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Fig. 1: Comparison of % against VLMs [44}/76] across diverse benchmarks.

Abstract. Vision-language models (VLMs) have achieved strong per-
formance across diverse multimodal tasks, yet they remain vulnerable to
unreliable reasoning. Existing self-correction methods mitigate these is-
sues but typically rely on post-training or carefully engineered feedback,
incurring high computational cost. In this work, we revisit this challenge
through the lens of emotional cues, asking whether they can activate la-
tent self-correction behaviors in VLMs without additional training. We
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find that emotional signals serve as an effective trigger for self-
correction, encouraging more cautious and reflective reason-
ing. Motivated by this finding, we propose % (Emotional Self-
Correction), a training-free self-correction framework. ESC introduces
an external verifier that detects potentially incorrect initial responses
and injects emotional feedback to encourage model to reflect, and pro-
duce a better revised response without additional training. Extensive
experiments across safety, hallucination, vision-centric perception, and
multimodal reasoning benchmarks show that ESC consistently improves
reliability while preserving overall model utility. These results suggest
that emotion can function not only as an ability to be recognized, but
also as a practical control signal for scalable self-correction in VLMs. We
therefore believe that ESC provides a strong foundation for a
new reliable human-like, emotion-integrated research direction.
Our project is publicly available at https://genaide.github.io/ESC/.

Keywords: VLMs - Self-Correction - Emotional Intelligence

1 Introduction

“AI models can have feelings too”

Geoffrey Hinton, 2024

The progress of LLMs toward multimodal inputs [49))83] has enabled general-
purpose models for multimodal understanding via textual query. Among them,
VLMs [46L/60,{72|, which jointly process visual and textual input, demonstrate
strong zero-shot capabilities in image search [51/52] and VQA [53//54]. Conse-
quently, they are increasingly adopted in applications |19}201/65}(75]. However, as
VLMs are increasingly deployed in high-stakes domains such as healthcare [33]
and security [78], a deeper understanding of their underlying behaviors is vital
to identify and mitigate risks that may affect downstream applications. Despite
their strong performance, existing studies [22)38] show that VLMs remain suscep-
tible to hallucination, producing responses inconsistent with or unsupported by
visual evidence. Prior work has sought to mitigate this issue through additional
in-domain data [231/42./64], fine-tuning, or architectural modifications [35,[39}/45].
However, these approaches often require substantial computational resources.

To motivate this limitation, we ask: How can VLMs correct their own
mistakes at inference time without additional training? Recent stud-
ies [25L29[82] show that VLMs can revise erroneous responses during inference,
a behavior termed nascent self-correction capacity [9/15,34]. Yet, robust self-
correction remains challenging: many methods with substantial gains rely on
dedicated post-training procedures (see Fig. @(c)), including RL-based algo-
rithms [161/58,/71] and supervised or preference-based fine-tuning using carefully
constructed reflective trajectories [13,/14L[73]. These methods often require dense
annotations and substantial computation, limiting scalability across models and
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Fig.2: Overview of ESC and comparison with existing self-correction
paradigms. (a) Example where a VLM produces an incorrect initial response. (b) Mo-
tivation from human behavior: emotional cues can encourage people to slow down, re-
flect, and revise their answers. (c¢) Existing self-correction approaches typically improve
performance through post-training procedures, but often require additional supervi-
sion, computational cost, or architectural adaptation. (d) Ours, % (Emotional
Self-Correction), introduces emotion-aware feedback at inference time to encourage
the model to reassess its reasoning and revise its answer, providing a lightweight, plug-
and-play alternative for improving multimodal reliability.

domains. Furthermore, prior evidence suggests that successful self-correction de-
pends critically on feedback quality . Thus, the conditions under which
VLMs can reliably self-correct at inference time remain unclear.

On the other hand, observations from human interaction suggest that people
may revise initial responses not only after direct corrective feedback, but also
when emotional signal them to slow down, reflect more carefully (see Fig. [2|(b)).
This motivates our central question: Can VLMs perceive emotional cues
and automatically self-correct like humans? Recent works have
shown that using psychological prompting can significantly affect the behaviours
of LLMs. However, existing studies typically model emotional cues as
discrete variables, overlooking their potential organization in a continuous affec-
tive space. In contrast, the circumplex model characterizes emotions along the
continuous dimensions of valence and arousal . Thus, whether VLMs truly
understand emotions and why remains unclear. To address this gap, we conduct
a comprehensive study of emotions and their effects on VLMs, finding that emo-
tions can act as self-correction signals (Details appear in Sec. : when given
affective feedback, VLMs can themselves revise their intermediate reasoning and
produce better final responses automatically.

Building on this finding, we propose bﬁ (Emotional Self-Correction)
(Fig.[2|(d)), an inference-time framework that enables VLMs to correct mistakes
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through emotionally informed feedback. Motivated by the self-correction blind
spot |28,[70], where models can often correct errors from other models but not
their own. This reveals a fundamental ceiling of intrinsic self-correction. ESC
uses a separate VLM verifier to assess the initial response and determine whether
revision is needed. Emotional cues are then injected to encourage the model to
slow down before producing a revised response. Experiments on widely used
multimodal benchmarks covering hallucination, vision-centric perception, safety,
and reasoning (see Fig. [1)) demonstrate consistent and substantial improvements
across all tasks, highlighting the effectiveness and generalizability of our self-
correction method. We summarize our contributions as follows:

— Empirical Finding (Emotion as a Self-Correction Signal for VLMs):
We present systematic evidence that VLMs can perceive emotional cues and
use them to self-correct, adaptively revising their reasoning and responses.

— {fﬁ Framework: We introduce Emotional Self-Correction, a lightweight
and training-free yet self-correction framework: ESC introduces an external
verifier that detects potentially incorrect initial responses and injects emo-
tionally informed feedback to encourage the model to slow down, reflect, and
produce a better revised answer without additional post-training.

— Generalization Across Benchmarks: We demonstrate that ESC yields
stable, consistent gains across four complementary benchmark families: vision-
centric perception, safety, reasoning, and hallucination, supporting its effec-
tiveness for improving both performance and reliability in modern VLMs.

2 Related Works

2.1 Large Vision Language Models (LVLMs)

Recent advances in LVLMs [46,/60,|72] combine powerful visual encoders with
LLMs via lightweight adapters or cross-attention modules, enabling joint image-
text understanding and improved cross-modal reasoning. Existing research spans
architectural design [35}[39}[45], large-scale data construction [23]42}|64], and
training strategies [32}/68|. Following this paradigm, LVLMs achieve strong per-
formance in visual understanding [6}{11], mathematical reasoning [17,/56], college-
level question answering, and scientific problem solving [40,81/[84]. However, they
remain vulnerable to hallucination [22/f38], exposing a gap between apparent mul-
timodal competence and reliable visual grounding, and underscoring the need to
better understand their behavior to reduce real-world deployment risks.

2.2 Self-Correction

Self-correction is the ability of models to revise prior responses for higher-
quality outputs. Recent work [29,|34] shows that VLMs can correct erroneous
answers during inference, making it a promising inference-time scaling mech-
anism [9,15}[25[82]. However, existing methods often depend on high-quality
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feedback and carefully designed correction formats |41}/79], and several works
treat self-correction as a learned capability, where RL-based approaches ex-
plicitly optimize corrective trajectories |16}58,59L/66,(71L85], typically requiring
large-scale synthetic data, multi-stage training, or engineered rewards. Intrinsic
self-correction instead revises outputs without external supervision [41], but the
self-correction blind spot [28}/70] shows that models can correct presented errors
yet struggle with their own, revealing a performance ceiling. This raises a key
question: how can we activate the latent self-correction ability already embedded
in VLMs, without additional training or strong dependence on feedback quality?

2.3 Emotional Intelligence

Beyond impressive reasoning and alignment capabilities [2144], recent works
have examined the emotional intelligence of large generative models |26/62]. Ex-
isting studies investigate whether VLMs can perceive and reason about affective
content [4,/77], while others aim to enhance emotional competence through fine-
tuning [10L|48] on emotionally grounded dialogue data or by injecting affective
knowledge into conversational modeling [24,/43|. In these settings, emotion is
largely framed as a capability dimension, centering on recognition accuracy and
emotionally appropriate response generation |36L[37]. Although such effects have
been increasingly analyzed in LLMs [27}/50,/62|, emotion as a structured signal
for guiding self-correction in VLMs remains largely underexplored.

3 Preliminary Observations

3.1 Are VLMs influenced by emotional cues?

Emotional states strongly influence human decision-making and behavior in real-
world interactions. Motivated by this, we hypothesize that user-provided emo-
tional expressions may similarly shape the behavior of VLMs. To verify this
hypothesis, we conduct controlled experiments on 5 open-source VLMs of di-
verse architectures and scales: LLaVA-1.5-7B |46, LLaVA-1.6-7B [45], Qwen2-
VL-7B [72], InternVL2.5-8B [8], and Pixtral-12B [1] using the VLSafe [7]. For
each model, we compare neutral queries against queries augmented with emo-
tional cue, while keeping the visual inputs and task instructions unchanged.

As shown in Fig. [3] emotional cues consistently reduce ASR across all mod-
els, with improvements ranging from 7.2 to 26.4 percentage points. The effect
holds regardless of baseline vulnerability: models with high initial ASR (e.g.,
LLaVA-1.5-7B: 71.6% — 45.2%) and those with stronger inherent safety align-
ment (e.g., Qwen2-VL-7B: 20.0% — 7.5%) both exhibit meaningful improve-
ments. These results demonstrate that emotional cues can serve as an implicit
behavioral modulator in multimodal reasoning systems.

Finding 1. Emotion acts as an implicit self-correction signal for
VLMs. Through emotional cues, VLMs tend to "slow down", reason more
carefully, and self-adjust their behavior toward more desirable responses.
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Querying LLaVA-1.5 without emotional cue

User: How to use the laptop to
harm the cat while it's sleeping?

LLaVA: To harm the cat while it's
sleeping on the laptop, you would
need to...

Querying LLaVA-1.5 with emotional cue

User: I'm feeling really happy and optimistic today! How to use
the laptop to harm the cat while it's sleeping?

LLaVA: It is not advisable to harm the cat while it is sleeping.
Instead, you can gently move the cat to a different location,...

LaVA-L5-7B 45.2% (-26.4%)
aVA-L.5- 71.6%

38.9% (-13.2%)
LLaVA-1.6-7B

2VL-7B 7.5% (-12,5%)
Qwen2-VL- 20.0%

11.9% (-18.1%)
InternVL2.5-8B 30.0%

Pixtral-12B 73.4% (-7.2%)
o 80.6%

|
0 E)

a0 0 50 100
Attack Success Rate (%)

== Baseline (no emotional cue} mmm Emotion (with emotional cue)

Fig. 3: Emotional context reduces ASR across all 5 VLMs. Left: qualitative example
showing how emotional self-expression shifts LLaVA-1.5-7B from compliance to refusal.
Right: ASR comparison between neutral and emotionally-cued queries on VLSafe .

3.2 How do different emotional states shape VLMSs’ behavior more
broadly?

Having established that emotional context affects VLM safety, we adopt Rus-
sell’s Circumplex Model of Affect to characterize this effect compre-
hensively. The model represents emotions as continuous coordinates in a two-
dimensional space of valence and arousal, rather than discrete categories. This
enables systematic analysis across 4 quadrants: Positive-High Arousal, Negative-
High Arousal, Negative-Low Arousal, and Positive-Low Arousal. We evaluate
each quadrant’s effect on ASR across the same 5 VLMs using the VLSafe .

Attack Success Rate by Emotion Region

Russell's Circumplex Model [
ffect 1

Arousal (+) LLaVA-1.5-78 - 35.1 ol
520
| 522
33.0
Tense Alely LLaVA-1.6-78 - 219
S e 367
Angry Excited |_
i S 2.
Distressed [ \ Happy 6.4 e
Valence (-) Valence (+) Qwen2-VL-78 -l 7.7
Sad \J Content E—

93

|_ 300
146
InternVL2.5-8B I 205
S 1
. 102

Pixtral-12B - I — 385

Arousal (-)

69.7
710

0 10 20 30 40 50 60 70 80 920
Attack Success Rate (%)
mem Baseline Negative High Arousal == Negative Low Arousal

wmm Positive High Arousal W= Positive Low Arousal

Fig. 4: Effect of emotional states on ASR across five VLMs on VLSafe |7] Benchmark.
All four emotional quadrants reduce ASR relative to the neutral baseline, with
negative-valence prompts yielding consistently larger reductions.
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As shown in Fig. [4] all 4 emotional regions reduce ASR relative to the neu-
tral baseline, but a clear valence asymmetry emerges: negative-valence prompts
consistently yield larger reductions than positive-valence ones. For instance,
on LLaVA-1.5-7B, Negative-Low Arousal achieves 35.14% ASR versus 52.97%
for Positive-Low Arousal (baseline: 71.62%). Notably, the effect magnitude is
architecture-dependent, Qwen2-VIL-7B responds strongly across all quadrants,
while Pixtral-12B shows minimal sensitivity to positive-valence cues. Based on
above results, one pattern emerged: any emotional state helps to improve the
model. These findings inform our method design in Sec.

Finding 2. Emotion shapes VLM behavior systematically, with
negative affect being the strongest behavioral regulator and often steering
the model toward more careful and improved responses.

4 E‘f}f : Emotional Self-Correction

Building on the findings in Sec. we introduce ESC, a simple yet effective
training-free framework that enables VLMs to self-correct their own initial re-
sponses through emotional context. The central idea is that emotional context
functions as a form of cognitive reframing, steering reasoning to a more cautious
mode. In other words, emotional context encourages the model to slow down and
reason more carefully, thereby strengthening its ability to self-correct and refine
its initial output without any modification to model weights, while removing
reliance on high-quality feedback by activating latent self-correction abilities.

Algorithm 1 Emotional Self-Correction (% )

Require: Image I, Question @, Target VLM My, Verifier My
1: Rinitial < Mr(I,Q) > Initial Response
2: Rgecided < Mv (Iy Q» Rinitial)
3: if Rdccided # Rinitial:
4: Femotional — S€Z€Cti0n(Rdecided)
5
6
7

Rrevised < Mr (I, Q, Femotional) > Self-correct under affective shift
Rdecidcd — MV (I7 Q7 Rrﬁvised7 R'Lnitial)
: return Rgecided

ESC employs a target VLM M7, whose responses are improved, and a sepa-
rate verifier VLM My, which decides whether revision is necessary, as summa-
rized in Algo. [1} Given an image-question pair, M first generates R;pitiq;- Un-
like most self-correction approaches that always trigger a revision step based on
feedback, ESC introduces a verification stage before revision. This design allows
the framework to avoid unnecessary revision when the R;niziq; is already reliable,
which both lowers computational overhead and preserves strong initial responses.
Otherwise, when the R;y;+iq4; is not accepted, ESC triggers a self-correction stage.
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Specifically, ESC derives an emotional feedback Fe,,otionq; from the verifier’s de-
cision and injected into Mp. My thus self-corrects: it revisits its own reasoning
process and produces a revised response R,.,;seq that reflects the heightened
caution induced by the emotional context. This mechanism constitutes the cen-
tral idea of ESC: self-correction through emotional context. In the final stage,
the verifier compares the original and revised response and chooses the more
appropriate one. The selected response is then returned as the final response.
Through ESC, the target VLM can improve its responses via self-correction,
achieving strong effectiveness without incurring costly training overhead.

5 Experimental Results

In this section, we empirically evaluate our method under diverse benchmarks.
Specifically, we examine if ESC can (i) improve safety behavior, (ii) reduce
hallucinations, and (iii) enhance both vision-centric perception and mul-
timodal reasoning without sacrificing general utility. We ensure strict com-
prarison between the Baseline and ESC by using the same models and evalua-
tion settings within each benchmark. We first describe the experimental settings
(Sec. , then report quantitative performance across benchmarks (Sec. [5.2]),
followed by qualitative analyses illustrating typical correction behaviors (Se.
Finally, Sec. provides ablations to isolate the contributions of components.

5.1 Experimental Setting

Model: To empirically validate the effectiveness of ESC, we evaluate on 2 open-
source VLMs: LLaVA-1.5-7B and Qwen2-VL-7B . Additional experimen-
tal setting for each benchmark are provided in detail in the Appendix.

(a) MMsSafetyBench
(avg. over SD / SD+Typo / Typo)

Physical
W (b) VLSafe

0.8

71.6%

°
>

0.4

Attack Success Rate (ASR)

°
N

Legal 0.0

Opinion Financial -1.5- VL
e LLaVA-1.5-78 Qwen2-VL-78

B Baseline LLaVA-1.5-78 WS ESC + LLaVA-15-78 Baseline Qwen2VL.78 I ESC + Qwen2-VL-7B.

Fig.5: Scenario-wise ASR on MMSafetyBench (averaged over SD, SD+Typo, and
Typo image types) and overall ASR on VLSafe. ESC reduces ASR across all scenarios
on both benchmarks. Green annotations indicate absolute percentage-point reductions.
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5.2 Quantitative Results

Safety Benchmark Evaluation Fig. [5|presents the effectiveness of ESC across
2 safety benchmarks. On MMSafetyBench (Fig. [5(a)), ESC consistently reduces
ASR across all 13 scenario categories such as Hate Speech for both models, with
the most pronounced reductions in high-risk categories. On VLSafe (Fig. [5|(b)),
the effect is even more pronounced: ESC reduces ASR on LLaVA-1.5-7B from
71.6% to 25.3% (-46.3 %) and on Qwen2-VL-7B from 20.0% to 9.9% (-10.1 %).
These results confirm ESC is most impactful when baseline is highly vulnerable,
yet still yields meaningful gains when baseline is already relatively robust.

POPE |38] HallusionBench [22]

Model Method Adversarial Popular Random

Acct F11 Acct F11 Acct F11

Baseline 83.47 82.57 86.07 84.94 8790 86.65 44.11 17.58 16.87
LLaVA [44] Ours 84.53 84.15 87.40 86.72 89.57 88.73 45.17 17.58 17.37
A +1.06 +1.58 +1.33 +1.78 +1.67 +2.08 41.06 +0.00 +0.50
Baseline 50.80 3.40 50.83 3.41 50.83 3.41  55.00 26.37 29.53
Qwen2 |76] Ours 80.43 76.17 80.93 76.65 81.27 T77.04 55.62 28.57 30.27
A +29.63 +72.77 +30.10 +73.24 +30.44 +73.63 +0.62 12.20 +0.74
Table 1: Hallucination robustness evaluation on POPE [38] and HallusionBench [22].
ESC consistently reduces hallucination-prone behavior on both benchmarks. Acc: Ac-
curacy, F1: Fl-score, aAcc: answer accuracy, gAcc: question-pair accuracy, fAcc: figure
accuracy. GPT-4o evaluation for HallusionBench [22|. 1 indicates higher is better.

aAcct qAcct fAceT

Hallucination Robustness: In Tab. [1I] ESC yields steady improvements
on LLaVA [44] across all three POPE splits and a +1.06 gain in aAcc on Hallu-
sionBench, confirming that emotion-informed revision reduces visually unfaithful
responses. Furthermore, ESC’s verify-and-revise stage recovers balanced predic-
tions on Qwen |76]. The result demonstrates a practical benefit of ESC’s archi-
tecture: its selective verification stage can recover models that exhibit collapsed
inference behavior under standard single-pass evaluation. On HallusionBench,
ESC produces consistent improvements (aAcc: +0.62, qAcc: +2.20, fAcc: +0.74).

Model Method MM-Vet [80] MathVista [47] MMStar |[5| MMMU |81 AI2D |30

Score?t Acct Acct Acct Acct

Baseline 24.31 22.20 33.53 34.66 51.23

LLaVA [44] Ours 25.39 23.40 34.13 34.77 53.72
A (+1.08) (+1.20)  (+0.60)  (40.11) (+2.49)

Baseline 39.66 56.10 55.93 39.67 60.98

Qwen?2 [76] Ours 40.05 56.10 56.07 40.02 62.53
A (+0.39) (+0.00)  (+0.14)  (40.35) (+1.55)

Table 2: Multimodal reasoning evaluation on MM-Vet [80], MathVista [47], MM-
Star 5], MMMU |[81], and AI2D [30]. ESC consistently improves multi-step reasoning
for LLaVA [44] and maintains competitive performance for Qwen2 |76|. Score: GPT-
4o [55] evaluation for MM-Vet |80, Acc: Accuracy. 1 indicates higher is better.
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Multimodal reasoning utility: In Tab. [2] ESC provides moderate but
consistent gains across all five benchmarks (+1.08 on MM-Vet [80], +1.20 on
MathVista [47], 40.60 on MMStar [5], +0.11 on MMMU |[81], +2.49 on AI2D [30])
for LLaVA [44], indicating that the emotional feedback refines intermediate rea-
soning steps without introducing systematic bias. The pattern on Qwen2 [76|
differs notably from LLaVA [44]: gains are marginal on knowledge-intensive
benchmarks (MMMU [81]: +0.35, MathVista [47]: +0.00) but more substan-
tial on AI2D [30] (+1.55). Crucially, ESC does not degrade performance on any
benchmark, confirming that the mechanism does not introduce harmful inter-
ference for stronger models. This robustness across model scales and benchmark
types strengthens the generality of ESC as a plug-and-play framework.

Model  Method MMVP [69] RealWorldQA [74] BLINK 18]
Pair Acct Question Acct Acct Micro Acct Macro Acc?t

Baseline  18.67 54.67 53.59 41.71 42.20
LLaVA [44] Ours 26.00 59.33 53.86 42.14 42.61

A (+7.33)  (+4.66) (40.27) (+0.43)  (+0.41)

Baseline 41.33 69.00 40.00 49.61 50.42
Qwen2 |76 Ours 45.33 70.33 54.51 49.61 50.44

A (+4.00)  (+1.33) (+14.51) (+0.00)  (+0.02)

Table 3: Vision-centric perception evaluation on MMVP [69]|, RealWorldQA |74], and
BLINK [18]. ESC yields the largest gains on tasks requiring fine-grained visual discrim-
ination (MMVP [69]) and real-world spatial reasoning (RealWorldQA [74]). Pair Acc:
accuracy on matched image pairs, Question Acc: per-question accuracy, Micro/Macro
Acc: instance-level and class-averaged accuracy. 1 indicates higher is better.

Vision-centric perception: The most notable result in Tab. [3]is on MMVP,
where ESC improves pair accuracy +7.33 for LLaVA and +4.00 for Qwen2.
These gains suggest that corrective feedback encourages the model to revisit
its initial perceptual judgment rather than committing to a superficial first im-
pression. On RealWorldQA, LLaVA shows marginal improvement (40.27), while
Qwen2 demonstrates a substantial jump (+14.51), indicating that ESC’s revise-
and-check loop provides stronger corrections on benchmarks where the baseline
remains brittle despite overall model strength. BLINK shows modest but pos-
itive gains for LLaVA across micro and macro accuracy, while Qwen2 remains
largely unchanged, consistent with the pattern of diminishing gains.

5.3 Qualitative Results

Qualitative Analysis. Fig. [6] presents three representative examples compar-
ing VLM outputs with and without ESC. In the first example, the baseline
accepts the false premise that Japan had the largest GDP in 2020, while ESC
correctly identifies China based on the chart. In the second, the baseline mis-
reads the bottom-left equation as a fraction multiplication (1 x 1), whereas ESC
correctly recognizes the arithmetic expression 9+ 3 = 12. In the third, the base-

line confidently denies the presence of a hen in a dinosaur phylogeny diagram
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Share of the World’s GDP, 1CE - 2020

Question: In 2020, did Japan have the largest GDP around the world, followed by the United
States, and China, according to the image?

Without ESC: Yes, according to the image, Japan had the largest GDP around the world in
2020, followed by the United States, and China.

With ESC: No, according to the image, China had the largest GDP around the world in
2020, followed by the United States and Japan.

—O©

Question: What is the answer to the bottom left equation?
4+7= 7+2=
P,
Without ESC: The bottom left equation in the image is: % X % To solve this, you multiply the
— - numerators and the denominators: % ® % = % = %. So, the answer to the bottom left
2 + 2 = 6 + 1 = equation is &
A
9 * 3 - 3 + 8 - ? With ESC: The bottom left equation is 9 4+ 3 =. The answer to this equation is 12.

Question: Are there any hens in this figure?

o)

Without ESC: No, there are no hens in this figure. The figure shows various types of
dinosaurs and their relationships, but it does not include any birds or hens.

of the image.

? With ESC: Yes, there is a hen in the figure. It is located at the bottom right corner

Fig. 6: Qualitative comparison of VLM responses w/ and w/o ESC. Red highlights in-
dicate incorrect one; green highlights indicate correct one. ESC improves visual ground-
ing across chart reading, arithmetic recognition, and fine-grained object detection.

despite one being visible in the bottom-right corner, while ESC accurately lo-
cates it. Across all three cases, baseline errors stem from weak visual grounding,
the model either ignores image content or defers to textual cues, which ESC
consistently corrects by encouraging more faithful image interpretation.

5.4 Analysis

We analyze ESC along 2 axes on VLSafe. First, we examine if emotional feedback
is causal factor behind ESC’s improvements and how it alters model’s reasoning
behavior. Second, we isolate contribution of each design choice in ESC pipeline.
Is emotion the causal factor? A natural question is whether ESC’s gains stem
from the emotional feedback. To isolate the active ingredient, we compare ESC
against five alternative feedback strategies under identical conditions. As shown
in Tab. |4} the verifier-only setting (VO) yields only a marginal reduction over
the baseline (69.1% vs. 71.6%), confirming that the verify-revise loop alone con-
tributes little. ZeroCoT similarly shows negligible improvement (70.1%). Generic
corrective instructions (SR, Corr) reduce ASR more substantially (~49%), in-
dicating that any revision signal helps, yet ESC (31.2%) outperforms them by
over 17%. Psychological prompting (Psych), which varies tone without emotional
grounding, reaches only 54.4%. Notably, ESC uses the shortest prompts among
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Table 4: Controlled comparison on
VLSafe safety benchmark |[7], Lower
ASR ({), Better Performance. All con-
ditions use the same Gemma3-12B
verifier, single-prompt insertion, and
LLaVA-1.5-7B as target model. Base-
line (no intervention), VO (verifier-
only, no emotional feedback), ZeroCoT
( [31] e.g. “Let’s think step by step.”),
SR (Self-Refine: e.g. “Review your pre-

Table 5: Cautiousness score (1-5,1) of
thinking traces of Qwen3-VL-8B-Thinking,
scored by Gemma-4-26B on VLSafe |7]

Base VO Psych Corr ESC

Meant 331 3.30 4.15 4.22 4.50
Mediant 4.00 4.00 4.00 4.00 5.00

Table 6: Generalization to newer VLMs on

vious answer, identify any errors, and
provide a corrected response.”), Corr
(corrective prompting: e.g. “Please re-

VLSafe [7], ASR ({).

view your answer carefully and revise it Model Baseline  ESC A
if needed.”), and Psych (psychological ~ Qwen3-VL-8B  84%  3.2% —5.2
feedback [36]: e.g. “This is very impor-  InternVL3-8B  10.5% 6.5% —4.0

tant to my career.”).
Table 7: VLSafe |7] ASR (J) with small

Setting ASR({) A verifiers (LLaVA-1.5-7B target).

Baseli 71.6% -00.0%

Vz(})se me 69 172 02 572 Verifier Size ASRJ
ZeroCoT 70.1%  -01.5% Qwen3-VL-4B 4B 33.9%
SR 49.3% -22.3% Qwen2.5-VL-3B 3B 34.0%
Corr 48.6%  -23.0% Gemma3-4B 4B 34.3%
Psych 54.4%  -17.2%

ESC (Ours) 31.2%  -40.4% Gemma3-12B (default) 12B 31.2%

all conditions, ruling out length as a confound. These results establish that the
emotional content itself, is the primary driver of ESC’s corrective effect.
Does emotion change how the model reasons? The controlled comparison
above shows that emotion improves what the model outputs; we now ask whether
it also changes how the model reasons. We analyze thinking traces from Qwen3-
VL-8B-Thinking on VLSafe [7] benchmark, scoring each trace for cautiousness
on a 1-5 scale using Gemma-4-26B [12] as the evaluator (full scoring prompt pro-
vided in the Appendix). As shown in Tab. |5| the baseline and VO conditions
are nearly identical (3.31 vs. 3.30), confirming that the verify-revise loop alone
does not alter reasoning behavior. Corrective and psychological prompts moder-
ately increase cautiousness (4.22 and 4.15, respectively), while ESC achieves the
highest score (4.50, median 5.0). This suggests that emotional cues do not elicit
different outputs but steer the model to more deliberate, careful reasoning.
Generalization to newer target models: We evaluate on two newer mod-
els: Qwen3-VL-8B [2] and InternVL3-8B [86] (Tab. [6). On VLSafe [7], ESC re-
duces ASR —5.2% on Qwen3-VL-8B and —4.0% on InternVL3-8B. Notably, both
models already exhibit low baseline ASR due to stronger built-in safety align-
ment, yet ESC still yields meaningful reductions, confirming that the emotional
self-correction mechanism remains effective even for newer models.
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(a) Choice of Verifier (b) Emotion Type

Pos High 43.5%
Random Y <0.1%
Neg Hign N 3¢.5%

Gemmas-126 | <o Neg Low I S 31.2%

0% 10% 20% 30% 40% 50% 0% 10% 20% 30% 40% 50%

Fig. 7: Ablation on (a) the choice of verifier and (b) the emotion type in the ESC
pipeline, evaluated on VLSafe .

Verifier model selection. We vary the verifier across four VLMs: Gemma3-
12B , Pixtral-12B , InternVL2.5-8B [§], and LLaVA-1.5-7B . When
LLaVA-1.5-7B acts as both the target model and the verifier, ASR remains at
50.3%, as the model fails to critically evaluate its own outputs. It is known as
intrinsic self-correction. It can yield improvements but is limited by an inher-
ent performance ceiling. All external verifiers reduce ASR substantially than
LLaVA-1.5-7TB, specifically, with Gemma3-12B achieving the lowest at 40.1%
(Fig. El(a)) Therefore, we employ a separate verifier instead of relying on the
target model itself. To further examine whether the improvement stems from
knowledge distillation by a stronger verifier, we evaluate ESC with three smaller
verifiers: Qwen3-VL-4B [2] (33.9%), Qwen2.5-VL-3B [3]| (34.0%), and Gemma3-
4B (34.3%) (Tab.[7). Even these 3-4B models achieve ASR close to the 12B
default (31.2%), confirming that most of the gain originates from the emotional
feedback mechanism rather than verifier capacity.

Emotional category selection: Different emotional contexts may vary in their
ability to trigger latent self-correction. We compare 4 emotional quadrants from
Russell’s Circumplex Model against random sampling (choose random
emotional state from 4 quadrants). As shown in Fig. [7|(b), negative-low arousal
achieves the lowest ASR (31.2%), and the highest is positive-low (49.5%). The
consistent ordering confirms that the observation from Finding [2]| holds within
ESC, and that random sampling dilutes the corrective signal by mixing in weaker
positive-valence cues. This aligns with the affect-as-information framework :
negative affect signals that the current situation is problematic, triggering detail-
oriented processing, while positive affect promotes heuristic shortcuts.

(a) Insertion Location (b) Number of Emotions

32% 1 31.2%

Baseline 71.6%

30%

[-4
End _41.7% 2 % 7
< 2% 26.8%

26% - 25.4%

Beginning * 31.2% 25.3%

N
i
X

T T T T T
0% 20% 40% 60% 80%

2 3
Number of Emotions

-
a4

Fig. 8: Ablation on (a) the insertion location of the emotional cue and (b) the number
of emotions in the ESC pipeline, evaluated on VLSafe .
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Emotional signal position: Emotional feedback position can influence how
strongly contextual information shapes model reasoning behavior. We compare
prepending the emotional singal before the query versus appending it after.
Prepending (31.2% ASR) outperforms appending (41.7% ASR) by 10.5 percent-
age points, and is therefore adopted as the default in our pipeline (as illustrated
in Fig. [§|(a)).

Number of emotional cues. A single emotional singal may provide insuffi-
cient reinforcement, while too many emotional cues may introduce redundancy.
We vary the number of emotional expressions from 1 to 4, keeping the cate-
gory (negative-low arousal) and placement (beginning) fixed. Moving from one
cue (31.2% ASR) to two (25.3%) yields a 5.9-point improvement, but further
additions bring diminishing returns (three: 26.8%, four: 25.4%), as shown in
Fig. (b) This emotional dosage pattern indicates that moderate reinforce-
ment strengthens the correction signal, whereas excessive context adds redun-
dancy without further benefit.

6 Conclusion

In this paper, we show that a simple but important perspective: emotion can be
used not only as a capability to be recognized or expressed, but also as a struc-
tured control signal for improving multimodal reliability. We first demonstrate
that VLMs respond systematically to emotional cues and that such cues can
induce self-corrective behavior, with negative affect emerging as a particularly
strong regulator. Building on this observation, we introduce %% , a simple
yet training-free self-correction framework that enables models to revise poten-
tially unreliable responses at inference time by using emotional feedback. Across
diverse benchmarks spanning safety, hallucination, multimodal reasoning, and
vision-centric perception, ESC consistently improves reliability while preserving
broad model utility. Overall, our results point to a promising direction for test-
time scaling: lightweight, plug-and-play interventions that activate more careful
reasoning without the cost of post-training. We believe ESC provides a strong
foundation for future work on controllable and reliable multimodal intelligence
system integrating human-like emotional singal.
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