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Abstract

Hateful meme classification aims to identify memes con-
taining hateful content and has become increasingly im-
portant in the era of social media dominance. Large mul-
timodal models (LMMs) have significantly enhanced the
understanding of multimodal content, advancing this field.
However, cognitive biases in LMMs can impede effective
collaboration among models. To tackle this issue, we intro-
duce GECO, a Game-theoretic multi-agEnt Collaboration
framewOrk that organizes multiple LMMs into interacting
agents and employs game-theoretic principles to guide them
toward an optimal cooperative equilibrium. GECO further
integrates a mixed bonus scheme with both individual accu-
racy and cross-model agreement, which together drive the
system toward a consistent cooperative solution. In addi-
tion, we implement efficient policy learning and introduce a
penalty coefficient to optimize the framework effectively and
ensure training stability. Extensive experiments on five pub-
lic datasets demonstrate that our framework achieves new
state-of-the-art performance. We release our code.”

1. Introduction

The spread of harmful memes on social media exacerbates
social polarization, disrupts public discourse, and leads to
significant physical and psychological harm [13, 32]. Con-
sequently, the importance of Hateful Meme Classification
[37], which aims to detect hateful emotions within multi-
modal content, has become increasingly pronounced. Ear-
lier studies [46, 51] addressed this task by leveraging pre-
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Figure 1. Illustration of model bias in Hateful Meme Classifica-
tion. For the hateful meme (“nikki haley ... last”), three LMMs
(Qwen, Gemma, LLaVA) present varied interpretations. Within
the game, only Gemma, having provided the correct interpretation,
received the highest bonus, thereby guiding the entire cooperative
framework towards the accurate answer.

trained vision-language models [21, 26] and fine-tuning
lightweight, task-specific classifiers on top of these back-
bones. Due to the advanced reasoning capabilities of large
multimodal models (LMMs), LMM-based methods have
been widely adopted for hateful meme classification. Some
efforts focus on enhancing a single LMM’s performance
by improving few-shot capabilities through the integration
of various LoRA-based modules [15], or by leveraging re-
trieval techniques to boost performance [29].
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Despite the advancements, single models often exhibit
biases due to limitations in training data and paradigms.
Consequently, multi-agent ensemble strategies [4, 14, 23,
27] have been developed to improve robustness and in-
terpretability. Those ensemble methods can be gener-
ally categorized into voting-based [38, 50] and debate-
based [5, 17] paradigms. Specifically, Mod-Hate [4] em-
ploys the majority rule to aggregate multiple LoRA-based
models, stabilizing decisions, while ExplainHM [23] lever-
ages LMMs to generate explanations from diverse view-
points, using a judge model to evaluate these perspectives
for better meme detection.

Though cooperation can moderately reduce single-
model bias, it is inadequate to address the bias among
models. Voting-based methods may amplify errors when
a majority of agents share similar biases, and debate-based
methods rely heavily on the fairness of the judging model,
which can introduce biases, leading debates to biased con-
clusions. In Figure 1, the meme depicts Nikki Haley
expressing concern about biological boys entering locker
rooms, subtly conveying a sentiment of hatred. For this
meme, the LMMs—ILLaVA [25], Qwen [49], and Gemma
[44]—provided differing interpretations. Both Qwen and
LLaVA misinterpreted the content, while only Gemma suc-
cessfully identified the latent message of fear and danger,
pointing to an emotion of hatred. In this scenario, ensem-
ble strategies like voting are unable to provide the correct
prediction, while the judging model in debate strategies is
easily misled by the majority of biased interpretations.

To fill this gap, we utilize foundational concepts from
game theory [39], traditionally applied in strategic game-
play to guide each participant toward an optimal state,
known as the Nash equilibrium [33]. However, applying
game-theoretic formulations to mitigate model bias remains
challenging, as independently optimizing each agent’s pre-
diction does not guarantee consensus, potentially resulting
in unstable or inconsistent collective decisions and leav-
ing inter-model bias unresolved. In light of this, we pro-
pose GECO, the Game-theoretic multi-agEnt Collaboration
framewOrk, to address the model bias. This framework
includes three types of agents: the reasoning agent, the
learnable agent, and the master agent, with the reason-
ing agent instantiated as three LMMs serving as reason-
ing modules, while the learnable and master agents adapt
their policies accordingly. To coordinate these agents ef-
fectively, we design a mixed bonus scheme that incorpo-
rates both individual correctness and collective agreement
into the optimization objective. This scheme surpasses tra-
ditional game-theoretic formulations by explicitly promot-
ing consensus on the correct label within the collaborative
framework. Moreover, efficient policy learning is imple-
mented to update agents, reducing noise from multiple sam-
pling and minimizing extra computation. We also employ a

penalty coefficient to stabilize the training process. This co-
operative optimization steers the system toward a cohesive
cooperative solution, mitigating individual agent bias and
yielding robust overall performance. Experimental results
across five benchmark datasets demonstrate that our model
achieves state-of-the-art performance, proving the superior-
ity of our approach.
Overall, our contributions are three-fold:

 This is the first work to introduce game-theoretic think-
ing to multiple agents for hateful meme detection, paving
the way for applying game-theoretic concepts to classifi-
cation tasks.

* We propose GECO: various LMMs are optimized to reach
mutual agreement on the correct label via a designed
mixed bonus scheme, mitigating the model bias, and en-
hancing overall decision accuracy. We also design an ef-
ficient policy learning and penalty coefficient to ensure
training stability.

* Through extensive experiments on widely-used bench-
marks, we demonstrate that the proposed GECO signif-
icantly outperforms existing state-of-the-art methods.

2. Related Work
2.1. Hateful Meme Classification

Hateful meme detection is critical for curbing harmful
content, yet hinges on parsing subtle image—text seman-
tics [34]. Benchmark releases have catalyzed progress
while underscoring the task’s difficulty [9, 19, 34, 40].
Early systems used dual-stream encoders with late fusion
or fine-tuned multimodal backbones, but implicit, culture-
bound cues limit attention-based and shallow-fusion meth-
ods [18, 19, 24, 31, 43, 46]. Recent work leverages LMMs
to generate rationales for distillation or to augment deci-
sions with auxiliary modules [4, 14, 23]. The inherent bi-
ases of LMMs can sometimes lead to contradictions within
the system’s detection of hateful sentiments [8]. When this
occurs among the majority of models within the system,
strategies such as voting become ineffective.

2.2. Game Theory

Game theory [10, 41] is a mathematical framework that
studies how to find optimal decisions among multiple play-
ers. The aim of game theory is to achieve a Nash equilib-
rium(stable state) in which no player can achieve a better
payoff by changing their strategy. Game-theoretic formu-
lations are typically categorized into cooperative and non-
cooperative games. Cooperative game theory [2, 6, 48]
is specifically designed to address the division of pre-
determined values among members, providing standard
mechanisms for handling binding agreements. In contrast,
non-cooperative game theory is widely applied in strate-
gic gaming scenarios, ranging from Poker [3] and Star-



Craft [47] to Go [42] and Diplomacy [1, 7]. In classifi-
cation tasks involving multiple agents, the combination of
different agents can be viewed as a form of non-cooperative
game. However, directly applying game-theoretic formula-
tions does not guarantee consensus, often leading to unsta-
ble collective decisions and persistent inter-model bias. To
address this, we model multimodal classification as a multi-
agent game and introduce GECO, which integrates spe-
cialized agents with a consensus-driven objective to enable
bias-aware collaborative prediction among multiple LMMs.

3. Method

Our approach, GECO, is illustrated in Figure 2. We first
define all agents and the actions required to complete the
game. Next, we introduce our proposed optimization strat-
egy to alleviate the bias of different models and achieve con-
sistency in performance.

3.1. Game Agents Definition
3.1.1. Agents Introduction

In this framework, there are three types of agents: the rea-
soning agent, the learnable agent, and the master agent.
Reasoning agent. To achieve complementary multi-
modal reasoning interpretation, we select three main-
stream LMMs, including Qwen2-VL (vg) [49], LLaVA-
1.5 (vr) [25], and Gemma3 (vg) [44] as reasoning agents,
leveraging their capabilities in multimodal understanding.

Before the game, all reasoning agents are adapted
through lightweight LoRA fine-tuning [15]. Once the game
begins, these agents are kept frozen, preserving their inher-
ent multimodal reasoning capabilities and providing stable
features for hateful meme detection. For a labeled sample
&k, each LMM is guided to produce a single target token
that converts the label s(yy ) into text, optimizing the LMM
using a standard language modeling loss:

N
£ = =3 lowpe (™ = s(u) [ &), (1)
k=1

where pg, denotes the token-level conditional distribution
parameterized by the LMM with LoRA [15] adapters. Each
reasoning agent i € {vg, vy, vg} generates a hidden repre-
sentation fF = h;(£;), where h;(-) denotes the backbone;
and { ¥} corresponds to the last-token hidden state. Subse-
quently, we project { ¥} into the decision space D to gen-
erate the reasoning agent representation:

2 = ¢i(ff) € RP. )

Learnable Agent. Since the three fine-tuned reasoning
agents are non-learnable during the subsequent strategic
game, we introduce a learnable agent vc to enhance the

understanding of strategies. To reduce computational bur-
den, we choose a CLIP-based [36] model as the learnable
agent due to its low parameter count and strong multimodal
understanding capabilities.

Given the labeled sample &g, the CLIP text encoder maps
T} to token embeddings S = {s1,...,Sn, Sas}, and the
CLIP image encoder maps [ to patch embeddings V, =
{Vels, U1, - - -, Um }. We concatenate the two sequences and
feed the result into a K -layer Transformer encoder [45] to
model cross-modal interactions. The resulting aggregate
vectors are denoted by v.s and Scs. We then perform a
lightweight fusion in the feature space:

(p57 pv) = SOftmaX(Wf([gcls; @cls]))a

. _ 3)
fvfc = Ps Scls + Do VUcls »

where W is a learnable mapping. We project ffc into the
space D to generate the learnable agent representation:

Zoe = $uo(fi) € RP. )

ve ve

Master agent. The master agent v aggregates the agents’
embeddings and produces the final policy used for predic-
tion. Acting as the ultimate decision-maker within the sys-
tem, it derives its payoff not only from its own actions but
also from those of other agents, thereby enhancing the ro-
bustness of decision-making.

The projected features 2 are concatenated to generate

the master agent representation:

k k. k. k. _k 4D
Zyp = 253 Zug} Zues Zue ] ERTT. (5)

3.1.2. Action Execution

Each agent v; € V = {vr, vg, vc, Vg, vr} provides a pol-
icy 7; over its binary action space A; = {0, 1}, constructing
the joint action set A® = {av,,avq s Gue s ug s Gup }. The
policy is defined as a probability distribution 7;(- | &) €
A(A;). To map the representation 2¥ to a concrete action
preference, we use an agent-specific policy head ); to pro-
duce logits ¢¥, followed by a temperature-scaled softmax:

0F = (zF) e RM
xp((5)ar /) ©
Ywea, xp((F)ar/7i)

We define the mixed bonus vector x; of agent v; as z;(a)
mi(a | &) foralla € A, ie.,

mi(a; | &) =

z; = (wi(a1),vi(az), ..., wi(a4,)) € ;. @)

where AX; is the set of agent strategies i. Let z = {z; | i €
V} denote the strategy profile, the predicted label g, is:

Jr = arg max ,,(a). (8
ac€Ay
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Figure 2. Overview of the proposed GECO. Reasoning agents (LLaVA, Qwen2-VL, Gemma3) and a learnable CLIP-based agent interact
under a regularized normal-form game, coordinated by a master agent. We utilize a mixed bonus scheme to optimize the entire framework,
employing efficient policy learning to ensure stable equilibrium convergence.

3.2. Game Strategy

3.2.1. Mixed Bonus Scheme

Unlike typical applications in game theory that focus on in-
dividual agent performance, our approach prioritizes overall
consensus within the collaborative framework to overcome
inherent model bias and enhance complementarity. Hence,
we design a mixed bonus scheme that encourages both indi-
vidual accuracy and mutual agreement on the correct label.
Given a joint action a = {a,, , Gy, Gue s Qug s Gop b € A,
AP is the joint action set, and the label y;, the mixed bonus
scheme for agent ¢ can be defined as:

ui(ag, a—;) = a-I(a; = yx)
+ )\ Z H(ai = yk) ]I(aj = yk) (9)
JEVA\{i}
+B-1VjeV, aj =),

where () is the indicator function and a_, collects the ac-
tions of all agents except i. The scheme consists of three
terms: an individual hit bonus «, a pairwise hit bonus A,
and an all-hit bonus S.

The objective is to optimize all agents’ expected utility.
Let the joint action space be X jcy.A;, the expected utility

of agent ¢ under strategy profile = {z;},cy is

U(zizi) = Y wi@): [[i(a).  10)

acxjcvAj JEV
where a is the joint action.

3.2.2. Efficient Policy Learning

Our goal is for each agent to learn the overall optimal strat-
egy in the game through sampling. Unlike traditional game
theory definitions [11], since each agent must choose from
a binary action space—and incorrect classifications do not
contribute to the overall expectation—we restrict sampling
to the correct actions for each agent. On one hand, this ap-
proach enhances computational efficiency, and on the other,
due to the reduced action space, we implement single-step
updates to avoid the noise associated with multiple sam-
pling [12, 30]. We define the expected conditional utility
Ui(a;, z—;) as the expected bonus for agent ¢ when taking
action a; while other agents adhere to actions x_;:

Ui(ai, ©—;) = Z H wj(ay)-
afiEXjev\{i}Aj jEV\{i}
(1D

This computation is efficiently implemented using vec-
torized tensor operations, producing a vector of expected
bonuses for all actions. To ensure that training can achieve

ui(a;,a_;) -



the Nash equilibrium, we introduced regularization based
on theoretical insights [30]. Thus, we define the regularized
advantage vector F¥ and its scalar components F* (a;):

12
Fi(a;) = —Ui(ai, x—;) + nlog z;(a;), (12

where 7 is the balance parameter. For improved training
stability, the regularized advantage is centered by subtract-
ing a baseline value B;, computed under a baseline strategy
Z; (e.g., uniform distribution):

B; = (F{, &) = Y di(a:)F} (a;). (13)

The centered advantage vector is then given by:
A, =F7 - B, (14)

where 1 denotes an all-ones vector.

The Regularized Nash Advantage loss Lgrna(x) for
agent ¢ is defined as the inner product between its current
strategy z; and the stop-gradient version of the centered ad-
vantage vector:

Lrna(@) =) (ss(Ff — (Ff,2:) 1), a;)
eV

:Z<SgAi,$i>-

eV

(15)

The stop-gradient operator (sg) treats A; as a fixed constant
during backpropagation, simplifying gradient computation
and improving numerical stability. By minimizing this loss,
the strategy x; is directed towards actions with a positive
advantage, guiding the system to maximize overall benefit.

3.2.3. Regularization and Final Objective

To stabilize updates and reduce oscillations, we regular-
ize the current policy p = m,, toward a slowly mov-
ing reference policy ¢, maintained by EMA [22]: ¢ <«
ugi—1 + (1 — p)p:. We define a symmetric KL-style regu-
larizer as

Jy(p,q) = (1 —7) Dxv(qllp) + v Dxi(pllg).  (16)

The final objective is

‘C:ERNA+J'Y(paQ)7 (17)

where Lrna optimizes the game objective and J, enforces
smooth policy evolution.

4. Experimental Setup

The main experiments were conducted on the five publicly
available datasets: Hateful Meme [19], PrideMM [40],
MultiOff [43], HarMeme [34], and MAMI [43].

4.1. Baselines

We evaluate our model against two categories of base-
lines: (1) CLIP-based methods, including CLIP [36],
MOMENTA [35], Hate-CLIPper [20], MemeCLIP [40],
and RGCL [28]; (2) LMM-based methods, including Int-
Meme [14], ExplainHM [23], Mod-Hate [4],LoReHM [16],
M2KE [27], and RA-HMD [29], the previous state-of-the-
art (SOTA) model.

4.2. Implementation Details

We adopt LLaVA-1.5-13B [25], Qwen2-VL-7B [49], and
Gemma3-4B [44] as LMM agents, covering a spectrum
from 4B to 13B. Unlike prior works [14, 23, 29], which
typically employ 7B—13B backbones for multimodal rea-
soning, our selection intentionally includes both larger and
smaller variants to balance computational cost and to assess
the scalability of the cooperative framework across model
sizes. All agents are projected into a unified decision space
D with a dimensionality of 768. We employ the AdamW
optimizer with an initial learning rate of 2 x 10~ for non-
CLIP parameters and 5 x 1075 for CLIP-related modules.
The regularization coefficient 7 for the regularized advan-
tage term is set to 0.35. The individual, pairwise, and all-hit
bonuses are set to « = 1.0, A = 0.5, and 8 = 1.0, respec-
tively. The mixing coefficient -y is set to 0.5. Following pre-
vious work [29], we report Accuracy (Acc), F1-Score (F1),
and Area Under the Curve (AUC) as evaluation metrics.

5. Results and Discussions

5.1. Main Results

We evaluate the proposed GECO by comparing it with
CLIP-based and LMM-based methods on five publicly
available datasets. The main results are shown in Table 1.
Our analysis yields the following insights:

(1) GECO achieves consistent SOTA results across all
benchmarks, confirming its effectiveness in enhancing co-
operative decision-making among heterogeneous agents.
On PrideMM, GECO surpasses the previous best, RA-
HMD, by +4.74% in accuracy, while on MAM]I, it attains
81.50% accuracy and 82.84% F1, outperforming all prior
methods. Moreover, GECO demonstrates strong robustness
under low-resource conditions. On the MultiOff dataset,
which contains fewer than 500 samples and poses a signif-
icant challenge for single-model systems, GECO achieves
78.52% accuracy, exceeding RA-HMD by +7.41%. The
performance gain becomes particularly evident in such lim-
ited supervision scenarios, where cooperative optimization
allows agents to exchange complementary visual-textual
cues and form more stable decision boundaries. These re-
sults collectively validate GECO’s advantage in improving
agreement and generalization across diverse data regimes.



Table 1. Comparison with baseline systems across five benchmark datasets. Best performance is highlighted in bold, while “~” indicates
that the relevant paper lacks results for this dataset, and T denotes the debate-based ensemble methods.
Category  Method | PrideMM | HatefulMemes | MAMI | HarMeme | MultiOff
| Acc F1 | Acc AUC | Acc AUC | Acc AUC | Acc  Fl
CLIP [36] (2021) 7239 7233 | 72.04 79.81 | 77.70 68.40 | 76.78 82.63 | 62.41 48.14

MOMENTA [35] (2021) 7223 71.78
CLIP-Based Hate-CLIPper [20] (2022) | 75.53 74.08

61.34 - _
76.10 8548 | 74.80 87.20 | 84.80 89.72 | 62.40 54.80

69.17 | 72.10 81.68 | 80.48 86.32

MemeCLIP [40] (2024) 76.06 76.09 - - - 84.72 83.74 - -
RGCL [28] (2024) 76.34  76.50 | 7892 87.04 | 78.40 89.40 | 87.03 9191 | 67.13 58.11
ExplainHMT [23] (2024) - - 75.60 - - - 87.00 - - -
Mod-Hate [4] (2024) - - 64.69 | 61.10 67.20 | 69.85 73.26 - -
LoReHM [16](2024) - - 65.60 - 75.40 - 73.73 - - -

LMM-Based 1kt [27] (2025) - -

IntMeme [14] (2025) - -
RA-HMD [29] (2025) 78.10 78.70
GECO 82.84 82.84

82.10

75.62 | 75.85 - - - - -
81.50 | 72.30 81.89 | 81.92 89.35 - -
91.10 | 79.90 90.40 | 88.10 93.20 | 71.11 64.80
91.57 | 81.50 91.80 | 89.11 93.95 | 78.52 77.90

(2) LMM-based methods surpass CLIP-based ap-
proaches due to their stronger reasoning ability, enabling
better understanding of subtle semantics in hateful meme
detection. However, the reliance on a single LMM perspec-
tive often leads to the entrenchment of inherent biases, ul-
timately compromising both the fairness and robustness of
detection systems. In contrast, GECO significantly outper-
forms LMM-based models, demonstrating that such biases
are not inevitable. Instead, they can be effectively miti-
gated by introducing heterogeneity and collaborative mech-
anisms, which not only address the limitations of individual
models but also substantially enhance overall performance.

(3) GECO consistently outperforms debate-based meth-
ods such as ExplainHM and M2KE. Although debate meth-
ods introduce agent interaction, their reliance on fixed di-
alogue rules or biased judges limits stability and accuracy.
In contrast, GECO’s game-theoretic design enables adap-
tive cooperation among agents, yielding stronger consensus
and higher overall performance across benchmarks.

5.2. Ablation Study

To validate the proposed architecture and examine the indi-
vidual and joint contributions of its heterogeneous agents,
extensive ablation experiments were performed, as summa-
rized in Table 2. In single-agent ablations, removing the
classification agent vp results in the most significant per-
formance degradation, confirming the necessity of explic-
itly incorporating the classifier as a player within the co-
operative game. The core reasoning agent vy (LLaVA)
ranks second in importance, reflecting its central role in
vision—language understanding. The divergent agent v¢o
(CLIP) contributes essential cross-modal semantic align-
ment, while the complementary agents vy (Qwen) and vg
(Gemma) provide additional contextual reasoning and lin-
guistic diversity. Beyond individual impacts, two-agent ab-

Table 2. Ablation study on PrideMM and MultiOff datasets.

Category | Mode | PrideMM | MultiOff
| ACC Fl | ACC FI

| Full Model | 82.84 82.84 | 78.52 77.90

wlo vy, 81.66 81.62 | 74.50 71.94

Single wlo ve 82.05 82.05 | 75.17 73.24
oten w0 vg 82.45 8244 | 73.83 73.00
ge w/o ve 82.25 82.25 | 75.84 74.06

wlo v 62.88 62.16 | 62.42 4297

wio {vr,vo} | 79.88 79.88 | 73.15 70.72

wlo {vr,vc} | 79.68 79.65 | 73.15 70.72

Multiple | w/o {vy,vc} | 80.08 80.06 | 72.48 67.16
Agents | w/o {vg,vg} | 80.47 8045 | 76.51 74.88
wio {vg,vc} | 80.67 80.66 | 71.81 68.39

wlo {vc, v} | 80.87 80.84 | 73.83 71.32

lations reveal pronounced synergistic dependencies: remov-
ing any pair of agents leads to performance degradation sub-
stantially exceeding the additive effect of their independent
removals. These results substantiate the effectiveness of
the hierarchical reward design in fostering cooperative in-
teractions. Overall, optimizing heterogeneous agents to a
regularized Nash equilibrium via Nash Advantage Learn-
ing effectively mitigates single-model biases and leverages
complementary knowledge, yielding superior fairness and
robustness in hateful meme detection.

To deeply validate the specific contributions and syner-
gistic effects of each component within our designed coop-
erative reward mechanism, we conducted a detailed ablation
study, with results presented in Figure 3. Our full model,
which simultaneously utilizes individual hit («), pairwise
hit ()\), and all hit () bonuses, significantly outperforms
all ablated variants. Specifically, when all cooperative re-
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Figure 3. Ablation study of cooperative reward mechanism on
PrideMM and MultiOff datasets.

Table 3. Comparison between supervised fine-tuning (SFT) and
our game-theoretic variant (GECO) across different LMM back-
bones on the PrideMM and MultiOff datasets.

Model | Method | PrideMM | MultiOff
| | AcC F1 | ACC FI
SFT 7870 7874 | 67.79  58.62
LLaVA 1 GECO | 8145 8164 | 7046 5710
Qwen | SFT 7751 7720 | 66.44  44.44
GECO | 7890 78.90 | 68.46 44.47
Gemma | SFT 7574 7574 | 65.10  65.79
M GECO | 7791 7778 | 7651 71.54

wards are removed, model performance drops to its low-
est point, clearly indicating that a lack of cooperative in-
centives causes agents to focus solely on individual objec-
tives, thus failing to coordinate effectively. Furthermore,
removing only the pairwise hit bonus (“wo-pair”’) or only
the all hit bonus (“wo-coop”) also results in significant per-
formance degradation. This study forcefully demonstrates
that each reward component we designed is indispensable
for promoting effective agent cooperation; it is this care-
fully orchestrated combination of individual incentives and
multi-level cooperative incentives that successfully guides
the heterogeneous agents to transcend their inherent biases
and, through negotiation, converge on a collectively optimal
and more robust classification decision.

5.3. Non-game-theoretic Strategies Comparison

Table 3 compares the performance of three LMMs opti-
mized with our GECO against their directly supervised fine-
tuned (SFT) counterparts. It is observed that GECO sur-
passes SFT on the vast majority of metrics across both
PrideMM and MultiOff datasets, demonstrating the ef-
fectiveness of introducing strategic coordination among
agents. By enabling cooperative optimization through
a mixed bonus—penalty mechanism, GECO encourages
agents to exploit complementary strengths while mitigat-

Table 4. Comparison between GECO and non-game-theoretic en-
semble strategies on the PridleMM and MultiOff datasets.

Category Method ‘ PrideMM ‘ MultiOff
| ACC FI | ACC Fl
Non-Game Voting 79.49 7937 | 69.80 59.46
Debate 79.88  79.87 | 73.15 70.72
Game GECO \ 82.84 82.84 \ 7852 77.90

85.0 4 . 85.0 4
-~ MultiOFF F1 ~#= PrideMM F1 #— MultiOFF F1

82.5 U S 82.5 M._H_‘\‘

80.0 4
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Score (%)
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(a) All-hit bonus 8
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Figure 4. Parameter Analysis of all hit bonus 5 and pairwise hit
bonus A on PrideMM and MultiOff datatsets.

ing individual biases, leading to more consistent and robust
single-model performance.

We further compare GECO with multi-agent ensemble
strategies, including Voting-based and Debate-based en-
sembles, as shown in Table 4. While ensemble methods im-
prove over single SFT models, they still underperform com-
pared to GECO. Voting-based ensembles treat all agents
equally, overlooking the heterogeneity and varying reliabil-
ity of different models. Debate-based ensembles introduce
interaction among agents, yet their effectiveness heavily de-
pends on the fairness and stability of the judging process,
which may propagate bias rather than correct it. In contrast,
GECO explicitly formulates agent cooperation as a game,
driving adaptive alignment through strategic optimization.
As a result, GECO achieves the highest accuracy and F1
across datasets, confirming its advantage in reducing model
bias and improving decision reliability.

5.4. Parameter Analysis

To investigate the influence of the reward mechanism, we
conduct a parameter analysis on both the pairwise hit bonus
[ and the all hit bonus A, while holding action a constant
at its default value of 1.0. The results on both the PrideMM
and MultiOff datasets are presented in Figure 4. First, to
isolate the effect of the all-hit bonus 3, we set the pair-
wise hit bonus A to 0. GECO exhibits stable performance as
the 3 varies within the [0.9, 1.2] range, demonstrating our
method’s low sensitivity to this parameter. Subsequently,
we fix the 5 to 1.0 to evaluate the impact of the pairwise hit
bonus A. We observe a significant degradation in both ACC
and F1 when the X is set to minimal (< 0.3) or excessive
(> 0.9) values. This phenomenon suggests that an insuffi-
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Figure 5. Case study illustrating the decision performance of dif-
ferent methods. AU represents the difference in conditional ex-
pected utility between our method and the ensemble method.

cient pairwise incentive fails to promote effective collabora-
tion, while an overly strong incentive introduces detrimental
bias and increases the risk of overfitting.

5.5. Case Study

We present two cases in Figure 5 to clarify the advantages
of our GECO over voting and debate-based methods. In
the first case, the agents exhibited disagreement on whether
the content was hateful, leading the simple voting-based
method to an incorrect classification. The debate-based
model likewise failed, as the interaction among agents did
not resolve the disagreement, and the biased judgment of
the referee resulted in a wrong decision with extremely low
confidence (p = 8.99%). In contrast, GECO, through its
cooperative game-theoretic framework, guides all agents to
evolve toward a jointly optimal strategy with higher overall
utility (U). The model achieves a superior U, successfully
overcoming the disagreement and correctly classifying the
sample with high confidence (p = 99.99%). The effec-
tiveness of this cooperative strategy is further demonstrated
in the second case. Although all models achieved correct
classifications, GECO still exhibits higher decision confi-
dence, leveraging its superior U to reach near-deterministic
certainty (p = 0.01%). This stands in stark contrast to
the Debate-based method, which remained uncertain (p =
25.43%) due to inconsistent reasoning among agents.

To further illustrate how GECO leverages game-
theoretic mechanisms to mitigate inherent cognitive biases,
we present a visualized case analysis in Figure 6, which
intuitively depicts the decision-making process of different

1

. . 1

1 What is it, Doctor? - 1 Joint Action
. Aoy or s gifte what is it doctor a boy |:SFT: a={1.1.1\} :
1 @ or a girl we're not ( e \
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1 the gender anymore. 1 | 1
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Figure 6. Visualized case analysis illustrating how GECO corrects
biased collective predictions in the decision-making process.

agents. This case contains sensitive lexical cues that lead
all SFT-based models to exhibit bias, erroneously classify-
ing the sample as hateful. After applying GECO, the sys-
tem successfully corrects this collective failure, steering the
majority of agents toward the correct non-hateful predic-
tion. Crucially, the utility analysis reveals the intrinsic driv-
ing dynamics of the game-theoretic mechanism: although
Qwen initially retains an incorrect prediction, its potential
utility for adopting the correct action (0) reaches 3.20—
substantially higher than its current payoff. This disparity,
driven by the strong incentive of the all-hit bonus, moti-
vates the model to adjust toward the correct decision during
subsequent optimization. Conversely, agents that have al-
ready reached the correct consensus reside in a stable Nash
equilibrium (U;(0) = 1.90), where any unilateral deviation
would reduce their individual payoff. This analysis further
demonstrates GECO’s effectiveness in guiding the multi-
agent system to evolve from a low-payoff, biased region to-
ward a high-payoff region of correct consensus.

6. Conclusion and Future Work

In this paper, we introduced GECO, a game-theoretic multi-
agent framework for mitigating bias in hateful meme de-
tection. By coordinating heterogeneous LMMs through a
cooperative objective, GECO improves agreement and re-
duces individual model bias, resulting in more robust and
reliable predictions across diverse meme scenarios. Exten-
sive experiments on multiple benchmarks demonstrate that
GECO consistently surpasses state-of-the-art methods. Ab-
lation analyses and detailed case studies further validate the
necessity of orchestrating diverse agents and the effective-
ness of the game-theoretic strategy. In future work, we will
refine GECQO'’s optimization and collaboration mechanisms
to support more complex multimodal learning scenarios.
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