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Abstract

Large Language Models (LLMs) have demonstrated strong
performance in various NLP tasks but remain limited in emo-
tional intelligence (EI). Benchmarks such as EmoBench at-
tribute this gap to deficiencies in cognitively demanding tasks
that require inferring others’ latent mental states, intentions,
and emotions in nuanced social contexts. To address this, we
propose MACRo, a Multi-Agent Cognitive Reasoning frame-
work that generates a structured Cognitive Chain of Thought
comprising Situation, Clue, Thought, Action, and Emotion.
Each component is generated by a specialized agent, en-
abling modular, interpretable multi-step reasoning. To ensure
coherence and mitigate hallucinations, a coordinator agent
verifies outputs, and a consensus game mechanism enforces
alignment across reasoning steps. Extensive Experiments on
EmoBench show that MACRo significantly enhances both
emotional understanding and application across LLMs. Fur-
ther evaluations confirm its generalizability to real-world so-
cial applications such as emotional support conversations.

Introduction
While Large Language Models (LLMs) perform well on
tasks such as text generation, summarization, and question
answering (Zhou et al. 2024a; Zhong et al. 2024), they of-
ten fall short in understanding and reasoning about human
affective and cognitive states (Sabour et al. 2024).

In contrast to traditional emotion recognition tasks (Tu
et al. 2024; Liu et al. 2025; Tu et al. 2025) that primarily
focus on identifying surface-level affective cues, emotional
intelligence (EI) involves higher-order abilities such as infer-
ring latent mental states, appraising social context, and man-
aging interpersonal dynamics (Salovey and Mayer 1990).
These advanced competencies are critical for applications
requiring nuanced social reasoning and human-centered in-
teraction (Zhou et al. 2024b).

Recent evaluations, especially from EmoBench (Sabour
et al. 2024), highlight significant limitations in the EI of
LLMs. While LLMs exhibit some competence in recogniz-
ing explicit emotional cues, they still struggle with cogni-
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tively demanding tasks such as perspective taking, which in-
volves inferring others’ latent mental states, intentions, and
emotions within nuanced social contexts. EmoBench con-
ceptualizes EI into two key dimensions, emotional under-
standing (EU) and emotional application (EA), and finds that
LLMs tend to perform better on tasks requiring straightfor-
ward EA but underperform on those demanding deeper rea-
soning about others’ emotions and perspectives. This pattern
aligns with observed weaknesses in Theory of Mind (ToM)
related capacities (Strachan et al. 2024; Kosinski 2024), sug-
gesting the EI gap stems from a lack of fundamental cogni-
tive modeling rather than prompting or data alone.

Despite its importance, ToM is often dismissed as a het-
erogeneous psychometric construct (Wang et al. 2023), leav-
ing its potential as a theoretical foundation for enhancing the
EI of LLMs largely underexplored. A potential solution is
to inject ToM-inspired reasoning into LLMs via structured
cognitive chains, generated by a trained cognitive language
model (COLM) (Wu et al. 2024). However, our experiments
show that COLM struggles to generalize in EI tasks, often
generating garbled outputs. As a result, the low reliability of
these chains limits their utility in enhancing the EI of LLMs.

Similarly, LLMs without dedicated training often produce
hallucinated or incoherent reasoning chains. As illustrated in
Figure 1, the generated thought speculates about Jamie’s
intention rather than expressing Alex’s emotional response,
breaking the emotional continuity and leading to a discon-
nect from the preceding clue. Such breakdowns reflect a
deeper limitation: the absence of mechanisms that enforce
stepwise coherence in generated reasoning. We refer to this
coherence as consensus, a verifiable alignment between suc-
cessive elements in the cognitive chain. Without constraints
to preserve this internal consistency, cognitive outputs tend
to be fragmented and cognitively unreliable.

Motivated by the need for coherent and cognitively
grounded reasoning, we propose a Multi-Agent Cognitive
Reasoning framework (MACRo) for generating Cognitive
Chain of Thought (CogCoT), a structured sequence of
Situation, Clue, Thought, Action, and Emotion
guided by ToM. Each specialized agent is responsible for
generating a specific component in the chain, enabling in-
terpretable and modular reasoning. Unlike standard CoT
prompting, CogCoT enforces stepwise cognitive dependen-
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At a crowded train 
station, Alex was saying 
goodbye to his childhood 
friend Jamie, who was 
moving abroad for a new 
job. As the train doors 
closed and it began to pull 
away, Alex turned to 
leave—only to hear 
Jamie’s voice calling his 
name from the platform.

This was the last chance 
to see Jamie for a long 
time, and hearing their 
voice again made the 
goodbye feel even more 
sudden and emotional. 
—> (This clue builds 
directly on the situation’s 
emotional weight by 
highlighting the finality 
of the farewell.)

Jamie is really leaving, and 
I might not see them for 
years—this goodbye is 
hitting me harder than I 
expected. —> (This thought 
logically continues the clue 
by internalizing the 
emotional impact of realizing 
the finality.)

Alex turns back quickly, 
searching for Jamie in the 
crowd, and waves 
frantically while shouting, 
"Take care! I'll miss you!" 
before the train disappears 
from view. —> (This action 
follows naturally from the 
thought—it’s an emotional 
release driven by sudden 
realization.)

A bittersweet mix of 
sadness, warmth from 
the heartfelt goodbye, 
and a lingering sense 
of longing. —> (These 
emotions directly 
reflect the tone and 
intensity of the 
preceding action, 
completing the 
emotional arc.)

CogCoT w/ Consensus Game

CogCoT w/o Consensus Game

At a crowded train 
station, Alex was saying 
goodbye to his childhood 
friend Jamie, who was 
moving abroad for a new 
job. As the train doors 
closed and it began to pull 
away, Alex turned to 
leave—only to hear 
Jamie’s voice calling his 
name from the platform.

Alex hadn't expected 
Jamie to call out to him 
after the train started 
moving, making the 
goodbye feel suddenly 
unfinished. —> (This clue 
introduces a sense of 
surprise but does not 
deepen the emotional 
stakes from the situation
—it shifts focus from 
emotion to event.)

Jamie must have something 
important left to say, or 
maybe they're feeling just 
as emotional as I am about 
this goodbye. —> (This 
thought speculates about 
Jamie’s intention rather than 
expressing Alex’s emotional 
response, which disconnects 
it from the clue.)

Alex quickly turned back 
toward the platform, waving 
and shouting, "Jamie! What 
is it?" while trying to push 
through the crowd to get 
closer. —> (This action 
reflects curiosity or 
concern rather than 
emotion, so it doesn’t 
follow directly from the 
speculative thought.)

A mix of urgency, 
hope, and bittersweet 
longing, intensified by 
the unexpected chance 
to reconnect. —> 
(These emotions feel 
partially justified but 
lack grounding in the 
prior action, which was 
reactive and ambiguous 
in intent.)

Figure 1: Illustration of two CogCoT examples with and without a consensus game. Each component is color-coded for clarity.
Coherent and incoherent reasoning explanations are highlighted in green and red text, respectively.

cies and explicit structure that mirror human-like inference.
A dedicated coordinator agent verifies output formats and
produces the final summary, mitigating hallucinations and
improving output consistency.

To further ensure internal coherence, we formulate Cog-
CoT generation as a signaling game under imperfect infor-
mation, where agents interact to align the semantic consis-
tency of successive reasoning segments. Building on no-
regret dynamics (Fudenberg and Levine 1995), we introduce
a consensus game mechanism that iteratively refines both
agents’ policies to reach a Nash equilibrium, encouraging
semantic alignment across reasoning steps. This method re-
quires no additional model training and can be flexibly inte-
grated with various LLMs.

In summary, our contributions are as follows:

• We propose the MACRo that generates a structured Cog-
CoT to enhance the EI of LLMs.

• We propose a consensus game mechanism that leverages
iterative policy refinement to achieve semantic coherence
across reasoning steps via equilibrium convergence.

• We conduct comprehensive evaluations on EmoBench,
demonstrating the effectiveness of our MACRo in en-
hancing the EI of LLMs and proving its generalizabil-
ity to other social applications, such as the downstream
Emotional Support Conversation (ESC) task.

Related Work
Emotional Intelligence of LLMs
Recent studies on the EI of LLMs have followed two
main directions. The first focuses on incorporating psycho-
logical theories or standardized scales to construct public
benchmarks for evaluating emotional understanding (Wang
et al. 2023; Paech 2023; Huang et al. 2023), such as
EmoBench (Sabour et al. 2024), which have been introduced
to more comprehensively assess EI across multiple dimen-
sions. The second involves fine-tuning LLMs on EI-related
downstream tasks, mainly classification and regression, to
improve their task-specific performance (Zhang et al. 2023;
Lei et al. 2023; Liu et al. 2024; Li et al. 2024). However,
existing approaches often rely on superficial emotional cues
or statistical patterns, lacking deep cognitive reasoning that
models the underlying mental states essential for robust EI.

Cognitive Knowledge for LMs
Cognitive knowledge is essential for intuitive reasoning
in language models and is commonly represented as text-
based knowledge graphs encoding event and object rela-
tions. Notable examples include ConceptNet (Speer, Chin,
and Havasi 2017) for taxonomic facts; ATOMIC (Sap et al.
2019) and its extensions (Hwang et al. 2021; West et al.
2022; Kim et al. 2023) focusing on social commonsense;
and NOVATOMIC (West et al. 2023), which uses natural
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Figure 2: Overview of the MACRo for generating CogCoT. Specialized agents independently generate each component under
coordinator control, with a consensus game ensuring coherence through equilibrium-based ranking.

language queries for general reasoning. These primarily cap-
ture event-centered commonsense, like temporal and causal
relations, but offer limited explicit modeling of ToM, crucial
for understanding human mental states. Recent work, such
as COKE models ToM via a chained structure (Situation,
Clue, Thought, Action/Emotion) to better mirror human so-
cial inference (Wu et al. 2024). However, existing work
views ToM mainly as a simplistic, heterogeneous psycho-
metric task unsuitable for standardized EI evaluation (Wang
et al. 2023), thereby largely overlooking its potential as a
foundational theory for improving the EI of LLMs.

Preliminaries
What is EI?
EI, originally defined by Salovey and Mayer (1990), refers
to the ability to monitor one’s own and others’ feelings, dif-
ferentiate between them, and use this information to guide
thoughts and actions. Subsequent works have expanded
this notion from different perspectives: Goleman (1996)
and Bar-On (1997) emphasized emotional self-awareness,
self-motivation, and social competence, while Schuller and
Schuller (2018) highlighted emotion recognition, adapta-
tion, and goal-oriented emotional reasoning. Despite these
variations, EI fundamentally involves two key capabilities:
understanding emotions and applying them effectively in
context (Sabour et al. 2024).

Methodology
Task Definition
Following Sabour et al. (2024), EI is conceptualized into
two dimensions: EU and EA, each defined through specific
multiple-choice tasks. Specifically, the EU examines the
model’s ability to infer emotional states, underlying causes,
intentions, and beliefs. It encompasses four task types: com-
plex emotions (CE), personal beliefs and experiences (PBE),
perspective taking (PT), and emotional cues (EC). EA as-
sesses the model’s capacity to apply emotional understand-
ing by selecting contextually appropriate responses in var-

ious relational scenarios, including personal-self, personal-
others, social-self, and social-others.

Multi-Agent Cognitive Reasoning Framework
In Figure 2, the MACRo employs a hierarchical architec-
ture comprising a Coordinator and five role-specialized Ex-
ecutors. Each Executor Agent is responsible for generating
one distinct segment of the CogCoT, collectively simulating
the stepwise structure of human emotional reasoning. These
roles include contextual grounding (Situation), trigger iden-
tification (Clue), cognitive appraisal (Thought), behavioral
projection (Action), and affective synthesis (Emotion). This
modular design enhances both the interpretability and con-
trollability of the reasoning process.

Following Yi et al. (2025), the Coordinator Agent con-
tinuously monitors and verifies the intermediate outputs of
Executors to reduce hallucinations and enforce format con-
sistency. If an Executor’s output meets quality standards, the
process proceeds; otherwise, the Coordinator issues revision
feedback. After all components of the CogCoT are gener-
ated, the Coordinator summarizes and refines the final rea-
soning chain to ensure global consistency across steps.

Consensus Game
To ensure the internal alignment within the CogCoT, the
MACRo incorporates a game-theoretic consensus mecha-
nism among Executor agents. This interaction is inspired
by the piKL framework (Jacob et al. 2022), which coor-
dinates symmetric policy distributions of a single model
through KL-regularized no-regret updates over a shared out-
put space (Jacob et al. 2024). In contrast to piKL’s homoge-
neous and symmetric setting, the MACRo generalizes this
to heterogeneous agents with distinct roles and disjoint out-
put spaces, enforcing directional, stepwise coherence rather
than symmetric consensus.

After the n-th agent generates its CogCoT segment, it
passes the result as prior knowledge to the (n+ 1)-th agent.
This agent then generates its segment either using or ignor-
ing received prior knowledge, represented by latent decision
Z ∈ {used,unused}. Crucially, v is observed only by the
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(n+1)-th agent (as the Generator), while the n-th agent (as
the Discriminator) does not, and infer whether z=used
from the generated response y. This aligns with the core
principle of signaling games (Lewis 2008), where the Gen-
erator sends a signal y conditioned on hidden state z, and the
Discriminator attempts to decode z based on y.

The Generator’s initial policy π
(1)
G (y | z) is computed from

the model’s generation probabilities conditioned on z, then
normalized. The Discriminator’s initial policy π

(1)
D (z | y) is

obtained by scoring each candidate y using a coherence-
evaluation prompt relative to the preceding CogCoT seg-
ment. Both agents aim to maximize the shared utility:

uG(πG, πD) =
1

2

∑
z∈Z

∑
y∈Y

πG(y | z) · πD(z | y) (1)

uD(πG, πD) =
1

2

∑
z∈Z

∑
y∈Y

πG(y | z) · πD(z | y) (2)

where Y is the set of candidate responses. A Nash equilib-
rium (π∗

G, π
∗
D) occurs when neither agent can improve its

expected utility by changing its strategy alone (Monderer
and Shapley 1996). This ensures both agents agree on how
messages y map to latent decisions z, thereby promoting
coherent generation. To avoid degenerate equilibria, regu-
larization terms are added to penalize divergence from the
initial policies π

(1)
G and π

(1)
D , anchoring policies toward lan-

guage model priors. At each iteration t, the Generator and
Discriminator update their policies using feedback from the
opponent’s past behavior.

Q
(t)
G (z) =

1

2t

∑t

τ=1
π
(τ)
D (z = used | y) (3)

Q
(t)
D (y) =

1

2t

∑t

τ=1
π
(τ)
G (y | z) (4)

where τ indexes previous iterations. Q(t)
G (y | z) represents

the Generator’s estimate of the Discriminator’s posterior
probability of latent decision z given response y, averaged
over past rounds. Similarly, Q(t)

D (z | y) denotes the Discrim-
inator’s estimate of the Generator’s conditional probability
of producing response y given z. Each agent then updates its
policy via a KL-regularized exponential weighting rule that
balances payoff feedback with adherence to initial policies:

π
(t+1)
G (y | z) ∝ exp

(
Q

(t)
G (y) + λG log π

(1)
G (y | z)

1
ηGt

+ λG

)
(5)

π
(t+1)
D (z | y) ∝ exp

(
Q

(t)
D (z) + λD log π

(1)
D (z | y)

1
ηDt

+ λD

)
(6)

where λG and λD are regularization coefficients that con-
trol how strongly the agents should adhere to their initial
strategies. At the same time, ηG and ηD determine the rate
at which the agents incorporate feedback over iterations.

Integration with LLMs
The generated CogCoT serves as a structured Chain-of-
Thought prompt that can be seamlessly integrated into vari-
ous LLMs to enhance EI by injecting step-by-step cognitive
reasoning into the input. Furthermore, it generalizes to other
social applications, such as the downstream ESC task.

Experiments
Datasets
We conduct our experiments on EmoBench, a comprehen-
sive benchmark designed to evaluate the EI of LLMs. It
includes 400 carefully crafted bilingual (Chinese-English)
multiple-choice questions across two EI dimensions: EU and
EA. The dataset demonstrates high reliability, with a Fleiss’
Kappa of 0.852 from multi-annotator agreement.

Baselines
In our experiments, following Sabour et al. (2024), we
evaluate a range of recent LLMs with strong bench-
mark performance. For API-based LLMs accessible
via APIs, we include OpenAI’s GPT-3.5 (Brockman
et al. 2015), Deepseek-v3 (Guo et al. 2025), and
Baichuan2-53B (Yang et al. 2023). For locally deploy-
able, we include LLaMA2-Chat-7B and 13B (Tou-
vron et al. 2023), Baichuan2-Chat-7B and 13B,
Qwen-Chat-7B and 14B (Bai et al. 2023), as well as
ChatGLM3-6B and Yi-Chat-6B (Young et al. 2024).
Given the computational overhead of multi-turn reasoning in
MACRo, we adopt DeepSeek-V3 as a practical substitute
for GPT-4 (Achiam et al. 2023), based on its demonstrated
performance on EmoBench, which is comparable to that of
GPT-4 (Sabour et al. 2024).

Experimental Settings
Setting of Baselines. For LLaMA-based models, we adopt
default decoding settings with top-p sampling (p = 0.9) and
temperature = 0.6. For other models, we use their default
inference configurations via either public APIs or the Hug-
gingFace Transformers interface.
Setting of CogCoT Generation. All CogCoT are generated
in MACRo, using the base model itself without any addi-
tional training. In the consensus game, we set all game dy-
namics parameters to ηD = λD = ηG = λG = 0.1 across
experiments for consistency, though further tuning may im-
prove performance. The consensus game mechanism runs
for 5000 iterations to select coherent reasoning steps. This
is a numerical consensus optimization, not repeated LLM
inference. In Deepseek-v3, 5,000 iterations take 3.3s,
while 500 iterations take 0.05s with under 0.3% overall drop.

For CogCoT generated by COLM, since COLM check-
points are unavailable, we reimplement and retrain COLM
following the original paper’s settings. Notably, COLM is
trained on a dataset derived from a cognitive knowledge
graph (Wu et al. 2024) rather than EmoBench. COLM gen-
erates each CogCoT component separately, which we then
concatenate to form the complete reasoning chain.
Setting of Baselines with CogCoT. The final CogCoT is
concatenated with the original prompt and fed back into the
same base model for task completion.
Setting of ESC Models. We train both standard Blender-
Bot (Roller et al. 2021) and BlenderBot enhanced with Cog-
CoT, following the experimental setup in (Wu et al. 2024)
for fair comparison. CogCoT is generated by either COLM
(based on Llama2) or a similarly sized Llama2-Chat-7B.
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Emotional Understanding Ability CE PBE PT EC Overall
LLM EN ZH EN ZH EN ZH EN ZH EN ZH

Yi-Chat-6B (Base) 16.33 20.41 12.95 20.54 7.84 13.43 17.86 24.11 12.75 18.62
Yi-Chat-6B (CogCoT) 19.90 23.98 15.18 14.73 10.82 18.28 28.87 20.54 16.75 19.00

ChatGLM3-6B (Base) 24.49 30.61 19.64 14.73 13.43 11.19 30.36 37.50 20.25 20.62
ChatGLM3-6B (CogCoT) 29.08 29.59 21.43 15.18 17.54 15.67 39.29 48.21 24.50 23.50

Llama2-Chat-7B (Base) 13.27 13.27 9.37 9.37 13.06 4.85 10.71 5.36 11.75 8.25
Llama2-Chat-7B (CogCoT) 18.88 13.78 13.84 6.25 8.58 10.07 14.29 17.86 13.88 11.00

Baichuan2-Chat-7B (Base) 30.10 25.00 20.98 12.50 16.04 13.06 26.79 36.61 22.38 19.12
Baichuan2-Chat-7B (CogCoT) 17.86 28.06 13.39 12.95 12.69 17.54 16.07 29.46 14.62 20.50

Qwen-Chat-7B (Base) 28.06 26.02 21.88 16.96 16.42 15.30 28.57 31.25 22.50 20.62
Qwen-Chat-7B (CogCoT) 30.61 33.67 22.77 13.39 14.18 16.79 35.71 37.50 23.62 22.88

Llama2-Chat-13B (Base) 22.45 11.22 17.41 9.38 12.69 4.85 19.64 8.04 17.38 8.12
Llama2-Chat-13B (CogCoT) 17.35 13.78 16.52 4.46 10.82 7.46 25.00 11.61 16.00 8.75

Baichuan2-Chat-13B (Base) 34.69 37.24 24.55 19.64 18.66 20.15 33.04 37.50 26.25 26.62
Baichuan2-Chat-13B (CogCoT) 29.08 35.20 20.98 23.66 13.81 20.52 34.82 33.04 22.50 26.75

Qwen-Chat-14B (Base) 46.94 43.37 35.27 30.36 26.12 19.40 38.39 41.96 35.50 31.50
Qwen-Chat-14B (CogCoT) 48.98 44.90 32.59 25.89 27.61 25.00 43.75 40.18 36.50 32.25

Baichuan2-53B (Base) 43.88 46.43 31.25 25.00 25.37 25.37 49.11 50.89 34.88 34.00
Baichuan2-53B (CogCoT) 67.35 58.67 37.95 38.43 34.33 38.43 64.29 59.82 47.62 45.25

GPT 3.5 (Base) 41.84 30.61 33.48 18.30 21.64 22.01 44.64 45.54 33.12 26.38
GPT 3.5 (CogCoT) 46.43 36.22 29.02 20.98 24.63 26.49 46.43 38.39 34.25 29.00

Deepseek-v3 (Base) 79.59 70.92 50.89 40.18 44.40 45.52 63.39 70.54 57.50 53.75
Deepseek-v3 (CogCoT) 72.96 71.94 50.89 40.62 49.63 44.78 70.54 73.21 58.62 54.25

Table 1: Performance of various LLMs on emotional understanding ability in English and Chinese. CE, PBE, PT, and EC indi-
cate Complex Emotions, Personal Beliefs and Experience, Perspective Taking, and Emotional Cues, respectively. Highlighted
cells represent the best performance across three different model sizes.

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

Yi-Chat-6B
ChatGLM3-6B

Llama2-Chat-7B
Baichuan2-Chat-7B

Qwen-Chat-7B
Llama2-Chat-13B

Baichuan2-Chat-13B
Qwen-Chat-14B
Baichuan2-53B

GPT 3.5
Deepseek-v3

Figure 3: Consensus success rates on 100 sampled tasks (50 in English and 50 in Chinese, balanced across EU and EA). A cell
is highlighted in red only when all adjacent agents achieve consensus during CogCoT generation.

All experiments followed the setup detailed in Wu et al.
(2024) to ensure a fair comparison.
Evaluation Metrics. Following Sabour et al. (2024), we
prompt each LLM five times per multiple-choice question
and determine the final answer via majority voting. To mit-
igate choice-order bias (Zheng et al. 2024), answer choices
are randomly permuted four times. Accuracy, averaged over
all permutations, serves as the primary evaluation metric.
Model outputs are parsed using heuristic rules.

For ESC, we report automatic evaluation metrics in-
cluding perplexity (PPL), BLEU-2 (Papineni et al. 2002),
ROUGE-L (Lin 2004), and the BOW Embedding-based (Liu
et al. 2016) Extrema matching score. Additionally, we con-
duct human evaluation on 30 sampled validation dialogues.
Two expert native-speaking annotators rate each response on
Fluency, Identification, Comforting, and Suggestion using 3-

point Likert scales. Inter-annotator agreement achieves Co-
hen’s κ = 0.73, indicating substantial consistency.

Results and Discussion
As shown in Tables 1 and 2, DeepSeek-V3 achieves the
best performance across both EU and EA tasks. While most
models perform slightly better in English, likely due to train-
ing data differences, overall trends remain consistent across
languages, as illustrated in Figure 4. Larger models gener-
ally perform better, aligning with previous observations on
LLM scaling laws (Brown et al. 2020).

EU proves substantially more challenging than EA, as
it requires identifying both emotions and their underlying
causes, and its scenarios are constructed to be abstract and
nuanced to prevent reliance on superficial cues. In con-
trast, EA samples are more concrete and behavior-focused.
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Emotional Application Ability Personal-Self Personal-Others Social-Self Social-Others Overall
LLM EN ZH EN ZH EN ZH EN ZH EN ZH

Yi-Chat-6B (Base) 50.50 49.50 40.00 39.50 50.50 37.50 48.00 35.50 47.25 40.50
Yi-Chat-6B (CogCoT) 59.00 53.00 41.00 46.50 47.00 49.50 54.50 41.50 50.38 47.46

ChatGLM3-6B (Base) 62.00 48.00 55.00 47.50 51.50 47.00 54.00 44.50 55.62 46.75
ChatGLM3-6B (CogCoT) 61.00 60.50 55.00 56.00 54.00 47.50 53.50 55.50 55.88 54.88

Llama2-Chat-7B (Base) 58.50 44.50 55.50 36.00 45.00 34.00 41.50 42.50 50.12 39.25
Llama2-Chat-7B (CogCot) 60.00 44.50 54.00 48.50 55.00 48.50 55.50 37.50 56.12 44.75

Baichuan2-Chat-7B (Base) 59.50 48.50 52.00 38.00 48.50 47.50 50.00 44.00 52.50 44.50
Baichuan2-Chat-7B (CogCoT) 65.50 53.00 59.00 45.50 54.50 57.00 52.50 47.00 57.88 50.62

Qwen-Chat-7B (Base) 62.50 44.00 50.50 49.00 55.50 51.50 50.00 42.00 54.62 46.62
Qwen-Chat-7B (CogCoT) 61.00 52.00 53.50 54.50 58.50 56.50 55.00 56.50 57.00 54.88

Llama2-Chat-13B (Base) 59.50 43.50 54.00 37.50 48.50 44.00 46.50 36.00 52.12 40.25
Llama2-Chat-13B (CogCoT) 55.50 46.50 46.00 38.00 54.00 46.50 51.00 40.00 51.62 42.75

Baichuan2-Chat-13B (Base) 52.00 51.50 52.00 51.50 52.00 58.00 58.50 58.00 53.62 54.75
Baichuan2-Chat-13B (CogCoT) 49.50 55.00 56.50 54.50 56.50 57.50 57.00 51.50 54.88 54.62

Qwen-Chat-14B (Base) 74.00 69.00 54.00 56.50 60.50 56.50 53.50 50.50 60.50 58.12
Qwen-Chat-14B (CogCoT) 68.00 70.50 54.50 53.00 60.00 62.50 52.50 60.00 58.75 61.50

Baichuan2-53B (Base) 75.50 63.00 62.50 59.00 62.00 68.00 61.50 58.00 65.38 62.00
Baichuan2-53B (CogCoT) 83.50 79.00 73.50 71.50 72.00 71.00 68.00 69.00 74.25 72.62

GPT 3.5 (Base) 64.50 57.00 61.00 57.00 60.50 53.00 59.50 56.00 61.38 55.75
GPT 3.5 (CogCoT) 71.00 70.50 60.50 63.50 62.00 60.00 63.00 61.50 64.12 63.88

Deepseek-v3 (Base) 80.00 75.50 72.50 61.50 73.00 73.50 76.00 74.50 75.38 71.25
Deepseek-v3 (CogCoT) 83.00 75.50 74.50 66.00 73.50 71.50 76.50 75.00 76.88 72.00

Table 2: Accuracy of various LLMs on emotional application ability in English and Chinese.

Among EU scenarios, perspective-taking is the most diffi-
cult, consistent with prior findings on ToM limitations in
LLMs (Ullman 2023). CogCoT significantly improves per-
formance on PT and other difficult EU categories. For EA,
performance varies by relationship type and problem cate-
gory, with “Personal-Others” scenarios being the most diffi-
cult. Again, CogCoT offers consistent gains.

Figure 4 shows that the commonly used step-by-step rea-
soning prompt provides limited benefits and can degrade
performance. In contrast, CogCoT consistently enhances
performance, especially for larger models. Table 3 compares
CogCoT with COLM, a supervised model trained to gener-
ate CogCoT components. Despite its explicit supervision,
COLM performs worse across both tasks, highlighting the
superior generalization ability of our zero-shot approach.

Ablation Study
In this section, we conduct ablation experiments to eval-
uate the contributions of key components in the proposed
MACRo framework. We select three representative mod-
els with the best performance across different model scales:
ChatGLM-6B, Qwen-Chat-14B, and DeepSeek-V3.
These models are tested on both EU and EA tasks. As
shown in Table 4, each module yields significant perfor-
mance gains. This is further supported by the statistical anal-

Model Variant Overall (EU) Overall (EA)
EN ZH EN ZH

Llama2-Chat-7B (Base) 11.75 8.25 50.12 39.25
w/ Llama2-Chat-7B (COLM) 12.38 8.00 50.25 31.75
w/ Llama2-Chat-7B (CogCoT) 13.88 11.00 56.12 44.75

Table 3: Accuracy comparison between LLaMA2-Chat-7B
enhanced with COLM and with CogCoT.

ysis, where the p-value ≪ 0.05 for the paired t-test.
Analysis of Multi-agent Architecture. Removing the
multi-agent architecture causes the largest performance
drop, with average EU declines of 3.1% in English and 2.1%
in Chinese, and EA decreases of 3.0% and 2.1%, respec-
tively. The smaller drop in Chinese may stem from linguis-
tic and cultural factors influencing reasoning complexity.
These findings underscore the importance of role special-
ization and modular design. Without them, reasoning chains
become less structured and more error-prone, whereas the
agent-based approach decomposes tasks into interpretable
subtasks, enhancing reliability throughout the CogCoT.
Analysis of Consensus Game. Removing the consensus
game also results in significant performance drops. On aver-
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Model Variant Overall (EU) Overall (EA)
EN ZH EN ZH

ChatGLM3-6B (CogCoT) 24.50 23.50 55.88 54.88
w/o Consensus Game 22.75 22.25 53.38 54.00
w/o Multi-agent 20.38 20.62 51.50 52.50

Qwen-Chat-14B (CogCoT) 36.50 32.25 58.75 61.50
w/o Consensus Game 35.62 31.75 56.50 59.38
w/o Multi-agent 34.00 30.50 55.50 58.88

Deepseek-v3 (CogCoT) 58.62 54.25 76.88 72.00
w/o Consensus Game 57.75 53.38 76.00 71.38
w/o Multi-agent 55.88 52.50 75.38 70.75

Table 4: Ablation study of MACRo. The “w/o Multi-agent”
variant removes role specialization, thereby rendering the
consensus game mechanism inapplicable.

Metric Vanilla + COLM + CogCoT

PPL ↓ 16.96 15.98 15.80
BLEU-2 ↑ 6.93 6.42 7.01
ROUGE-L ↑ 15.01 15.57 16.21
Extrema ↑ 50.28 50.49 50.68

Fluency ↑ 2.30 2.50 2.70
Identification↑ 1.95 2.10 2.30
Comforting ↑ 2.10 2.35 2.55
Suggestion ↑ 1.35 1.75 2.10

Table 5: Automatic and human evaluation on ESC.

age, the EU decreases by about 1.2% in English and 0.9% in
Chinese, while EA drops by approximately 1.9% and 1.2%,
respectively. This indicates that the consensus game further
refines the outputs by fostering inter-agent alignment and
coherence in the reasoning chain. As illustrated in Figure 3,
the consensus game effectively promotes agreement among
agents, enhancing the coherence of the CogCoT. Notably,
larger LLMs exhibit higher success rates, likely due to their
stronger reasoning abilities and more stable generation.

Error Analysis
We analyze cases where CogCoT leads to incorrect predic-
tions compared to the base DeepSeek-V3 model. Most errors
arise in the Chinese setting, particularly within perspective-
taking and social-self tasks. These failures may stem from
high linguistic and cultural complexity that challenges nu-
anced emotional reasoning. While the structured CogCoT
enhances reasoning coherence and interpretability, it can
sometimes over-constrain inference, limiting flexibility to
capture implicit social cues, unlike the base model’s looser
but sometimes more adaptable reasoning.

Empowering Social Applications
We evaluate the generalizability of our MACRo on the ESC
task (Liu et al. 2021), which requires generating empathetic
and context-aware responses for users in distress. As a so-
cially grounded dialogue task, ESC demands ToM capabil-
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Figure 4: Overall accuracy comparison across baseline
LLMs, CoT-enhanced models (step-by-step prompting), and
CogCoT-enhanced models. Top: English; Bottom: Chinese.

ities, including the inference of latent emotions, user inten-
tions, and dynamic conversational cues. We compare three
model variants: the base BlenderBot, BlenderBot augmented
with COLM-generated recognitive claim, and BlenderBot
with CogCoT. As Table 3 shows, CogCoT achieves notable
improvements across both automatic metrics and human
evaluations. These results demonstrate that CogCoT signif-
icantly enhances the quality and emotional effectiveness of
responses in real-world social AI applications.

Conclusion
In this paper, we present MACRo, a novel Multi-Agent
Cognitive Reasoning framework designed to enhance the
EI of LLMs through structured CogCoT. By decomposing
recognitive reasoning into modular, specialized components
coordinated via a game-theoretic consensus mechanism,
MACRo effectively addresses coherence challenges and
mitigates hallucination in reasoning processes. Extensive ex-
periments on the EmoBench demonstrate that MACRo sig-
nificantly improves both EU and EA across diverse LLMs in
English and Chinese. Furthermore, evaluations on the Emo-
tional support conversation task validate the framework’s
strong generalizability in affective and social reasoning.
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