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Abstract

Multimodal emotion reasoning requires both
accurate identification and logical rationales to
explain emotional triggers. However, current
methods often suffer from causal degeneracy,
where models produce linguistically fluent but
superficial explanations that lack authentic log-
ical derivation. To resolve this, we propose
CAIR (Causal Adaptive Information-based Re-
inforcement Learning), a reinforcement learn-
ing framework that treats rationales as causal
mediators between raw perceptual signals and
emotional semantics. Our core contribution is
the Causal Mediation Reward (CMR), which
quantifies a rationale’s interventional utility by
measuring its marginal contribution to resolv-
ing predictive uncertainty. Additionally, we
introduce an adaptive optimization mechanism
based on the information bottleneck to balance
perception and reasoning across varying cogni-
tive loads. CAIR achieves state-of-the-art per-
formance on MTMEUR with 73.80% accuracy
and competitive results on the SCEA subset
of EmoBench-M (68.5%), outperforming spe-
cialized SFT baselines by up to 14.4% while
enhancing rationale faithfulness. Our findings
underscore that principled reward design, rather
than mere model scaling, is essential for build-
ing systems with authentic, human-like emo-
tional understanding.

1 Introduction

Comprehending human emotion remains a primary
goal for advanced AI. In complex multimodal set-
tings like video dialogues, emotions are not iso-
lated signals but outcomes of sophisticated causal
logic. This requires models to move beyond mere
recognition (the what) toward explaining underly-
ing triggers (the why), raising a critical question:
can AI discern authentic causal threads or does it
merely mirror surface correlations?

*Corresponding author.

Figure 1: (a) Causal Degeneracy in SFT: Models rely
on surface-level patterns and fail to resolve cross-modal
contradictions, such as misinterpreting Rachel’s defen-
sive smiles by ignoring latent contextual tension. (b)
Reasoning Stagnation in Naive RL: Scalar or likelihood-
based rewards discourage deep exploration, resulting in
“safe” yet vacuous rationales that provide no information
gain for emotional decision-making.

While humans naturally navigate a cognitive tra-
jectory from event perception to mental state in-
ference and finally to emotion attribution (Cam-
ras, 1980), current computational paradigms strug-
gle to bridge this gap. Existing approaches, pre-
dominantly centered on Supervised Fine-Tuning
(SFT) (Yang et al., 2024; Zhang et al., 2023; Lian
et al., 2024), treat multimodal reasoning as a dis-
tribution alignment task. By minimizing cross-
entropy against reference explanations, these mod-
els learn to produce linguistically fluent text that
frequently lacks logical faithfulness to the decision-
making process. As illustrated in Figure 1(a),
SFT models frequently default to such superficial
mimicry, where a rationale might accurately de-
scribe a facial expression but fails to anchor the
true emotional intent, leading to a disconnect be-
tween the explanation and the label. Recent ex-
plorations into reinforcement learning (RL) have
attempted to move beyond SFT (Zhao et al., 2025;
Wang et al., 2025b; Li et al., 2025), yet they often
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optimize for final label accuracy or sequence likeli-
hood in isolation. We observe a persistent causal
degeneracy across these methods. Models receive
rewards as long as their text satisfies superficial
statistical patterns. However, these rationales often
fail to genuinely facilitate the transition from raw
perception to emotional insight.

To resolve this discrepancy, we propose CAIR
(Causal Adaptive Information-based Reinforce-
ment Learning), a framework that reconceptualizes
the reasoning chain as a causal mediator within
the decision process. Our core philosophy shifts
the focus from how an explanation looks to how
much it contributes. CAIR treats the rationale as
a semantic intervention and quantifies its quality
by how much it reduces predictive entropy. A ra-
tionale earns high reward only if it acts as critical
evidence. It must link perception to the underlying
emotional cause. This measurable interventional
utility in uncertainty provides a direct signal to
guide reinforcement learning.

However, we observe that the impact of this
interventional guidance is not monolithic across
the emotional landscape. While straightforward
expressions allow for direct perception, complex
or ambivalent emotions present a severe informa-
tion bottleneck that demands high-order reason-
ing. Recognizing this heterogeneity, we introduce
a difficulty-aware dynamic weighting mechanism.
This approach does not merely implement curricu-
lum learning; it adaptively reallocates credit based
on the reasoning signal-to-noise ratio of each sam-
ple. By intensifying the guidance on cognitively
demanding instances while maintaining basic align-
ment on simple ones, we ensure a robust optimiza-
tion trajectory that honors the intrinsic complexity
of human affect.

CAIR achieves competitive results on MT-
MEUR (73.80%) and EmoBench-M’s SCEA sub-
set (68.5%), while improving causal faithfulness
and logical coherence of rationales. By reward-
ing interventional utility, CAIR shifts models from
superficial pattern matching to logically coherent
reasoning. This provides a definitive answer to our
opening question: when rewards are grounded in
causal mediation, models can finally learn not just
the appearance of emotion, but the profound logic
of why people feel the way they do.

Our contributions are summarized as follows:
(1) CAIR framework—a novel RL approach that
treats rationales as causal mediators between per-
ception and emotion; (2) Causal Mediation Re-

ward (CMR)—quantifying rationale utility via pre-
dictive uncertainty reduction; (3) Cognitive-load
Adaptive Optimization (CLO)—dynamically bal-
ancing reasoning depth across task complexi-
ties; and (4) comprehensive evaluation—showing
state-of-the-art results on MTMEUR and competi-
tive performance on the EmoBench-M benchmark.

2 Related Work

Multimodal Emotion Analysis. Multimodal
emotion analysis began as a supervised clas-
sification task, with benchmarks like CMU-
MOSEI (Zadeh et al., 2018) and MULT (Tsai et al.,
2019) providing aligned video-audio-text data and
models using LSTMs, TFNs, or cross-modal atten-
tion to predict discrete labels. While effective for
overt emotions, these approaches lack explanatory
capability, and struggle with implicit expressions.
The rise of large language models shifted focus
toward explainable reasoning. New benchmarks
such as MTMEUR (Hu et al., 2025b) require nat-
ural language explanations, spurring SFT-based
methods like Emollm (Yang et al., 2024) and Af-
fectGPT (Lian et al., 2024), which leverages LLMs
for multi-modal empathetic understanding. Recent
efforts like the ECR-Chain (Huang et al., 2024b)
formalize structured reasoning, establishing causal
chains as a new paradigm, yet they rely on hand-
crafted templates or strong supervision and do not
address how to intrinsically learn which reasoning
steps possess genuine causal mediation utility for
the final prediction.

Limitations of Supervised Fine-Tuning. The
core flaw of SFT lies in its misaligned objective:
cross-entropy loss rewards outputs that “look like”
references, regardless of whether the explanation
logically justifies the answer (Zhang et al., 2025;
Sun and Zhou, 2025). For instance, given a film
clip labeled “angry because misunderstood,” a
model outputting “he frowns, so angry” may still
incur low loss due to token-level similarity, despite
missing the true cause (Yang et al., 2025a). This su-
perficial matching fails catastrophically on unseen
patterns like sarcasm or cultural metaphors (Fu
et al., 2025). Alternative strategies include struc-
tured prompting (e.g., ECR-Chain (Huang et al.,
2024b)) and reinforcement learning (RL). How-
ever, early RL attempts are inadequate: Cobbe et
al. (Cobbe et al., 2021) used the confidence score
from a verifier as the reward signal, optimizing
only for the correctness of the final answer without
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imposing any constraints on the logical coherence
or completeness of the reasoning process, lead-
ing models to produce “answer-oriented” outputs
that lack valid explanations. Critically, scaling up
model size does not resolve this—without a proper
learning signal, even 32B-parameter LLMs prior-
itize stylistic mimicry over causal reasoning, un-
derscoring the need for an interventional reward
that distinguishes evidentiary gain from vacuous
surface description.

Reinforcement Learning for Emotion Reason-
ing. Recent RL approaches introduce more so-
phisticated designs (Yang et al., 2025b; Wang
et al., 2025a; Keerthana and Gupta, 2025).
RLVER (Wang et al., 2025b) employs a user sim-
ulator to optimize long-term emotional trajecto-
ries, while R1-Omni (Zhao et al., 2025) applies
verifiable-reward RL to multimodal LLMs, reward-
ing correct answers and compliant reasoning for-
mats. These show that task-aligned rewards im-
prove performance. Closer to our goal, EMO-
RL (Li et al., 2025) proposes emotion-similarity-
weighted rewards and explicit reasoning templates
for speech emotion recognition. Yet all share criti-
cal limitations: their rewards target the final output
(label or full text) rather than directly evaluating
the marginal contribution of a reasoning chain to
the model’s belief revision ; they apply uniform
optimization strength, failing to account for the
information bottleneck across varying sample com-
plexities. In contrast, our work introduces a reward
based on the interventional utility a rationale pro-
vides—measured by the predictive uncertainty re-
duction once the rationale is treated as a semantic
intervention —and couples it with a cognitive-load
adaptive mechanism, enabling end-to-end learning
of context-sensitive explanations without external
simulators or rigid templates.

3 Methodology

3.1 Problem Definition
The essence of multimodal emotion reasoning lies
not merely in label identification but in the construc-
tion of a logically faithful pathway that bridges raw
perceptual signals and high-level emotional seman-
tics. Drawing inspiration from causal inference,
we reconceptualize the generated rationale z as a
causal mediator within the decision-making pro-
cess X → z → Y . Here, X = {V,Q} represents
the multimodal context comprising video and tex-
tual queries, while Y ∈ Y denotes the discrete

emotion categories.
Our objective is to optimize a policy πθ(O|X)

where the output O follows the structured format

[<reason>]z[</reason>][<answer>]y[</answer>]
(1)

Unlike standard Supervised Fine-Tuning (SFT) that
minimizes the discrepancy between output distribu-
tions, our goal is to ensure that z possesses causal
faithfulness. That is, the rationale must function
as an evidentiary bridge: it should not only be
linguistically fluent but also serve as a semantic
intervention that significantly reduces the model’s
predictive uncertainty regarding the true emotion
y∗, where y∗ represents the ground-truth category
in Y . Such a formulation begs the question: How
can we quantitatively distinguish a rationale that
genuinely explains the ’why’ from one that merely
describes the ’what’? This necessity drives our de-
sign of an intrinsic, interventional reward system.

3.2 Dual-Path Intrinsic Verifier

To implement this interventional logic, we transi-
tion away from heuristic "if-else" reward checks
toward a Dual-Path Intrinsic Verifier architecture.
Specifically, this framework allows the model to
evaluate its own reasoning utility without relying
on external annotations.

As illustrated in Figure 2, the verifier pro-
cesses each sample through two parallel reason-
ing streams:Observation Stream (Path A): The
model M directly predicts the emotion based on
X alone, yielding the baseline belief distribution
Pobs = P (Y |X). This represents the model’s
"intuitive" judgment driven by surface-level mul-
timodal correlations. Intervention Stream (Path
B): We treat the generated rationale z as a semantic
intervention do(Z = z) (i.e., injecting the gener-
ated rationale into the model’s context to break the
natural dependence of the intuitive path). Formally,
this intervention removes the causal influence of X
on z in the model’s generative process, isolating the
inferential utility of the rationale. The model M
then revises its judgment by conditioning on both
the context and the rationale, resulting in the in-
terventional posterior Pint = P (Y |X, do(z)). By
measuring the divergence shift between these two
paths, we can isolate the unique contribution of
the reasoning chain. This architecture essentially
transforms the model into a self-consistent verifier,
where the rationale is validated by its capacity to
drive Belief Revision.
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Figure 2: Overview of the CAIR framework. Stage 1 is the supervised fine-tuning (SFT) process. Stage 2-1
implements a dual-path intrinsic validator that evaluates the interventional utility of reasoning by comparing the
observational stream with the interventional stream. Stage 2-2 jointly optimizes answer confidence and reasoning
reliability through Cognitive Load-aware Optimization (CLO).

3.3 Causal Mediation Reward
To ensure basic task performance, we incorpo-
rate two auxiliary rewards: (1) Accuracy Reward
(Racc), which provides a dense signal by combin-
ing ground-truth matching with ROUGE-L similar-
ity for incorrect labels:

Racc =

{
1, if y = y∗

ROUGE-L(y, y∗), otherwise
(2)

and (2) Format Compliance Reward (Rformat), a
binary indicator I(·) ensuring the output follows
the required structured tags:

Rformat = I(tags in correct order and complete)
(3)

Building upon the dual-path architecture, we define
the Causal Mediation Reward (CMR) as the core
signal for policy gradient updates. We quantify
the Interventional Utility of a rationale in the log-
likelihood space, a formulation that aligns with
the fundamental principles of information gain and
statistical physics:

RCMR = log
P (y∗|X, do(z))

P (y∗|X)
(4)

This log-likelihood ratio, inspired by the princi-
ple of individual causal effect, functions as a rigor-
ous filter for reasoning quality. If z is a redundant

description (e.g., "the man is shouting"), the in-
terventional posterior Pint remains close to Pobs,
resulting in a near-zero reward. Conversely, if z
identifies a latent causal mechanism (e.g., "he feels
betrayed by the betrayal of trust"), it provides a
substantial marginalized information boost, thereby
significantly increasing the confidence in the cor-
rect label y∗. By optimizing for this log-ratio, we
effectively distill the Latent Logic of the model,
forcing it to generate rationales that are not just
descriptive, but cognitively indispensable.

Parallel to the CMR, we maintain auxiliary re-
wards for Accuracy (Racc) and Format Compliance
(Rformat) to ensure basic task performance, result-
ing in a composite reward

Rtotal = αRacc + βRformat + λiRCMR (5)

Here, α and β are static hyperparameters. How-
ever, a uniform application of this reward across all
samples would ignore the intrinsic heterogeneity
of human emotions.

3.4 Cognitive-load Adaptive Optimization

A key observation in our study is that the neces-
sity of causal reasoning is not constant; rather, it is
tied to the Information Bottleneck of the task. For
straightforward samples with overt emotional cues,
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the observation stream already provides high con-
fidence, leaving little room for reasoning gain. In
contrast, ambiguous or implicit scenarios present
a high Predictive Entropy, where the "intuitive"
judgment is muddled.

To honor this complexity, we introduce the
Cognitive-load Adaptive Optimization (CLO)
mechanism. Instead of heuristic difficulty scaling,
we dynamically allocate reward weights based on
the model’s predictive uncertainty, which we con-
ceptually term as the Reasoning Signal-to-Noise
Ratio (R-SNR) to quantify the task complexity of
each sample. We define the adaptive weight λi for
each sample as:

λi = Softmax
(
H(Y | Xi)

τ

)

=
exp

(
H(Y | Xi)/τ

)
∑

j exp
(
H(Y | Xj)/τ

) (6)

where H(Y |Xi) is the predictive entropy of the
observation stream and τ is a temperature hyperpa-
rameter. The predictive entropy H(Y |Xi) is calcu-
lated as −∑

y∈Y Pobs(y|Xi) logPobs(y|Xi). This
mechanism ensures that the optimization focus is
adaptively shifted: Low-Entropy Samples (Low
Cognitive Load): The weight λi is suppressed, pre-
venting the model from over-optimizing on trivial
rationales. High-Entropy Samples (High Cogni-
tive Load): The weight is intensified, compelling
the model to break through the information bottle-
neck via high-order causal reasoning. This strategy
transforms training into a journey of Curriculum
Belief Revision, where the model progressively
masters complex emotional logic by identifying
where its intuition fails.

3.5 Training Strategy
We optimize πθ using Group Relative Policy Opti-
mization (GRPO). For each input X , we sample ra-
tionales {z1, . . . , zk} to compute advantages from
Rtotal. Intra-group reward normalization reframes
the objective as a Relative Preference Ranking,
which stabilizes gradient updates for lightweight
models. To prevent policy collapse into linguis-
tically degenerate sequences, we impose a KL-
divergence constraint against the reference policy
πref . Optimizing the expectation of the advan-
tage ensures CAIR evolves into a logically self-
consistent reasoner that transitions from superficial
pattern matching to authentic, intervention-driven
emotional intelligence.

4 Experiments

4.1 Experimental Setup

Datasets Preparation For training, we inte-
grate data from multiple public sources—including
MELD (Poria et al., 2019), Social-IQ (Zadeh et al.,
2019), and IEMOCAP (Busso et al., 2008)—and
augment them with human-annotated structured
reasoning chains to construct a unified supervised
fine-tuning dataset named EmoReason-SFT, which
contains approximately 31,000 high-quality mul-
timodal emotion reasoning samples. Building
upon this foundation, we further design a curricu-
lum learning strategy based on model uncertainty
to identify difficult examples, thereby construct-
ing a difficulty-aware dataset EmoReason-RL tai-
lored for reinforcement learning to prioritize per-
formance improvement on complex cases.

Evaluation Metrics We evaluate on EmoBench-
M (Hu et al., 2025a) for real-world scenarios and
MTMEUR (Hu et al., 2025b) for implicit emotions,
using the CA-MER (Han et al., 2025) subset for
cross-modal contradiction stress tests. We bench-
mark CAIR against various state-of-the-art mod-
els like Gemini-2.0-Flash and Emotion-LLaMA.To
capture causal reasoning, we complement accu-
racy with interventional metrics: Information Gain
∆H = H(Y |X)−H(Y |X, z), where H denotes
Shannon entropy. This measures the reduction in
predictive uncertainty regarding emotion Y once
rationale z is provided. Faith-F1 is the F1-score of
causal keywords in the rationale z against keywords
extracted from the reference reasoning chains pre-
pared for the benchmark, measuring logical consis-
tency between reasoning and output.

4.2 Implementation Details

We adopt the Qwen2.5-VL-7B architecture (Xu
et al., 2025) , training in two stages to transition
from imitation to causal reasoning. Stage 1: SFT
for Causal Initialization. To instill causal tem-
plates and prevent cold-start collapse, we fine-tune
on 31K structured instances. We use a learning rate
of 2× 10−5, a global batch size of 32, and a cosine
annealing schedule over 2 epochs. FlashAttention-
2 and a 4096-token sequence limit are enabled
to handle long videos. Stage 2: Reinforcement
Learning via GRPO. We employ GRPO (Shao
et al., 2024) to enhance stability and reduce mem-
ory overhead. Training utilizes 3K high-entropy
samples from the SFT model, these samples repre-
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Table 1: Emotion-specific accuracy (%) on MTMEUR. Best results in bold.

Method Disgust Sadness Happy Surprise Excited Angry Fear Overall

VideoChatGPT (Maaz et al., 2024) 27.11 24.30 28.20 23.80 36.20 26.60 27.81 29.10
ShareGPT4Video (Chen et al., 2024) 27.24 25.60 27.90 24.30 36.10 27.20 27.68 29.39
Chat-UniVi (Jin et al., 2024) 29.84 24.50 30.08 25.70 35.70 24.80 29.59 30.09
VTimeLLM (Huang et al., 2024a) 33.51 21.30 34.40 34.00 46.10 28.20 33.81 34.26
VideoLLaVA (Lin et al., 2024) 38.02 32.30 39.20 31.70 45.90 29.90 38.52 38.72
Emotion-LLaMA (Cheng et al., 2024a) 45.52 47.10 46.60 44.30 53.50 35.40 46.13 48.65
Qwen-VL-Chat (Bai et al., 2023) 52.40 46.50 56.70 54.40 64.10 44.70 53.29 56.45
MiniCPM-V-2.6 (Hu et al., 2024) 59.15 50.90 62.75 63.80 70.80 53.60 59.42 63.21
VideoLLaMA2 (Cheng et al., 2024b) 59.61 58.20 65.75 64.40 72.40 53.32 59.26 66.14
Qwen2-VL (Wang et al., 2024) 66.97 59.67 68.84 67.00 85.30 56.34 68.46 71.19
MTMEUR-base (Hu et al., 2025b) 68.32 60.08 71.90 69.20 87.20 56.50 69.31 72.93

CAIR (Ours) 69.28 62.35 72.51 72.90 89.90 56.62 70.11 73.80

sent “high-value regions” for training causal reason-
ing.The model generates G = 8 parallel responses
per query. We set the learning rate to 1× 10−6 and
initialize η at 0.04 with dynamic adjustment, the
temperature τ is set to 1.0, static hyperparameters
α = 1.0 and β = 1.0. Training was completed in
42 hours on 8 NVIDIA A800 GPUs using Deep-
Speed ZeRO-3.

4.3 Main Results
We evaluate the performance of CAIR by bench-
marking it against an extensive array of state-of-
the-art (SOTA) multimodal large language models
(MLLMs) and specialized reinforcement learning
(RL) baselines. The comparative results, summa-
rized in Table 1 and Table 2, expose a fundamental
limitation in existing paradigms. While general-
ist models achieve respectable accuracy through
surface-level pattern matching, they often struggle
with deep emotional reasoning.

On the MTMEUR benchmark (Table 1), CAIR
establishes a new state-of-the-art with an overall ac-
curacy of 73.80%. This performance surpasses the
specialized MTMEUR-base. A granular analysis
across emotion categories shows that CAIR excels
in identifying complex and implicit states. For in-
stance, it achieves 72.90% in Surprise and 62.35%
in Sadness. These categories are particularly chal-
lenging because they often involve subtle contex-
tual triggers rather than overt facial expressions.
The substantial improvement over models that rely
on direct perception suggests that our Causal Me-
diation Reward (CMR) is effective. By quantifying
the interventional utility of rationales, CMR guides
the model to resolve the information bottleneck
inherent in nuanced emotional scenarios.

Does this superior performance hold when mod-
els face different cognitive demands? We explore
this by examining the EmoBench-M results in Ta-
ble 2. We observe that while CAIR slightly under-
performs Gemini-2.0-Flash, it achieves the highest
performance among all specialized and reinforce-
ment learning-based models on the SCEA subset.
CAIR reaches an accuracy of 68.5% on SCEA,
which requires deep psychological attribution. This
significantly outperforms both the SFT baseline
(54.1%) and the Naive RL approach (62.5%).

This shift in performance across task com-
plexities highlights the impact of our Cognitive-
load Adaptive Optimization (CLO). In low-entropy
tasks like FER, the model can rely on perceptual in-
tuition. However, in high-entropy SCEA tasks, the
reasoning signal becomes critical. CAIR demon-
strates a superior ability to generate "evidence an-
chors" in these difficult cases. This is further ev-
idenced by the Information Gain (∆H) metrics.
CAIR achieves a ∆H of 0.19 on high-load tasks,
nearly doubling that of the GPT-4o baseline. These
results confirm that CAIR does not just mimic the
appearance of reasoning. Instead, it learns to utilize
rationales as essential causal mediators for accurate
emotion attribution.

4.4 Ablation Study
To further dissect the contribution of each com-
ponent within the CAIR framework, we perform a
systematic ablation study on the MTMEUR dataset.
The results, as detailed in Table 3, illustrate how
different reward terms influence the model’s inter-
ventional utility. Starting from the SFT base, which
achieves a modest ∆H of 0.05 and a Faith-F1 score
of 37.5%, we observe that adding standard accu-
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Table 2: Performance comparison on EmoBench-M. We specifically report results on FER (Low Cognitive Load) and
SCEA (High Cognitive Load) to evaluate the effectiveness of Causal Mediation. ∆H measures the interventional
information gain in bits; Faith-F1 evaluates logical consistency. Naive RL baseline utilizes the standard GRPO
framework but optimizes only for label accuracy and format compliance

Accuracy (%) ↑ Causal Faithfulness ↑ Interventional Utility ↑Method FER SCEA Avg. Faith-F1 (%) ROUGE-L ∆H (Low) ∆H (High)

Human Benchmark (Hu et al., 2025a) 62.0 72.7 73.0 - - - -

Generalist MLLMs (Zero-shot)
GPT-4o (Hurst et al., 2024) 58.4 62.1 60.5 46.2 38.5 0.04 0.09
Qwen2.5-VL-72B-Instruct (Xu et al., 2025) 53.0 72.5 57.8 44.5 37.2 0.05 0.11
Gemini-2.0-Flash (Comanici et al., 2025) 61.4 72.0 62.3 48.1 40.4 0.07 0.12

Specialized SFT Models
Emotion-LLaMA (Cheng et al., 2024a) 36.9 54.1 40.6 37.5 31.2 0.05 0.06
Video-LLaMA2-7B (Cheng et al., 2024b) 45.4 61.3 47.1 38.9 32.5 0.06 0.07

Reinforcement Learning Baselines
Naive RL 46.2 62.5 51.4 40.1 33.8 0.08 0.12
R1-Omni (Zhao et al., 2025) 52.1 66.8 54.9 42.4 35.6 0.10 0.15

CAIR (Ours) 52.8 68.5 56.4 51.2 41.8 0.12 0.19

Figure 3: Cross-modal sensitivity profile across emo-
tional categories. The bubble size correlates with
the full-modality accuracy. The distribution reveals
two distinct clusters: "Vision-Dominant" states (e.g.,
Happy, Angry) that rely on perceptual cues, and "Logic-
Dominant" states (e.g., Surprise, Sadness) where the
rationale z provides the primary interventional utility.

racy and format rewards yields marginal gains in
reasoning quality. This confirms our intuition that
optimizing for surface-level correctness does not
inherently foster logical depth.

Upon Causal Mediation Reward (CMR) inclu-
sion, the information gain ∆H surges from 0.12 to
0.32, while the Faith-F1 score jumps from 40.1%
to 52.7%. This substantial improvement validates
our core hypothesis: treating the reasoning chain
as a causal mediator, rather than a mere linguistic
sequence, is essential for faithful emotion reason-

Table 3: Ablation of reward components on MTMEUR.
Faith-F1 measures logical consistency; ∆H is mea-
sured in bits.

Configuration Acc Faith-F1 ∆H

SFT Base 60.2 37.5 0.05
+ Acc Reward 63.8 38.2 0.09
+ Format Reward 65.5 40.1 0.12
+ CMR (CAIR) 73.8 52.7 0.32

ing. By forcing the model to generate rationales
that actively reduce predictive uncertainty, CMR
effectively filters out "vacuous" descriptions that
look fluent but lack evidentiary value. Our obser-
vations further confirm that this efficacy is strictly
content-dependent; for instance, replacing mean-
ingful rationales with shuffled tokens or irrelevant
descriptions leads to significant degradation in in-
formation gain ∆H . This ensures that the observed
performance leap is driven by authentic causal dis-
covery rather than generic context augmentation
from intermediate text.

Beyond reward design, we also examine the role
of the CLO mechanism in handling task complex-
ity. As shown in Table 4, our approach outper-
forms two alternative strategies: (1) Uniform RL,
which treats all samples equally and exhibits sig-
nificant instability in high-conflict scenarios (IQR
= 8.2), and (2) Curriculum RL, which follows a
heuristic difficulty schedule and improves stabil-
ity over Uniform RL but remains suboptimal. In
contrast, CAIR—powered by CLO—dynamically
intensifies optimization on high-entropy samples to
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Figure 4: KDE analysis reveals CAIR concentrates pre-
diction confidence in the >0.85 range with 42% nar-
rower variance than SFT, confirming causal rationales
as evidence anchors that stabilize decision boundaries.

Table 4: CLO performance on CA-MER. Cons. Acc
and Conf. Acc denote accuracy on samples with syner-
gistic and contradictory multimodal cues, respectively.
Interquartile Range (IQR) ↓ measures stability (lower
= more robust).

Strategy Cons. Acc Conf. Acc IQR ↓
Uniform RL 72.1 58.4 8.2
Curriculum RL 73.5 61.2 6.5
CAIR (CLO) 74.8 68.7 3.8

alleviate the information bottleneck in ambiguous
cases. This yields a much lower IQR of 3.8 and
boosts conflict accuracy to 68.7%, demonstrating
that CLO enables the model to master complex
emotional reasoning without compromising stabil-
ity on simpler tasks.

The Modality Sensitivity Profile (Figure 3) ana-
lyzes emotional dependencies by mapping perfor-
mance degradation from ablating visual vs. textual
streams. A diagonal divergence emerges: Happy
and Angry occupy the Vision-Dominant Sector, in-
dicating that surface-level perceptual signals are
sufficient for these intuitive judgments. Conversely,
complex states like Surprise and Sadness gravitate
toward the Logic-Dominant Sector, where ratio-
nale z provides essential "causal threads" to resolve
cross-modal inconsistencies. Large bubble sizes
in this zone confirm that CAIR mitigates the "In-
formation Bottleneck" by leveraging rationales as
anchors when visual intuition is ambiguous.

4.5 Visual and Statistical Analysis

Confidence Distribution As illustrated in Fig-
ure4, KDE analysis reveals a distinct "Right Shift"
in CAIR’s prediction confidence compared to SFT
and Naive RL, with probability mass concen-

Figure 5: CAIR generates rationales with higher infor-
mation density in high-entropy samples, demonstrat-
ing causal mediation’s role in belief revision for com-
plex emotional logic. The Baseline denotes the SFT-
initialized model, representing the model’s intuitive per-
ception without causal reinforcement.

trated above 0.85. CAIR achieves a 42% nar-
rower variance in its posterior distribution than
SFT(quantified by the reduction in standard devia-
tion σ of posterior distribution), suggesting ratio-
nales function as "evidence anchors". By utilizing
reasoning chains to solidify belief states rather than
relying on surface correlations, the model achieves
more decisive and stable emotion attributions.

Mediation Effect across Cognitive Loads To
evaluate reasoning reliance, we plot Initial Predic-
tive Entropy against Information Gain (∆H) in
Figure5. While info gain remains low for low-
entropy samples with overt cues, CAIR provides
significantly higher ∆H as emotional ambiguity in-
creases. This validates a "Belief Revision" process.
In scenarios where raw visual signals are muddled
or contradictory, CAIR generates high-density ra-
tionales, resolving the information bottleneck.

5 Summary

In this work, we address the challenge of equip-
ping multimodal models with causally grounded
emotional reasoning, moving beyond simple la-
beling to event-driven explanations. We propose
CAIR, a multi-dimensional reinforcement learn-
ing framework grounded in information theory and
cognitive plausibility. CAIR utilizes the Causal
Mediation Reward (CMR) to quantify the utility
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of rationales in driving belief revision, alongside
a Cognitive-load Adaptive Optimization (CLO)
mechanism that reweights samples by predictive
entropy. Stabilized by GRPO and a two-phase cur-
riculum, CAIR achieves competitive accuracy and
Faith-F1 on EmoBench-M and MTMEUR while
exhibiting robustness against reward hacking.

Limitations

CAIR currently assumes access to ground-truth
emotion labels during reward computation, which
may limit its direct application in fully unsuper-
vised settings. While the Causal Mediation Re-
ward (CMR) and Cognitive-load Adaptive Opti-
mization (CLO) successfully mitigate reward hack-
ing and promote logical faithfulness, the reasoning
chains are generated autoregressively without ex-
plicit structural constraints, which might affect con-
sistency in extremely long-form or multi-agent sce-
narios. Additionally, our evaluation primarily fo-
cuses on English-language video-text benchmarks;
the generalizability to low-resource languages or
varied cultural contexts remains to be further ex-
plored. Finally, the interventional utility measured
via log-likelihood ratios can be sensitive to the base
model’s initial calibration, suggesting that future
work could incorporate adversarial reward valida-
tion to further enhance robustness.
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A Appendix

A.1 Additional Implementation Details
To ensure the reproducibility of our results and
provide transparency regarding the training process,
we elaborate on the computational infrastructure
and the two-stage optimization pipeline used for
CAIR.

Hardware Infrastructure and Memory Manage-
ment All experiments were conducted on a high-
performance compute cluster featuring 8 NVIDIA
A800 (80GB) GPUs. These units are intercon-
nected via NVLink to facilitate low-latency gradi-
ent synchronization during the full-parameter fine-
tuning phase. Given the memory-intensive nature
of processing long-form video data alongside a 7B-
parameter language model, we utilized DeepSpeed
ZeRO-3. This strategy partitions model states, gra-
dients, and optimizer states across all distributed
GPUs, significantly reducing the memory footprint
per device. To further optimize throughput, we in-
tegrated FlashAttention-2, enabling the model to
handle multimodal sequences up to 4,096 tokens
without the quadratic memory growth typical of
standard attention mechanisms.

Stage 1: Full-Parameter Supervised Fine-
Tuning (SFT) Unlike traditional methods that
rely on parameter-efficient techniques like LoRA,
we performed a full-parameter fine-tuning of the
Qwen2.5-VL-7B backbone. We believe this allows
the model to more deeply internalize the complex
cross-modal alignments required for emotional rea-
soning. We utilized the EmoReason-SFT dataset,
comprising 31,000 samples. Training was con-
ducted over 2 full epochs with a global batch size
of 32, resulting in approximately 1,940 optimiza-
tion steps. The learning rate was set to 2 × 10−5

with a cosine decay schedule and a 5% warmup
period to stabilize the initial weight updates.

The initial performance shift observed during the
SFT phase (Stage 1) reflects a standard behavioral
recalibration (often termed the ’alignment tax’) re-
quired to strictly internalize structured reasoning
templates . During this stage, the model learns to
prioritize rigorous logical scaffolding over intuitive
pattern-matching shortcuts . Although this calibra-
tion may cause a temporary accuracy fluctuation, it
establishes the indispensable causal threads that en-
able the subsequent reinforcement learning phase
to reach a breakthrough performance beyond the
original zero-shot capabilities .

Stage 2: Reinforcement Learning via GRPO
Following the initialization from the SFT stage,
the model underwent reinforcement learning us-
ing the Group Relative Policy Optimization
(GRPO) algorithm. We specifically curated 3,000
"high-entropy" samples(hereafter referred to as
EmoReason-RL) where the SFT model exhibited
predictive uncertainty, targeting the model’s capac-
ity for belief revision. For each input, we sampled
a group size of G = 8 to compute relative advan-
tages within the cohort. The RL phase spanned 500
steps with a learning rate of 1× 10−6. The entire
training pipeline was completed in 42 hours.

To evaluate the logical consistency of ratio-
nales, the ground-truth keywords for Faith-F1
were derived from human-annotated reasoning
chains specifically prepared for MTMEUR and
EmoBench-M. We utilized KeyBERT to extract the
top-5 nouns and verbs representing causal triggers
(e.g., “confession,” “betrayal”) from these refer-
ence rationales. These keywords were fixed prior
to evaluation and remained independent of model
outputs, ensuring the metric objectively reflects the
model’s adherence to human-like causal logic dur-
ing the inference phase. Following the inherent
task hierarchy of MTMEUR, we treat the ground-
truth of the emotion recognition sub-task in each
session as the authoritative category anchor. This
allows us to map subsequent reasoning questions
to their respective official emotion categories for
the granular analysis.

A.2 Training Stability and Convergence
Analysis

To provide a deeper understanding of the CAIR op-
timization trajectory, we visualize the progression
of key metrics across both training phases in Figure
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Figure 6: Optimization dynamics during the two-phase
training process of CAIR. The primary axis (left) de-
notes the cross-entropy loss during the full-parameter
supervised fine-tuning (SFT) phase, while the sec-
ondary axis (right) illustrates the progression of di-
verse reward components—including format compli-
ance (Rformat), accuracy (Racc), and causal media-
tion (RCMR)—during the reinforcement learning phase.
The transition point indicates the shift from distribu-
tional alignment on 31k samples to causality-driven
optimization on 3k high-entropy samples.

6. This visualization confirms the stability of our
two-stage approach and highlights how different
reward signals interact during the policy refinement
stage.

Stage 1: Distributional Alignment via SFT. As
illustrated in the left region of the figure, the cross-
entropy loss during the full-parameter supervised
fine-tuning phase initiates at approximately 2.2.
This starting point reflects the initial semantic gap
between the general-purpose pre-trained weights of
Qwen2.5-VL-7B and the specialized multimodal
reasoning patterns in the EmoReason-SFT dataset.
Over the course of 1,940 steps (representing 2
epochs on 31,000 samples with a batch size of 32),
the loss exhibits a smooth exponential decay, even-
tually stabilizing near 0.45. This successful con-
vergence indicates that the model has effectively
internalized the basic templates of emotional expla-
nation and cross-modal mapping before entering
the more complex reinforcement learning phase.

Stage 2: Multi-objective Optimization via RL.
Upon transitioning to the reinforcement learning
phase, we observe a distinct divergence in the learn-
ing rates of the three reward components, with the
format reward (Rformat) reaching near-maximal
values within the first 100 steps. This rapid satu-
ration suggests that the preceding SFT phase pro-
vided a sufficiently strong structural bias, allowing
the GRPO algorithm to quickly enforce tag compli-

ance with minimal exploration cost.
Following the stabilization of output formats,

the accuracy reward (Racc) shows a steady upward
trend, while the Causal Mediation Reward (RCMR)
exhibits a more gradual but consistent improve-
ment. Since RCMR measures interventional utility
in resolving predictive uncertainty, its late-stage
growth signifies that the model is moving beyond
surface-level pattern replication to master the "la-
tent logic" of emotion via reasoning chains that
function as genuine evidence anchors. The over-
all stability of these curves, maintained under a
dynamic KL-divergence constraint, demonstrates
that CAIR effectively balances the exploitation of
high-reward causal paths with the preservation of
linguistic fluency, ensuring the final model is a
logically consistent reasoner capable of handling
complex information bottlenecks.

A.3 Formal Derivation of Reward
Components

The objective of CAIR is to optimize a compos-
ite reward function Rtotal = αRacc + βRformat +
λiRCMR. The design of this reward system is
grounded in the principles of Reinforcement Learn-
ing from Verifiable Feedback (RLVF) and Causal
Mediation Analysis. Here, we formally define each
component and the underlying theoretical rationale.

Accuracy Reward (Racc): Dense Signal for Cor-
rect Attribution Standard reinforcement learn-
ing for complex reasoning tasks often suffers from
the "sparse reward" problem. In a multi-class emo-
tion classification setting, a binary 0/1 reward pro-
vides no gradient information for incorrect trajecto-
ries, leading to inefficient exploration. To mitigate
this, we employ the principle of Reward Shaping.
We define Racc as:

Racc =

{
1, if y = y∗

ROUGE-L(y, y∗), otherwise
(7)

where y is the predicted label and y∗ is the ground
truth. The integration of ROUGE-L serves as a
"soft" distance metric. By rewarding the model for
generating labels that are semantically or linguisti-
cally proximate to the target category, we provide
a dense and continuous feedback signal. This en-
sures that the policy πθ remains oriented toward
the correct region of the label space even during
early-stage exploration.
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Format Compliance Reward (Rformat): Struc-
tural Integrity for Interventional Parsing To
ensure that the model output O follows the struc-
tured format [< reason >]z[< /reason >][<
answer >]y[< /answer >], we define a binary
indicator reward:

Rformat = I(tags in correct order and complete)
(8)

This reward is crucial not only for task compli-
ance but also as a prerequisite for the Dual-Path
Intrinsic Verifier. Since our framework requires the
automated extraction of the rationale z to perform
the semantic intervention do(Z = z), any struc-
tural failure in the output string would render the
causal evaluation impossible. Thus, Rformat acts
as a hard constraint to stabilize the parsing interface
between the policy model and the reward function.

Causal Mediation Reward (RCMR): Quantify-
ing Interventional Utility The most distinctive
component of CAIR is the RCMR, which evaluates
the quality of rationale z through the lens of Inter-
ventional Influence. Drawing from Judea Pearl’s
structural causal models (SCM), we treat z as a
mediator between the perceptual input X and the
emotional decision Y . The reward is formulated as
a log-likelihood ratio:

RCMR = log
P (y∗|X, do(z))

P (y∗|X)
(9)

where P (y∗|X) represents the observational "in-
tuitive" belief, and P (y∗|X, do(z)) represents the
interventional belief revision. Theoretically, this
ratio measures the Individual Causal Effect of the
generated rationale. If z contains redundant or su-
perficial information (e.g., "the person is smiling"),
the posterior belief remains stagnant (RCMR ≈ 0).
Conversely, if z identifies a critical latent trigger
(e.g., "perceived betrayal of trust"), it significantly
boosts the model’s confidence in the correct label
y∗, yielding a high positive reward. This mecha-
nism forces the model to move past vacuous surface
descriptions and instead prioritize rationales that
function as indispensable "evidence anchors".

A.4 The CAIR Optimization Algorithm and
Training Stability

The optimization of a 7B-parameter multimodal
model through reinforcement learning presents
unique challenges, particularly regarding computa-
tional overhead and gradient stability. To address

the inherent limitations of standard Proximal Pol-
icy Optimization (PPO)—which necessitates the
maintenance of an auxiliary Value Function (Critic)
and often doubles the GPU memory footprint—we
adoptGroup Relative Policy Optimization (GRPO)
as our primary training framework.

Algorithm 1 CAIR Optimization via GRPO

Require: SFT-initialized policy πθ, reference pol-
icy πref, dataset D, group size G = 8.

1: while not converged do
2: Sample a batch of multimodal contexts

{Xi}Bi=1 from D.
3: for each Xi do
4: Generate G diverse outputs

{Oi,j}Gj=1 ∼ πθ(O|Xi).
5: Parse {Oi,j} into rationales {zi,j} and

answers {yi,j}.
6: for each response j ∈ {1, . . . , G} do
7: Compute Racc and Rformat based on

ground truth y∗i .
8: Compute observational belief

P (y∗i | Xi) via the verifier.
9: Compute interventional belief

P (y∗i | Xi, do(zi,j)) via path B.
10: Calculate

RCMR = log
P (y∗i | Xi, do(zi,j))

P (y∗i | Xi)
.

11: Aggregate
ri,j = αRacc + βRformat + λiRCMR.

12: end for
13: Compute group advantage:

Ai,j =
ri,j −mean({ri,k}Gk=1)

std({ri,k}Gk=1)
.

14: end for
15: Update θ by maximizing the GRPO objec-

tive with KL constraint:
J (θ) =

E

[
πθ(O|X)

πθold(O|X)
A− ηKL(πθ ∥πref)

]

16: end while

The core philosophy behind selecting GRPO for
CAIR is two-fold. First, from a resource perspec-
tive, eliminating the Critic network allows us to al-
locate the saved memory to handle high-resolution
visual tokens from datasets. This ensures that the
full-parameter fine-tuning of the Qwen2.5-VL-7B
backbone remains feasible on a standard cluster of
8 NVIDIA A800 GPUs. Second, from a learning
perspective, GRPO facilitates Relative Preference
Learning. In complex tasks like causal emotion
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reasoning, assigning an absolute scalar reward to
a specific rationale z is often noisy. By sampling
a group of G = 8 diverse outputs for each multi-
modal context Xi, the model can effectively per-
form a cohort-based comparison. The advantage
Ai,j is then derived by normalizing the reward ri,j
against the group mean, which naturally filters out
sample-specific difficulty variance and focuses the
gradient update on the relative causal faithfulness
of the generated explanations.

The integration of the Causal Mediation Reward
(CMR) into the GRPO loop is a critical feature
of our implementation. Unlike traditional RLVR
(Reinforcement Learning from Verifiable Rewards)
which targets the final answer alone, our algorithm
requires each generated candidate j ∈ {1, . . . , G}
to pass through the Dual-Path Intrinsic Verifier. For
every sample in the group, we compute the ob-
servational belief P (y∗|X) (Path A) and the in-
terventional belief P (y∗|X, do(z)) (Path B). The
resulting log-likelihood ratio RCMR serves as a
direct measure of the "individual causal effect" of
the rationale z. By aggregating this with Racc and
Rformat, the model is intrinsically incentivized to fa-
vor rationales that not only look fluent but actively
resolve the model’s predictive uncertainty.

To prevent "policy collapse"—a phenomenon
where the model generates high-reward but lin-
guistically degenerate or repetitive sequences—we
impose a strict KL-divergence constraint relative
to the SFT-initialized reference policy πref. The
coefficient β is dynamically adjusted to ensure
that the model explores new causal reasoning
pathways while remaining anchored to human-
understandable language. This two-stage transition,
starting from a 31k-sample SFT initialization and
concluding with a targeted 3k-sample RL refine-
ment, ensures that CAIR achieves a robust balance
between cross-modal perception and high-level log-
ical derivation. The detailed procedural flow for
this optimization is formalized in Algorithm 1.

A.5 Entropy-Based Sample Curation
The efficiency of reinforcement learning, particu-
larly within the GRPO framework, is heavily con-
tingent upon the quality of the training trajectories.
Rather than performing RL on the entire 31,000
samples—which would incur prohibitive compu-
tational costs and potentially lead to gradient di-
lution—we implement a "difficulty-aware" cura-
tion strategy. We specifically identify 3,000 high-
entropy samples where the SFT-initialized model

exhibits the greatest predictive uncertainty.

The Principle of Information Bottleneck Our
selection process is grounded in the Information
Bottleneck principle. We hypothesize that sam-
ples with low predictive entropy represent scenar-
ios where the model’s intuitive "pattern matching"
is already sufficient. In contrast, samples with high
entropy indicate a failure of surface-level multi-
modal alignment, necessitating the construction of
a logical rationale to resolve ambiguity. To quan-
tify this, we pass all 31,000 samples through the
SFT model and compute the Shannon entropy of
the observational belief distribution P (Y |X):

H(Y |X) = −
∑

y∈Y
P (y|X) logP (y|X) (10)

where Y denotes the set of emotion categories. As
shown in Figure 7, the entropy distribution across
the dataset is non-uniform, with a significant "long
tail" of complex instances.

Curation Process and Thresholding We rank
the 31,000 samples by their entropy values and
select the top 3,000 instances to form the RL train-
ing subset. This partitioning effectively splits the
dataset into two functional groups: a stable subset
of 28,000 samples and a high-entropy target sub-
set of 3,000 samples. Empirically, these curated
samples predominantly consist of socially complex
emotions, such as Surprise and Sadness, where
visual cues often contradict contextual behaviors.

Why 3,000 Samples Choosing 3,000 samples
(approximately 10% of the original dataset) serves
a dual purpose. First, it ensures that the GRPO algo-
rithm focuses its group-relative advantage computa-
tion on cases where the "reasoning signal-to-noise
ratio" is highest. Second, it facilitates a more sta-
ble optimization of the Causal Mediation Reward
(CMR). By exposing the model to scenarios where
its intuitive judgment is most muddled, we max-
imize the potential for "Belief Revision" via the
rationale z. This strategy transforms the reinforce-
ment learning phase into a targeted curriculum,
where the model masters complex emotional logic
without being distracted by trivial instances that it
has already solved during the SFT stage.

A.6 Detailed Performance Breakdown on
MTMEUR

As demonstrated in the experimental results in Sec-
tion 4.3, CAIR establishes a new state-of-the-art
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Figure 7: Probability density function (PDF) of the
predictive entropy H(Y |X) for the entire 31,000 SFT
samples. The red-shaded region represents the 3,000
high-entropy samples selected for the reinforcement
learning phase, while the grey region represents the
28,000 stable samples. The thresholding identifies the
information bottleneck where reasoning becomes indis-
pensable.

across nearly all emotional dimensions on the MT-
MEUR dataset. To provide a more intuitive un-
derstanding of the model’s localized strengths, we
present a granular performance breakdown in Fig-
ure 8. This visualization compares our framework
against two formidable baselines: MTMEUR-base,
a specialized architecture fine-tuned specifically for
multimodal emotion understanding, and VideoL-
LaMA2, a state-of-the-art generalist large vision-
language model.

Figure 8: Radar chart illustrating the reasoning gap
across 7 emotion categories on MTMEUR. Radar chart
analysis of emotion-specific accuracy (%) on the MT-
MEUR benchmark. CAIR (red line) consistently out-
performs both specialized and generalist baselines, par-
ticularly in complex emotional categories.

The radar chart reveals a significant "reasoning
gap" in high-entropy emotional categories. For in-
stance, in the Surprise category, CAIR achieves an
accuracy of 72.90%, which represents a substantial
margin over MTMEUR-base (69.20%) and Vide-
oLLaMA2 (64.40%). Such categories often exhibit
fleeting micro-expressions and high contextual am-
biguity, which typical SFT-based models fail to
resolve. While generalist models often default to
the most frequent distribution (e.g., misinterpreting
surprise as generic happiness), CAIR utilizes the
Causal Mediation Reward (CMR) to anchor its pre-
diction in the underlying causal triggers identified
within the rationale z.

A similar trend is observed in the Sadness di-
mension, where CAIR attains 62.35% accuracy.
The logic behind this improvement is rooted in
the model’s ability to distinguish between overt
distress and subtle, implicit sorrow. By reward-
ing rationales that provide a measurable "interven-
tional utility," CAIR effectively filters out vacuous
descriptive markers—such as "the person looks
down"—and instead captures indispensable causal
mechanisms, such as "internalized grief following
a social loss".

The visual "envelopment" of the baselines by
CAIR’s performance boundary in Figure 8 con-
firms that our approach does not achieve its gains
through a few outliers. Instead, the combination
of CMR and Cognitive-load Adaptive Optimiza-
tion (CLO) provides a systematic uplift across the
entire emotional spectrum. This consistent superi-
ority across diverse emotions like Fear (70.11%)
and Exitement (89.90%) proves that grounding re-
inforcement learning in causal mediation is a robust
strategy for mastering the profound logic of human
emotion.

A.7 Cognitive Load and Stability Analysis
The intrinsic heterogeneity of human emotions dic-
tates that not all emotional states require the same
depth of logical derivation. To further investigate
how CAIR handles varying task complexities, we
conduct a comparative analysis against Naive RL
and SFT baselines across different cognitive loads,
specifically focusing on the FER and SCEA sub-
sets of EmoBench-M. We evaluate CLO against
two baselines: (1) Uniform RL, a vanilla GRPO
implementation where the optimization weight λi

is fixed at 1.0, treating all samples equally ; and
(2) Curriculum RL, which employs a static diffi-
culty schedule based on initial predictive entropy
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H(Y |X), training on simpler samples before pro-
gressing to complex ones . Unlike these static
approaches, CLO dynamically reallocates credit
based on real-time uncertainty.

Performance Dynamics across Information Bot-
tlenecks As summarized in Table 2, CAIR
achieves a specialized accuracy of 52.8% on FER
and a remarkably high accuracy of 68.5% on the
SCEA subset. This results in an overall average ac-
curacy of 56.4%, representing a 15.8% absolute im-
provement over the Emotion-LLaMA SFT baseline
(40.6%). From the perspective of the Information
Bottleneck principle, FER tasks possess a wide
"perceptual gate" where the observation stream
P (Y |X) already provides sufficient confidence. In
contrast, the SCEA subset—which involves deep
psychological attribution—presents a severe bottle-
neck where raw visual signals are often ambiguous.
Our Cognitive-load Adaptive Optimization (CLO)
successfully identifies these high-entropy scenarios
and intensifies the reward signal. This compels the
model to seek "evidentiary anchors" to resolve pre-
dictive uncertainty, leading to a substantial 14.4%
gain on SCEA compared to SFT (54.1%).

Optimization Stability and Policy Robustness
Beyond raw accuracy, a critical contribution of
CLO is the stabilization of the reinforcement learn-
ing trajectory. Traditional RL strategies often suf-
fer from gradient noise when forced to optimize
complex reasoning on "trivial" samples, leading
to performance fluctuations. As evidenced by our
stress tests on the CA-MER subset (Table 4), CAIR
significantly reduces the Interquartile Range (IQR)
from 8.2 to 3.8. This reduction in variance indi-
cates that by adaptively reallocating credit based on
the model’s Reasoning Signal-to-Noise Ratio (R-
SNR), CLO prevents the policy from over-fitting to
superficial patterns. Instead, the optimization focus
is dynamically shifted toward high-value regions
of the emotional landscape.

In summary, the empirical evidence presented
across Table 2 and Figure 9 suggests that the syn-
ergy between the Causal Mediation Reward (CMR)
and Cognitive-load Adaptive Optimization (CLO)
facilitates a fundamental shift in model behavior.
CAIR no longer functions as a mere statistical pat-
tern matcher that mimics frequent labels found in
the training distribution. Instead, it evolves into a
resource-aware reasoner.

By dynamically intensifying its "cognitive
effort"—quantified as the optimization weight

Figure 9: Comparative analysis of accuracy across low
cognitive load (FER) and high cognitive load (SCEA)
subsets on the EmoBench-M benchmark. The results
demonstrate that while performance improves across
the board, the sustained lead of CAIR in the SCEA
subset—surpassing the SFT baseline by 14.4% abso-
lute—highlights the efficacy of the CLO mechanism in
bridging the reasoning gap. This confirms that CAIR
successfully prioritizes high-entropy scenarios where
surface-level perceptual intuition typically fails.

λi—on instances where the initial predictive en-
tropy H(Y |X) is high, the model achieves a robust
transition from superficial mimicry to authentic,
logically grounded emotional intelligence. This is
particularly evident in the SCEA results, where the
model must navigate complex social attributions.
The substantial information gain (∆H = 0.19) ob-
served in high-load tasks further confirms that the
generated rationales z serve as essential causal me-
diators, enabling the model to perform a successful
Belief Revision when raw perceptual signals are
muddled or contradictory. This dual-path verifica-
tion ensures that the model’s decisions are not only
accurate but also logically faithful to the underlying
causal mechanisms of human affect.
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