions a “fork” and “knife”
that are not present in the image. In contrast, c. produces both the correct answer and an accurate description, capturing key elements such
as “serve” and “buffet”. Q: Question; O: Options;

Table 3. Comparison with human-annotated rationale training.
Evaluation of STL vs. M3CoT [5] rationales on Language-Science
and Commonsense splits.

Model Language Science Commonsense Average

LLaVA (Human) 66.82 60.44 63.63
LLaVA (Ours) 55.92 67.19 61.56

Qwen (Human) 72.98 78.68 75.83
Qwen (Ours) 86.41 84.32 85.36

Interestingly, STaR outperforms STL on the Natural Sci-
ence dataset. This is largely due to STaR’s sample genera-
tion strategy: besides using high-quality positive samples,
it employs positive rationalization by reprompting incorrect
answers with hints emphasizing the correct choice. This en-
ables the model to reach correct answers without true reason-
ing, a shortcut that can produce inconsistent or misaligned
explanations. In contrast, STL relies solely on correctly
answered samples and applies negative rationalization for
augmentation, encouraging the model to differentiate correct
from incorrect reasoning. Although STaR benefits from a
greater exposure to training data, STL prioritizes robust, gen-
uine reasoning. Figure 5 illustrates an example of shortcut
learning in STaR.

To further assess the generalizability of our approach to
stronger, modern VLMs, we applied the STL framework to
Qwen2.5-VL-7B [26] on the Commonsense and Language
Science domains. Compared to LLaVA, the Qwen model ex-

Table 4. Ablation Study. W/O: Without, W/: With, Neg: Negative
Rationalization, Cap: Structured Rationale Prompt

Method Language Science Commonsense

W/O (Cap+Neg) 46.44 59.56

W/O Neg 48.34 64.62

Ours (W/ (Cap+Neg)) 55.92 67.19

hibits superior reasoning abilities, as reflected in Direct VQA
performance. However, shortcut learning is still evident: per-
formance drops noticeably when the model is prompted to
generate reasoning before answering. Fine-tuning directly
on the answers improves overall performance by 3%. As
expected, self-training methods provide much larger gains,
demonstrating that STL can also be used to enhance the
reasoning capabilities of stronger models.

Comparison with human-annotated rationales: To com-
pare the reasoning quality, we use the human-annotated ra-
tionales from M3CoT. Table 3 compares models fine-tuned
on these human-annotated rationales with the models fine-
tuned using See-Think-Learn (STL) self-generated ratio-
nales, across the Language Science and Commonsense do-
mains. Although human-annotated rationales remain higher
in quality, STL-generated samples achieve competitive or
superior performance, demonstrating that STL can approxi-
mate human-level reasoning while providing a scalable alter-
native to manual annotation.
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Figure 5. Qualitative Comparison on Natural Science Domain. Qualitative analysis shows that STL (ours) produces more coherent and
logically consistent explanations than STaR, indicating deeper understanding and more faithful reasoning.

5.1. Ablation Studies

We perform two ablation studies to assess the impact of each
component of the proposed STL framework on the language
science and commonsense domains. The W/O (Cap+Neg)
condition represents our STL framework implemented with-
out the proposed structured rationale prompt and negative ra-
tionalization i.e. this setup utilizes a prompt without caption
and fine-tunes on just the correctly answered rationales. The
W/O Neg condition excludes only the negative rationaliza-
tion component from our framework. As shown in Table 4,
removing both the structured rationale prompt and nega-
tive rationalization results in noticeably lower performance,
mainly due to the loss of enhanced perception and discrimi-
native learning. Introducing the structured rationale prompt
significantly improves accuracy by guiding the model to
carefully analyze the image before reasoning, thereby en-
abling iterative refinement of its perception during training.

Furthermore, incorporating negative rationalization augmen-
tation yields an additional performance gain, as the model
learns to better discriminate between correct and incorrect
answers.

In Figure 4, we show a qualitative example, demonstrat-
ing the effect of the positive rationale template and discrim-
inative learning through negative rationale template. The
image depicts a bowl-based serving setup and the correct an-
swer is buffet breakfast. Figure 4 a. shows the output of the
model with CoT prompt (No description). The model fails to
generate any rationale and answers the question incorrectly.
When fine-tuning the model using self-training with Positive
rationales (STL template) only, the model is able to gener-
ate a description which is partially correct leading to the
same incorrect prediction. By contrast, STL fine-tuned using
both positive and negative rationales corrects the answer and
grounds reasoning in verifiable cues, such as a bowl of food
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Figure 6. Comparison of Preferred Rationale Counts across
Domains. Each subplot displays the number of times the rationale
generated by each method (STaR and STL) was preferred (out of
150) within a domain. Across all domains, the reasoning generated
by STL is preferred for more samples than that of STaR, highlight-
ing its superior quality.

with a spoon and self-serve presentation, while avoiding
nonexistent items. This suggests that STL improvements
stem not from longer rationales but from the complementary
effect of negative rationales, which suppress spurious tokens
and guide the model toward subtle, task-relevant visual cues,
enhancing both accuracy and rationale fidelity.

5.2. Qualitative Results

Qualitative Example on Commonsense: Figure 1 shows
an example from the commonsense domain with reasoning
generated by STaR, R3V, and STL. Both STaR and R3V tend
to overlook perceptual details and produce short explana-
tions that resemble descriptive answers rather than grounded
reasoning. In contrast, STL attends to contextual cues such
as the plants in the background and the dirt area, enabling it
to generate a more comprehensive rationale that leads to the
correct answer.
Qualitative Example of Natural Science Domain: Figure
5 provides a qualitative comparison of reasoning outputs
on the Natural Science domain, highlighting differences be-
tween STaR and STL. In the example, the model is asked
to identify which animal is adapted to be camouflaged in a
sandy desert. The base model out of the box when prompted
using CoT prompt is able to generate good reasoning but
still end up predicting the incorrect choice demonstrating the
inherent biases the model has when predicting the answers.
STaR (with Positive Rationalization) encourages to learn in-
correct reasoning. It mistakenly highlights the polar bear as
camouflaged, and its rationales are inconsistent with the final
answer, reflecting limited understanding of the visual context.

In contrast, STL produces structured and logically consis-
tent rationales. Using positive and negative rationalization,
STL correctly identifies the lizard as adapted for camouflage
and provides clear, step-by-step explanations. The caption
accurately describes the scene, the reasoning links the ob-
servation to the correct choice, and the conclusion aligns
perfectly with the rationale. The negative rationalization
additionally reinforces the distinction by explaining why the
polar bear is not the correct answer.

Overall, this example illustrates that STL generates more
faithful and coherent explanations compared to STaR, in-
dicating deeper understanding and stronger reasoning ca-
pabilities. Such qualitative improvements complement the
quantitative gains observed in accuracy and suggest that STL
promotes robust reasoning rather than relying on shortcuts.
This also suggests that while STaR may achieve marginally
better accuracy in some domains due to shortcut learning,
STL fosters deeper understanding and more faithful reason-
ing. More qualitative samples are provided in the Supple-
mentary Material.

6. Subjective Analysis

To assess rationale quality, we conducted a subjective evalu-
ation comparing reasoning generated by STL and STaR for
the LLaVA model. We randomly sampled 150 rationales per
domain from questions both methods answered correctly and
asked three annotators to compare them. Each annotator was
shown the image, the corresponding question, and reasoning
from both methods, without knowing which model produced
them. Annotators ranked the two reasoning, and to ensure
consistency, all assessed the same set of samples within
each domain. Further details of the annotation procedure are
provided in the Supplementary Material.

On average, STL reasoning were preferred 35% more
often than those from STaR. Figure 6 summarizes these re-
sults, showing that across all domains, STL was consistently
chosen more frequently. These findings demonstrate STL’s
effectiveness in producing rationales that better align with
human preferences and provide higher-quality reasoning
compared to existing methods.

7. Conclusion

We present the See–Think–Learn (STL) framework, a self-
training strategy that enables vision–language models to en-
hance multimodal reasoning without costly human-annotated
rationales. By leveraging structured prompts with both posi-
tive and negative rationales, STL improves visual understand-
ing and discriminative learning. The framework achieves
strong empirical performance across tasks, demonstrating
that models can effectively learn from their own generated
perceptions and explanations, laying the groundwork for
more advanced multimodal reasoning.
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