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Abstract001

Large-scale social simulators are essential for002
studying complex social patterns. Prior work003
explores hybrid methods to scale up sim-004
ulations, combining large language models005
(LLM)-based agents with numerical agent-006
based models (ABM). However, this incurs007
high latency due to expensive memory retrieval008
and sequential ABM execution. To address009
this challenge, we propose GASim, a graph-010
accelerated hybrid multi-agent framework for011
large-scale social simulations. For core agents012
driven by LLM, GASim introduces Graph-013
Optimized Memory (GOM) to replace intensive014
LLM-based retrieval pipelines with lightweight015
propagation over a sparse memory graph. For016
the majority of ordinary agents, GASim em-017
ploys Graph Message Passing (GMP), substi-018
tuting sequential ABM execution with paral-019
lel updates by fine-grained feature aggregation020
and Graph Attention Network. We further in-021
troduce Entropy-Driven Grouping (EDG) that022
coordinates this hybrid partitioning, leveraging023
information entropy to dynamically identify024
emergent core agents situated in information-025
diverse neighborhoods. Extensive experiments026
show that GASim not only delivers a substan-027
tial 9.94× end-to-end speedup over the tradi-028
tional hybrid framework but also consumes less029
than 20% of baseline tokens, significantly re-030
ducing costs while preserving strong alignment031
with real-world public opinion trends.032

1 Introduction033

The large language model (LLM)-based multi-034

agent systems provide a powerful paradigm for035

simulating complex social dynamics (Park et al.,036

2023), where large-scale agent populations are cru-037

cial for high-fidelity simulations and have attracted038

growing research interest (Tang et al., 2025; Zhang039

et al., 2025).040

Scaling social simulations to thousands or mil-041

lions of agents often requires great computation042

cost of heavy distributed LLM workloads (Yang043
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Figure 1: Comparison between the traditional hybrid
framework for social simulation and our approach. Our
method accelerates simulation with lightweight graph
memory retrieval for core agents and parallel Agent-
Based Model (ABM) execution for ordinary agents.

et al., 2024; Pan et al., 2024; Chen et al., 2025), 044

which constrains further scalability. To mitigate 045

this cost, hybrid frameworks, exemplified by HiSim 046

(Mou et al., 2024), adopt few LLM-driven core 047

agents to model opinion leaders, while simulat- 048

ing the remaining ordinary agents with numerical 049

agent-based models (ABM) (Lorenz et al., 2021; 050

Hegselmann and Krause, 2002; Deffuant et al., 051

2002). In this setting, core agents handle percep- 052

tion, memory retrieval, and opinion generation via 053

LLMs, whereas ordinary agents update opinion 054

values with rule-based ABMs (Sun et al., 2025). 055

However, such hybrid frameworks fail to meet 056

the low-latency demands of large-scale social sim- 057

ulation due to two key bottlenecks, as illustrated in 058

Figure 1. First, core agents incur substantial mem- 059

ory retrieval overhead, as many designs rely on 060

LLM-in-the-loop processing over large volumes 061

of memory items (Chen et al., 2024; Xu et al., 062

2025; Chhikara et al., 2025) during simulations, 063

which dominates runtime at scale. Lightweight 064

memory methods such as vector similarity search 065

(Douze et al., 2024) have been explored, but they 066
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often collapse into unstructured memory as storage067

grows. In contrast, graph-based approaches (Xu068

et al., 2025; Chhikara et al., 2025) preserve struc-069

ture but incur costly LLM-driven edge construction070

overhead. Second, ordinary agents are constrained071

by the sequential execution of ABMs, causing run-072

time to scale linearly. For instance, updating one073

million agents would take over 100 hours for a074

30-step rollout based on the experiment.075

To address these challenges, we propose GASim,076

a graph-accelerated hybrid multi-agent framework077

for large-scale social simulations. a) For core078

agents, to avoid costly LLM-based processing in079

memory retrieval, we introduce Graph-Optimized080

Memory (GOM) that bridges lightweight similar-081

ity matching and structured memory. GOM first082

constructs a sparse memory graph for each agent083

based on similarity over perceived content, key-084

words, and opinion values. To enable fast and085

accurate retrieval, GOM casts retrieval as an opti-086

mization problem and solves it with a lightweight087

graph propagation algorithm, eliminating network088

and decoding overhead. b) For ordinary agents, to089

eliminate the sequential bottleneck of ABM, we090

design Graph Message Passing (GMP) to parallel091

agents’ opinion updates. GMP computes agents’092

dynamic stance features and static profile features093

in batched tensor operations, and leverages a Graph094

Attention Network (Brody et al., 2022) to update095

agents’ opinion scores in a single forward pass. c)096

Moreover, noting that the traditional degree-based097

agent grouping fails to capture dynamically emerg-098

ing opinion leaders, we propose Entropy-Driven099

Grouping (EDG), which adaptively distinguishes100

opinion-leading core agents from ordinary agents101

based on neighborhood opinion diversity, capturing102

the temporal evolution of social influence.103

Extensive experiments demonstrate that GASim104

significantly outperforms the traditional hybrid105

framework in efficiency. It achieves a 9.94× end-106

to-end speedup, with 16.39× and 27.49× acceler-107

ation in the core- and ordinary-agent stages while108

cutting token consumption to less than 20% of109

the baseline. Beyond efficiency, GASim achieves110

superior geometric alignment with real-world pub-111

lic opinion trends. We also validate GOM on the112

memory retrieval benchmark LoCoMo (Maharana113

et al., 2024), where it sets a new state-of-the-art114

with 71.56% accuracy.115

Our contributions can be summarized as follows:116

• We introduce GASim, a graph-accelerated hy-117

brid multi-agent framework for large-scale so- 118

cial simulations, with EDG as a hybrid coor- 119

dinator that dynamically partitions agents into 120

core and ordinary types. 121

• We propose GOM for core agents to rapidly 122

retrieve memories with a lightweight graph- 123

based memory model, alleviating the heavy 124

latency in LLM-based retrieval process. 125

• We design GMP for ordinary agents to update 126

opinion in parallel with fine-grained features 127

and Graph Attention Network, resolving the 128

sequential execution bottlenecks of ABMs. 129

2 Related Work 130

2.1 Costly Memory Design in Simulation 131

Recent LLM-based multi-agent frameworks are 132

highly expressive for large-scale social simulation, 133

but suffer from severe latency due to memory de- 134

signs that rely on heavy LLM-based processing. 135

For example, keyword and contextual extraction 136

in A-Mem (Xu et al., 2025), memory rewriting 137

in Mem0 (Chhikara et al., 2025), and importance 138

or immediacy scoring in AgentVerse (Mou et al., 139

2024) introduce substantial latency at scale. Vector 140

similarity search methods such as FAISS (Douze 141

et al., 2024) improve efficiency, but treat memo- 142

ries independently without explicit relationships, 143

making it difficult to support coherent retrieval as 144

memory grows. To balance efficiency and accu- 145

racy, we propose GOM for LLM-driven core agents. 146

It builds sparse memory graphs using similarity 147

over content, keywords, and opinion values, and re- 148

trieves memories via lightweight graph propagation 149

without LLM-generated edges. 150

2.2 Latency in Agent-Based Models 151

Traditional ABMs rely on sequential execution, 152

leading to severe latency as the simulation scale 153

increases (Hegselmann and Krause, 2002; Def- 154

fuant et al., 2002). Recently, neural network–based 155

ABMs have been proposed to parallelize agent up- 156

dates and learn interaction dynamics (Min et al., 157

2024; Vargas-Pérez et al., 2025). Although these 158

models exhibit more limited reasoning ability com- 159

pared to LLMs, they offer valuable insights for 160

our hybrid acceleration paradigm: for the majority 161

of ordinary agents representing the general crowd, 162

we design GMP to parallelize agents’ opinion up- 163

dates by leveraging fine-grained opinion features 164

and a Graph Attention Network, speeding up the 165

simulation process. 166
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Figure 2: Overall Pipeline of GASim. At each step, Entropy Driven Grouping (EDG) identifies emergent core
and ordinary agents. Graph-Optimized Memory (GOM) accelerates LLM-driven core agents by updating a sparse
memory graph and optimizing the retrieval vector f by a lightweight graph propagation. Graph Message Passing
(GMP) updates agents’ opinion values in parallel via a Graph Attention Network with fine-grained features.

3 Proposed Framework: GASim167

The overall pipeline of GASim is illustrated in Fig-168

ure 2. GASim first employs an EDG module as a169

hybrid coordinator to distinguish core and ordinary170

agent types. Based on the grouping, a lightweight171

memory model GOM accelerates the core-agent172

stage, while a parallel updating model GMP effi-173

ciently speeds up the ordinary-agent stage.174

3.1 Entropy Driven Grouping175

To better model the dynamic emergence of opin-176

ion leaders, the EDG module is executed at the177

start of each simulation step. It dynamically identi-178

fies LLM-driven core agents, while the remaining179

agents function as general crowd agents driven by180

numerical models.181

According to The People’s Choice (Lazarsfeld182

et al., 2021), opinion leadership is an emergent be-183

havior, not a fixed status. Traditional methods rely-184

ing on static network degrees (Mou et al., 2024) fail185

to capture this fluidity. In contrast, EDG employs186

dynamic entropy-based grouping to identify core187

agents who are embedded in information-diverse188

neighborhoods.189

Specifically, when categorizing agent ai for time 190

step t0 + 1, we compute the information entropy 191

value et0i of its neighborhood at time step t0. Here, 192

information entropy quantifies the diversity of opin- 193

ions in an agent’s local environment, with higher 194

values indicating broader viewpoint exposure, 195

et0i = −
∑

j
pt0ij · log2p

t0
ij , (1) 196

where pij denotes the proportion of the j-th opinion 197

value in agent ai neighborhood, and all et0i form the 198

entropy vector et0 to group agents. Following the 199

Pareto principle (Jinbo and Hongbo, 2019), we se- 200

lect a small set of K agents as core agents from the 201

complete set I based on the information entropy, 202

It0+1
c =

{
ai ∈ I

∣∣ i ∈ TopK
(
et0
)}

, (2) 203

where TopK(·) returns indices with K largest val- 204

ues. Then the ordinary agents can be denoted by 205

It0+1
o = I−It0+1

c . With this design, the model dy- 206

namically captures the evolving role of core agents 207

as opinion leader, while the general crowd as ordi- 208

nary agents. 209
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3.2 Graph-Optimized Memory210

The memory of core agents is sped up by211

GOM, which replaces costly LLM-based retrieval212

pipelines with a lightweight graph-based memory213

model. Unlike isolated similarity matching, the214

model encodes memory relations in a graph struc-215

ture, amplifying coherent retrieval signals.216

The complete behavior of a core agent is illus-217

trated in Figure 2. The agent first receives new218

messages from its neighbors. To simulate the hu-219

man Observe–Recall–Act decision cycle, agents220

must retrieve memories of previously observed221

neighbors’ messages before performing personal-222

ized LLM-based social reasoning (e.g., posts, com-223

ments, retweets). Accordingly, we generate a high-224

level retrieval query q from the incoming neigh-225

bor messages, then GOM a) constructs a memory226

graph, b) formulates memory retrieval as an opti-227

mization problem, and c) retrieves memories via a228

lightweight graph propagation algorithm.229

a) Memory Graph Construction. We encode230

the agent’s memory as an opinion-aware, sparse231

weighted graph Gmem = (V, E ,W), where V , E232

and W respectively represent node set, edge set,233

and adjacency matrix. It prioritizes strongly opin-234

ionated memories, which are more influential than235

neutral experiences in shaping agent interactions in236

social simulations. Specifically, each node Vi rep-237

resents a historical neighbor message with content238

ci, content embedding mi, keyword embedding239

ki and an opinion value oi ∈ [−1,+1] where −1240

denotes extremely negative and +1 denotes sup-241

portive stances. Given n memories, W ∈ Rn×n is242

a sparse symmetric adjacency matrix that connects243

each memory i to its top-k most similar memories,244

with the edge weight245

wij = oi · oj · cos(mi,mj). (3)246

This graph design encodes stance and semantic247

consistency, prioritizing strongly opinionated mem-248

ories over neutral ones.249

b) Retrieval Objective. Rather than selecting250

memories independently based on query similarity,251

GOM treats the retrieval as a global optimization252

problem over the memory graph. Our goal is to253

optimize a retrieval probability vector f , with ele-254

ment fi ∈ [0, 1] denoting the retrieval probability255

of memory i. The retrieval objective is designed to256

balance three competing objectives:257

• Relevance. Maintain the initial similarity be- 258

tween the query and memories. 259

• Consistency. Leverage the graph structure to 260

encourage semantically and stance-consistent 261

memories connected by high-weight edges to 262

receive similar retrieval scores. 263

• Smoothing. Penalize solutions that concentrate 264

probability mass on only few memories, encour- 265

aging a smoother distribution. 266

Consequently, we formulate the objective as 267

min Q(f) = λ1∥f−f0∥2+λ2f
TLf+λ3f

TIf , (4) 268

where λ1, λ2, λ3 weight the respective terms: 269

• The first term anchors f to the initial relevance 270

scores f0 based on the query q. It is defined 271

as (f0)i = 1
2(cos(q, mi) + Hτ (cos(q, ki))), 272

where Hτ (x) = 1 if x ≥ τ and 0 otherwise. 273

• The second term employs the normalized graph 274

Laplacian L = I − D− 1
2WD− 1

2 to penalize 275

differences between connected nodes, ensuring 276

that memories with high edge weights receive 277

similar scores. In this formulation, I is the iden- 278

tity matrix and D is the diagonal degree matrix 279

of the graph, where dii =
∑

j wij . 280

• The third term regularizes the magnitude of f to 281

encourage a smoother distribution. 282

Since Gmem may contain negative weights 283

(oioj < 0), the objective can be non-convex and dif- 284

ficult to optimize. While Softmax is typically used 285

to map inputs to positive probabilities, it is unsuit- 286

able here as opinion values carry specific physical 287

semantics. To ensure convexity, we introduce a 288

correction term ∆, whose diagonal elements are 289

defined as ∆ii = ν(
∑

j |wij | − dii ), ν ≥ 1. We 290

can then rewrite the objective function in (4), 291

L′ = L+D−1
2∆D−1

2 ,

Q̃(f) = λ1∥f − f0∥2 + λ2f
TL′f + λ3f

TIf .
(5) 292

The convexity of Q̃(f) is proven in Appendix A.1.1. 293

By letting ∇Q̃(f) = 0, we can obtain the closed 294

form f∗ = λ1

[
(λ1 + λ3)I+ λ2L′

]−1
f0, where 295

each element f∗
i represents the optimal retrieval 296

possibility of memory i under the query q, with the 297

proof in Appendix A.1.2 298

c) Graph Propagation Retrieval. We note that 299

explicitly computing f∗ requires matrix inver- 300

sion, which is prohibitively expensive for large- 301

scale memory graphs. Therefore, we introduce 302
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a lightweight graph propagation algorithm to ap-303

proximate the optimal retrieval vector f∗ via the304

designed iterative update:305

fk+1 = µ(−L′) · fk + (1− µ) · f ′0, (6)306

where µ = λ2
1−λ2+λ3

and f ′0 = λ1
2λ1+λ3−1 f0 under307

the assumption λ1 + λ2 = 1. After K iterations,308

the optimal retrieved set of R memories is given309

by C = {ci | i ∈ TopR(fK)}. The detailed proof310

is provided in the Appendix A.1.3. This algorithm311

avoids inverting the large matrix in the closed-form312

f∗, reducing complexity from O(n3) to O(Knr),313

where K is the iteration count, n the number of314

memory nodes, r the number of nonzero edges in315

the sparse graph (K ≪ n, r ≪ n).316

As a result, GOM significantly mitigates the la-317

tency of LLM-heavy memory frameworks while318

preserving high retrieval accuracy, enabling core319

agents to perform efficient, human-like memory re-320

trieval without excessive computational overhead.321

3.3 Graph Message Passing322

Traditional ABMs rely on sequential execution and323

global synchronization, leading to substantial la-324

tency at scale. In contrast, GMP speeds up ordinary325

agents by modeling the opinion evolution as paral-326

lel message passing on a social graph.327

To preserve the interpretability of rule-based328

ABMs, GMP integrates dynamic opinion states329

with static agent attributes, thereby capturing fine-330

grained interaction dynamics. This formulation nat-331

urally motivates the adoption of a Graph Attention332

Network (GAT), which adaptively weights neigh-333

bor influence through the attention mechanism via334

a fully parallelized forward pass.335

The complete behavior of ordinary agents is il-336

lustrated in Figure 2. At a given time step t0, GMP337

takes the historical opinions of all agents to encode338

dynamic opinion features Xt0
d , which captures in-339

dividual and neighborhood stances. These are then340

concatenated with static agent profile features Xs341

to form the unified representation Xt0 . The GAT342

propagates these features over the agent interac-343

tion graph E ′, simultaneously updating all agents’344

opinions ot0+1 in a single forward pass345

ot0+1 = fGAT(X
t0 , E ′). (7)346

The predicted opinions ot0+1 are appended to the347

opinion histories, which serves as the recursive in-348

put to GMP for the subsequent time step. Training349

details are provided in the Appendix A.2.4.350

The following details the construction of the uni- 351

fied representation Xt0 . For a population of N 352

agents at time step t0, GMP organizes raw opinion 353

histories into global tensors to enable parallel pro- 354

cessing: a global opinion tensor St0 ∈ RN×t0 con- 355

taining all agents’ opinion histories, and a global 356

neighbor opinion tensor N t0 ∈ RN×M×t0 . N t0 is 357

constructed by gathering the corresponding history 358

vectors from St0 based on the interaction topol- 359

ogy, followed by padding to the maximum degree 360

M . Based on these two tensors, we extract two 361

groups of dynamic features via parallel operations, 362

including the individual stance feature φt0
I and the 363

neighbor stance feature φt0
C , 364

φt0
I =

[
µt0 ,σt0 ,ot0

max,o
t0
min,o

t0
last

]
St0

,

φt0
C =

[
µ̂t0 , σ̂t0 , simt0 , echt0

]
N t0

,
(8) 365

where detailed operations are provided in the Ap- 366

pendix A.2.1. Specifically, φt0
I ∈ RN×5 sum- 367

marizes each agent’s opinion history (mean, de- 368

viation, max, min and last value) to character- 369

ize personal tendency. φt0
C ∈ RN×4 aggregates 370

neighborhood statistics (mean, deviation, pearson 371

correlation and echo-chamber score) to quantify 372

collective pressure and homophily. We concate- 373

nate the two feature groups in formula (8) to 374

obtain the dynamic stance representation φt0
d = 375[

φt0
I

∥∥φt0
C

]
∈ RN×9. Meanwhile, to provide con- 376

textual background (e.g., values, identity, and in- 377

terests) beyond observable opinion histories, we 378

encode agents’ profile text with a BERT encoder to 379

obtain static social attribute embeddings, denoted 380

by φs = bert (Tokenizer(text)) ∈ RN×db . 381

To learn higher-order, nonlinear interactions 382

among agents, two multi-layer perceptrons (MLPs) 383

are applied to perform nonlinear transformations on 384

the dynamic and static features. The MLPs project 385

φt0
d and φs into a higher dimensional latent space, 386

Xt0
d =W 2

(
ReLU

(
W 1φ

t0
d + b1

))
+ b2,

Xs =Ŵ 2

(
ReLU

(
Ŵ 1φs + b̂1

))
+ b̂2,

(9) 387

where W and b represent learnable weights and 388

biases. We then concatenate these features to form 389

the unified representation Xt0 =
[
Xt0

d

∥∥Xs

]
. As 390

shown in formula (7), this representation serves as 391

the input to the GAT—along with the agent inter- 392

action graph—to update opinions in parallel. 393

In summary, to replace sequentially executed 394

ABM, GMP adopts parallel feature aggregation 395
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with one-shot GAT updating. This accelerates sim-396

ulation while modeling fine-grained inter-agent de-397

pendencies at scale. See Appendix A.2 for details.398

3.4 Simulation State Update399

While LLM-driven core agents generate textual400

opinions via GOM-retrieved memories, ordinary401

agents directly output numeric opinion values402

based on GMP. To align these heterogeneous out-403

puts, we map each core agent’s generated text to a404

scalar in [−1, 1] using an LLM-based scorer (see405

Appendix A.3). These quantified scores are then406

aggregated with the ordinary agents’ values to up-407

date the simulated opinion trend curve.408

4 Experiment409

4.1 Datasets and Metrics410

To evaluate GASim, we constructed three topic-411

based datasets from popular social media platforms412

using open-source crawlers Apify and WeiboSpider,413

with statistical details reported in Table 1.

Dataset Users Tweets Time Span
Politics 9,135 12,084 May 10 - Dec 06, 2017

Business 9,150 14,159 March 01 - July 29, 2021
Education 11,454 105,445 June 13 - Nov 10, 2024

Table 1: Statistics of the dataset.

414
Specifically, each processed data contains415

anonymized user id, user description, follower416

count, following count, tweet content, posting time417

and an opinion value. The Politics dataset covers418

discussions on Donald Trump and alleged Russian419

interference in the 2016 U.S. election, and the Busi-420

ness dataset covers global controversies surround-421

ing Xinjiang-produced cotton, both collected from422

X (formerly Twitter). The Education dataset covers423

Sina Weibo discussions on alleged cheating in the424

Alibaba Global Math Competition. For alignment,425

all datasets are standardized to 30 time steps. See426

Appendix A.3 for details.427

To evaluate simulation quality, we leverage four428

metrics comparing simulated and ground-truth pub-429

lic opinion curves from complementary perspec-430

tives. Statistical metrics assess macro-level trend431

consistency, where ∆Bias measures the average432

deviation, ∆Div captures the temporal stability,433

and Corr. computes the Pearson correlation coeffi-434

cient for linear alignment. The Geometric metric435

F. (Fréchet distance), measures global curve sim-436

ilarity. Detailed mathematical definitions of the437

Metric HiSim GASim Speedup

Tcore 316.33 19.30 16.39×
Tordi 84.13 3.06 27.49×

Ttotal 401.84 40.43 9.94×

Table 2: Latency Analysis (min), where Tcore, Tordi and
Ttotal denote the runtime of core, ordinary agents and
the total simulation (including other overheads).
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Figure 3: Total token consumption across agent scales.

above metrics are provided in Appendix A.4. 438

4.2 Experimental Setting 439

The agent population is set to 10,000, with the 440

top-K (K = 100) agents selected as core type and 441

driven by a locally deployed Llama-3.1-8B-Instruct 442

(256 tokens, temperature 1). Bge-small-en-v1.5 is 443

used to embed the memory contents. The GOM 444

update parameter µ to 0.5 (i.e., λi = 0.5, 1 ≤ i ≤ 3 445

) to balance graph-based memory propagation and 446

initialization, with ν = 1 in correction term ∆ and 447

τ = 0.9 in Hτ (x). All evaluation and scoring are 448

performed using gpt-4o-mini API. Experiments run 449

on a server with 40 vCPUs (Intel Xeon Platinum 450

8481C), two 48-GB vGPUs, and 180 GB RAM. 451

4.3 Latency and Cost Analysis 452

Table 2 demonstrates the acceleration performance 453

of GASim on a large-scale simulation compris- 454

ing 10,000 agents over 30 time steps. Com- 455

pared to the traditional hybrid framework that re- 456

lies on LLM-based memory retrieval and sequen- 457

tial ABMs, GASim achieves substantial efficiency 458

gains. Specifically, adding GOM yields a 16.39× 459

speedup (from 316.33 to 19.30 minutes) by replac- 460

ing multi-stage LLM processing with lightweight 461

graph-based memory retrieval. Similarly, integrat- 462

ing GMP accelerates the ordinary-agent stage by 463

27.49× (reducing time from 84.13 to 3.06 minutes) 464

by parallelizing opinion updates via batched tensor 465
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Methods
Politics Business Education

∆Bias ↓ ∆Div ↓ Corr. ↑ F. ↓ ∆Bias ↓ ∆Div ↓ Corr. ↑ F. ↓ ∆Bias ↓ ∆Div ↓ Corr. ↑ F. ↓
HK 0.2003 0.0089 0.0581 0.3367 0.1081 0.0074 0.1214 0.2369 0.4828 0.0140 0.6498 0.6293

RA 0.1629 0.0886 0.2692 0.3346 0.1046 0.0073 0.4522 0.2438 0.4822 0.0130 0.2011 0.6242

Lorenz 0.2339 0.1074 -0.0637 0.4199 0.1298 0.0082 -0.1228 0.2555 0.565 0.0199 -0.3216 0.7579

SOD 0.1084 0.0086 0.1277 0.2464 0.1672 0.0105 0.068 0.3027 0.2716 0.0137 0.4013 0.3174

HiSim 0.1069 0.0167 -0.003 0.1622 0.2302 0.0103 -0.3532 0.3390 0.2475 0.0167 0.388 0.2237

GASim (Ours) 0.0700 0.0074 0.4261 0.1349 0.0807 0.0060 0.4707 0.1390 0.0716 0.0058 0.7686 0.1081

Table 3: Trend alignment results in large-scale social simulation, where ↓ indicates that lower values are better,
while ↑ indicates that higher is preferable. Bold and underline indicate the best and second-best results.

processing in a single graph attention forward pass.466

Although Ttotal includes minor I/O overheads for467

persisting historical embeddings and keywords for468

driving GOM, this cost is negligible compared to469

the computational gains. Consequently, the overall470

simulation time is reduced from 6.69 to 0.67 hours,471

representing a significant 9.94× acceleration.472

In addition to faster simulation speeds, GASim473

dramatically lowers operational costs. As shown474

in Figure 3, GASim dramatically reduces total475

token consumption compared to HiSim and the476

non-hybrid framework, with the efficiency advan-477

tage increasing as the number of agents grows. At478

10,000 agents, GASim consumes only 61,771 to-479

kens, corresponding to approximately 1/5 of HiSim480

(316,944 tokens) and 1/400 of the non-hybrid base-481

line (24.3M tokens). This efficiency gain arises not482

only from the hybrid design but also from the intro-483

duction of GOM for core agents, which avoids in-484

voking LLMs during memory storage and retrieval.485

4.4 Trend Alignment Evaluation486

To assess the fidelity of GASim, we evaluate trend487

alignment by comparing the simulated and real488

opinion curve using metrics in Section 4.1. See489

Appendix A.5.1 for baseline methods.490

As detailed in Table 3, GASim demonstrates491

superior performance across all metrics on di-492

verse domain events. Regarding statistical met-493

rics, GASim maintains a remarkably low ∆Bias,494

staying below 1% across all domains. Meanwhile,495

GASim achieves an average reduction of 29.05%496

in ∆Div and an average improvement of 26.89% in497

Corr. compared to the second-best method. It also498

achieves the lowest F. across datasets, indicating499

superior geometric similarity.500

To provide a qualitative comparison, Figure 4501

visualizes simulation results on the Politics dataset.502

Consistent with Table 3, GASim produces a trajec-503

tory that closely aligns with the real-world opinion504

trend, whereas baseline methods fail to capture505
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Figure 4: Visualization of trend alignment results across
different methods on the Politics dataset

opinion evolution over long durations. Specifically, 506

traditional ABMs (HK, RA, and Lorenz) tend to 507

fluctuate merely around the initial opinion value, 508

constrained by their rigid and predefined mathe- 509

matical update rules. Among LLM-based methods, 510

SOD better approximates real trends than ABMs 511

due to semantic reasoning and agent bias design, 512

but its random one-to-one communication limits its 513

ability to capture dynamic opinion fluctuations. In 514

contrast, the hybrid framework HiSim exhibits ex- 515

treme and one-sided shifts caused by static degree- 516

based agent grouping. GASim outperforms both 517

by leveraging GOM for accurate memory retrieval, 518

GMP for fine-grained neighbor-aware opinion rea- 519

soning, EDG for dynamically coordinating agents 520

via entropy-based partitioning to model emergent 521

opinion leadership. 522

4.5 Memory Architecture Evaluation 523

We further evaluate GOM on the LoCoMo dataset 524

(Maharana et al., 2024), a benchmark for long- 525

term conversational memory. LoCoMo contains 526

10 long conversations, with question–answer pairs 527

spanning single-hop, multi-hop, temporal and open- 528

domain categories. For the evaluation, instead of 529
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Method Chunk Size
Accuracy (%, LLM-as-a-Judge)

Single Hop Multi-Hop Open Domain Temporal Overall

A-Mem 2520 39.79 ± 0.38 18.85 ± 0.31 54.05 ± 0.22 49.91 ± 0.31 48.38 ± 0.15

LangMem 127 62.23 ± 0.75 47.92 ± 0.47 71.12 ± 0.2 23.43 ± 0.39 58.10 ± 0.21

Zep 3911 61.7 ± 0.32 41.35 ± 0.48 76.6 ± 0.13 49.31 ± 0.50 65.99 ± 0.16

Mem0 1764 67.13 ± 0.65 51.15 ± 0.31 72.93 ± 0.11 55.51 ± 0.34 66.8 ± 0.15

Mem0g 3616 65.71 ± 0.45 47.19 ± 0.67 75.71 ± 0.21 58.13 ± 0.44 68.44 ± 0.17

GOM (Ours) 2492 75.39 ± 0.51 59.6 ± 0.53 74.96 ± 0.18 70.7 ± 0.47 71.56 ± 0.20

Table 4: Evaluation of memory retrieval performance: GOM vs. baselines on LoCoMo dataset (Maharana et al.,
2024), where Chunk Size indicates the average context length, including retrieved contents and the answer prompt.

using F1 and BLEU that rely on lexical overlap and530

often fail to reflect factual correctness, we adopt531

LLM-as-a-Judge to verify answer accuracy, assess-532

ing semantic and factual quality in a way that better533

aligns with human judgment. The judge prompt is534

provided in Appendix A.6.3.535

As shown in Table 4, GOM achieves state-of-the-536

art performance compared to a suite of competitive537

memory-based baselines, reaching an overall ac-538

curacy of 71.56%. In particular, GOM shows sub-539

stantial improvements on Single-Hop, Multi-Hop,540

and Temporal question types, outperforming the541

strongest existing models by approximately 10%.542

These three categories respectively require locat-543

ing a single factual span within one dialogue turn,544

synthesizing information dispersed across multiple545

conversation sessions, and accurate modeling of546

event sequences and their temporal ordering, all of547

which directly benefit from GOM’s graph-guided548

memory retrieval mechanism. In GOM, by formu-549

lating memory selection as a convex optimization550

problem over a structured memory graph, it is able551

to jointly consider semantic relevance, stance coher-552

ence, and smoothness of memory retrieval, rather553

than relying on isolated similarity matching.554

While GOM underperforms on Open-Domain555

questions, this category primarily favors LLM-556

based memory baselines that leverage extensive557

prior knowledge. However, in social simulation, an558

over-reliance on such generic external knowledge559

can homogenize agent responses, thereby reducing560

personality diversity. Given that these questions561

constitute only 5% of the dataset, the impact on562

overall results is negligible.563

4.6 Ablation Study564

To evaluate the specific contributions of each mod-565

ule to simulation fidelity, we conducted the abla-566

tion study focusing on public opinion trend align-567

ment. As shown in Table 5, removing any com-568

Models ∆Bias ↓ ∆Div ↓ Corr. ↑ F. ↓
GASim 0.0700 0.0074 0.4261 0.1349
w/o GOM 0.0771 0.0089 0.2942 0.1406
w/o GMP 0.1027 0.1346 -0.0989 0.2291
w/o EDG 0.0872 0.0109 0.2528 0.1391

Table 5: Ablation study of trend alignment on Politics
dataset, where "w/o" denotes the removal of the module.

ponent leads to performance degradation across 569

all metrics. Specifically, without GOM, ∆Bias 570

increases to 0.0771 (a 10% rise), ∆Div increases 571

to 0.0089 (a 20% rise), and Corr. drops to 0.2942 572

(a 30.96% reduction). These results confirm that 573

GOM’s lightweight graph propagation is a great 574

alternative for agent memory retrieval compared to 575

computationally expensive multi-stage LLM pro- 576

cessing. Meanwhile, removing GMP causes signif- 577

icant deterioration across all metrics. This under- 578

scores the necessity of modeling the general crowd 579

via fine-grained neural networks trained on real dy- 580

namic opinion data, rather than relying solely on 581

LLMs which may be restricted by inherent train- 582

ing data biases. Similarly, excluding EDG results 583

in a 47.3% increase in ∆Div. This highlights the 584

critical role of EDG in dynamically coordinating 585

agents to stabilize performance. 586

5 Conclusion 587

This paper introduces GASim, a graph-accelerated 588

hybrid multi-agent framework for large-scale so- 589

cial simulations. By designing a lightweight graph- 590

based memory model for core agents and a paral- 591

lelized, fine-grained neural network module for or- 592

dinary agents, GASim effectively addresses the la- 593

tency challenges faced by traditional hybrid frame- 594

works. Extensive experiments confirm both the 595

efficiency and accuracy of our framework. We an- 596

ticipate that GASim will offer a new perspective 597

on meeting low-latency requirements in the social 598

simulation community. 599
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Limitations600

Despite the effectiveness of GASim, our work has601

two key limitations. (1) The LLM-generated text602

lacks authenticity, and synthetic opinion value la-603

bels may reflect the inherent biases of the LLM604

itself. (2) Our simulation primarily focuses on605

textual interactions, while ignoring multimodal in-606

formation (e.g., images and videos) that may also607

play a crucial role in public opinion dynamics.608

Ethical Considerations609

GASim is designed as a research instrument for610

analyzing offline social dynamics rather than for611

active intervention. We acknowledge the potential612

dual-use risk associated with misuse in generating613

or amplifying harmful content. To mitigate this614

risk, all simulations are conducted in isolated, of-615

fline sandboxed environments with no connectivity616

to real-world platforms. This design ensures that617

generated content and interaction patterns remain618

fully confined to the experimental setting and can-619

not influence live social media or real users.620

Regarding data usage, we adhere to the follow-621

ing protocols: (1) Privacy & Content: We pseudo-622

anonymize user identities by mapping public IDs to623

numerical indices. While the datasets contain con-624

troversial topics, such content is retained strictly625

to maintain the statistical fidelity of opinion dy-626

namics. (2) Consent: Due to the dataset scale,627

obtaining individual consent was infeasible; we uti-628

lized only voluntarily public data in compliance629

with platform terms. (3) IRB Status: As this study630

analyzes existing public data without direct human631

intervention, it is exempt from formal IRB review.632

References633

Shaked Brody, Uri Alon, and Eran Yahav. 2022. How634
attentive are graph attention networks? In The Tenth635
International Conference on Learning Representa-636
tions, pages 1– 26.637

Jinyuan Chen, Jiuchen Shi, Quan Chen, and Minyi Guo.638
2025. Kairos: Low-latency multi-agent serving with639
shared llms and excessive loads in the public cloud.640
CoRR, abs/2508.06948.641

Weize Chen, Yusheng Su, Jingwei Zuo, Cheng Yang,642
Chenfei Yuan, Chi-Min Chan, Heyang Yu, Yaxi Lu,643
Yi-Hsin Hung, Chen Qian, Yujia Qin, Xin Cong,644
Ruobing Xie, Zhiyuan Liu, Maosong Sun, and Jie645
Zhou. 2024. Agentverse: Facilitating multi-agent646
collaboration and exploring emergent behaviors. In647
The Twelfth International Conference on Learning648
Representations, pages 20094–20136.649

Prateek Chhikara, Dev Khant, Saket Aryan, Taranjeet 650
Singh, and Deshraj Yadav. 2025. Mem0: Building 651
production-ready AI agents with scalable long-term 652
memory. CoRR, abs/2504.19413. 653

Yun-Shiuan Chuang, Agam Goyal, Nikunj Harlalka, 654
Siddharth Suresh, Robert Hawkins, Sijia Yang, Dha- 655
van Shah, Junjie Hu, and Timothy T. Rogers. 2024. 656
Simulating opinion dynamics with networks of llm- 657
based agents. In Findings of the Association for 658
Computational Linguistics, pages 3326–3346. 659

Guillaume Deffuant, Frédéric Amblard, Gérard Weis- 660
buch, and Thierry Faure. 2002. How can extremism 661
prevail? a study based on the relative agreement in- 662
teraction model. Journal of Artificial Societies and 663
Social Simulation, 5(04). 664

Matthijs Douze, Alexandr Guzhva, Chengqi Deng, Jeff 665
Johnson, Gergely Szilvasy, Pierre-Emmanuel Mazaré, 666
Maria Lomeli, Lucas Hosseini, and Hervé Jégou. 667
2024. The faiss library. CoRR, abs/2401.08281. 668

Andrew B. Goldberg, Xiaojin Zhu, and Stephen Wright. 669
2007. Dissimilarity in graph-based semi-supervised 670
classification. In Proceedings of the Eleventh Inter- 671
national Conference on Artificial Intelligence and 672
Statistics, pages 155–162. 673

Rainer Hegselmann and Ulrich Krause. 2002. Opinion 674
dynamics and bounded confidence models, analysis 675
and simulation. Journal of Artificial Societies and 676
Social Simulation, 5(03). 677

Zhiwei Jin, Juan Cao, Yongdong Zhang, and Jiebo Luo. 678
2016. News verification by exploiting conflicting so- 679
cial viewpoints in microblogs. In Proceedings of the 680
Thirtieth AAAI Conference on Artificial Intelligence, 681
page 2972–2978. 682

Bai Jinbo and Li Hongbo. 2019. Study on a pareto 683
principle case of social network. In Proceedings 684
of the 2019 4th International Conference on Social 685
Sciences and Economic Development, pages 113– 686
117. 687

Paul F. Lazarsfeld, Bernard Berelson, and Hazel Gaudet. 688
2021. The People’s Choice: How the Voter Makes 689
Up His Mind in a Presidential Campaign. Columbia 690
University Press. 691

Jan Lorenz, Martin Neumann, and Tobias Schröder. 692
2021. Individual attitude change and societal dynam- 693
ics: Computational experiments with psychological 694
theories. Psychological Review, 128(04):623–642. 695

Adyasha Maharana, Dong-Ho Lee, Sergey Tulyakov, 696
Mohit Bansal, Francesco Barbieri, and Yuwei Fang. 697
2024. Evaluating very long-term conversational 698
memory of LLM agents. In Proceedings of the 62nd 699
Annual Meeting of the Association for Computational 700
Linguistics, pages 13851–13870. 701

Huiyu Min, Jiuxin Cao, Jiawei Ge, and Bo Liu. 2024. A 702
multi-agent system for fine-grained opinion dynam- 703
ics analysis in online social networks. IEEE Trans. 704
Comput. Soc. Syst., 11(1):815–828. 705

9



Xinyi Mou, Zhongyu Wei, and Xuanjing Huang. 2024.706
Unveiling the truth and facilitating change: Towards707
agent-based large-scale social movement simulation.708
In Findings of the Association for Computational709
Linguistics, pages 4789–4809.710

Xuchen Pan, Dawei Gao, Yuexiang Xie, Zhewei Wei,711
Yaliang Li, Bolin Ding, Ji-Rong Wen, and Jingren712
Zhou. 2024. Very large-scale multi-agent simulation713
in agentscope. CoRR, abs/2407.17789.714

Joon Sung Park, Joseph O’Brien, Carrie Jun Cai, Mered-715
ith Ringel Morris, Percy Liang, and Michael S. Bern-716
stein. 2023. Generative Agents: Interactive simulacra717
of human behavior. In Proceedings of the 36th An-718
nual ACM Symposium on User Interface Software719
and Technology, page 1–22.720

Preston Rasmussen, Pavlo Paliychuk, Travis Beauvais,721
Jack Ryan, and Daniel Chalef. 2025. Zep: A tempo-722
ral knowledge graph architecture for agent memory.723
CoRR, abs/2501.13956.724

Yanhui Sun, Wu Liu, Wentao Wang, Hantao Yao, Jiebo725
Luo, and Yong-Dong Zhang. 2025. DynamiX: Large-726
scale dynamic social network simulator. CoRR,727
abs/2507.19929.728

Jiakai Tang, Heyang Gao, Xuchen Pan, Lei Wang, Hao-729
ran Tan, Dawei Gao, Yushuo Chen, Xu Chen, Yankai730
Lin, Yaliang Li, Bolin Ding, Jingren Zhou, Jun Wang,731
and Ji-Rong Wen. 2025. GenSim: A general social732
simulation platform with large language model based733
agents. In Proceedings of the 2025 Conference of the734
Nations of the Americas Chapter of the Association735
for Computational Linguistics: Human Language736
Technologies, pages 143–150.737

Víctor Vargas-Pérez, Jesús Giráldez-Cru, Pablo Mesejo,738
and Oscar Cordón. 2025. Unveiling agents’ confi-739
dence in opinion dynamics models via graph neu-740
ral networks. IEEE Trans. Comput. Soc. Syst.,741
12(2):725–737.742

Wujiang Xu, Zujie Liang, Kai Mei, Hang Gao, Juntao743
Tan, and Yongfeng Zhang. 2025. A-mem: Agentic744
memory for LLM agents. In The Thirty-ninth An-745
nual Conference on Neural Information Processing746
Systems, pages 1–28.747

Ziyi Yang, Zaibin Zhang, Zirui Zheng, Yuxian Jiang,748
Ziyue Gan, Zhiyu Wang, Zijian Ling, Jinsong Chen,749
Martz Ma, Bowen Dong, Prateek Gupta, Shuyue750
Hu, Zhenfei Yin, Guohao Li, Xu Jia, Lijun Wang,751
Bernard Ghanem, Huchuan Lu, Chaochao Lu, and752
4 others. 2024. OASIS: open agent social interac-753
tion simulations with one million agents. CoRR,754
abs/2411.11581.755

Jun Zhang, Yuwei Yan, Junbo Yan, Zhiheng Zheng,756
Jinghua Piao, Depeng Jin, and Yong Li. 2025. A par-757
allelized framework for simulating large-scale LLM758
agents with realistic environments and interactions.759
In Proceedings of the 63rd Annual Meeting of the As-760
sociation for Computational Linguistics, pages 1339–761
1349.762

A Appendix 763

A.1 Theoretical Analysis of GOM 764

A.1.1 Convexity Discussion 765

In this section, we discuss the convexity of the 766

original objective in formula (4) and justify the 767

need for the modification in formula (5) to achieve 768

a more tractable optimization. 769

According to formula (4), it is straightforward 770

to verify that the first and the third term are both 771

convex function, since their Hessian matrices are 772

equal to λi · 2I ≻ 0 (i = 1, 3). Yet the second term 773

of equation (4) is not intuitive to judge its convexity. 774

Motivated by (Jin et al., 2016), we can rewrite the 775

second term by defining f = D− 1
2 f as follows, 776

fTLf = fT
(
I−D− 1

2WD− 1
2

)
f

=
1

2

(
2f

T
Df − 2f

T
Wf

T
)

=
1

2

 n∑
i=1

diifi
2
+

n∑
j=1

djjfj
2 − 2

n∑
i,j=1

fiwijfj


=

1

2

n∑
i,j=1

wij

(
fi√
dii

− fj√
djj

)2

.

777

When we review the formula derivation in (10), we 778

can analyze that fTLf is convex when each of the 779

edge weight wij ≥ 0. In this case, fTLf ≥ 0, L is 780

positive semidefinite, and the whole term is convex 781

with the minimal value being 0 when f ∝
√
d = 782(√

d11,
√
d22, . . . ,

√
dnn
)T. 783

However, based on the sparse memory graph 784

defined in section 3.2.1, the memory edge weight 785

wij can be negative (since agents may have oppo- 786

site opinion values), and the convexity of fTLf is 787

no longer certain. Common approximations in ex- 788

isting research (Jin et al., 2016)(Goldberg et al., 789

2007), which model the processed data on a graph 790

that contains negative edge weight, often forces 791

wij ≥ 0 by taking the absolute value |wij |. Yet 792

these methods totally discard the opposite features 793

in the data, which causes a large change in the 794

normalized Laplacian matrix L. 795

Therefore, to ensure the objective convexity for 796

a more tractable optimization (the convexity of 797

Q̃(f)), we need to approximate L by an appropriate 798

modification. Based on the formula (5), we intro- 799

duce a correction term ∆, whose diagonal elements 800

are defined as ∆ii = ν(
∑

j |wij | − dii ), ν ≥ 1. 801

By adding D− 1
2∆D− 1

2 to the normalized Lapla- 802
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cian matrix L, we obtain a convex L′, as shown in803

the proof below.804

Proof. Based on the Gershgorin’s circle theorem,805

there exists an upper and lower bound for each806

eigenvalue λi(L) of unnormalized L = D−W,807

Lii −
∑
j

|Lij | ≤ λi(L) ≤ Lii +
∑
j

|Lij |

dii −
∑
j

|wij | ≤ λi(L) ≤ dii +
∑
j

|wij |∑
j

(wij − |wij |) ≤ λi(L) ≤
∑
j

(wij + |wij |).

(10)808

Based on formula (10), if the memory graph con-809

tains negative edge weights wij < 0, then the lower810

bound of the i-th eigenvalue of L falls below zero811

and L may not be positive semidefinite . How-812

ever, with the diagonal matrix ∆ added on L, the813

inequality becomes equation (11)814

(ν − 1)

∑
j

|wij | −
∑
j

wij

 ≤ λi(L+∆)

≤
∑
j

wij +
∑
j

|wij |+ ν

∑
j

|wij | − wij

 .

(11)815

Since ν ≥ 1, the lower bounds for all eigenval-816

ues are greater than 0, which is {λi(L)}ni=1 ∈ R+.817

In this way, the matrix L + ∆ must be positive818

semidefinite. By normalization, we can obtain the819

convex L′ = L+D− 1
2∆D− 1

2 . With this approxi-820

mation, only the diagonal elements of L are mod-821

ified, ensuring the convexity of Q̃(f). This com-822

pletes the proof. □823

A.1.2 Closed-Form Solution824

The closed-form optimal solution of formula (5)825

can be derived directly based on the formulation,826

which characterizes the retrieval probabilities of the827

memory nodes during the agent’s memory retrieval828

task. Since we have proven the convexity of equa-829

tion (5), the optimal f∗ can be obtained by solv-830

ing the first-order condition ∇Q̃(f) = 0. Specifi-831

cally, we can expand Q̃ as λ1 (f − f0)
T (f − f0) +832

λ2f
TL′f + λ3f

Tf . Then we can calculate the gra-833

dient of Q̃(f)834

∇Q̃(f) = λ12 (f − f0) + λ2

(
L′ + L′T

)
f + 2λ3f

= (λ1 + λ3) · 2f + λ2 · 2L′f − λ1 · 2f0
=
[
(λ1 + λ2) · I + λ2L′

]
· 2f − λ1 · 2f0.

(12)835

Let ∇Q̃(f) = 0, and we can obtain the optimal 836

memory selection vector f∗ as follows 837

f∗ = λ1

[
(λ1 + λ3)I+ λ2L′

]−1
f0. (13) 838

This completes the proof. □ 839

A.1.3 Proof of Graph Propagation Retrieval 840

To reduce the computational complexity of calcu- 841

lating the closed-form of the retrieval vector f , we 842

design a fast graph propagation retrieval that avoids 843

calculating the inverse of the large-scale matrix. 844

For convenience, we assume the two hyperpa- 845

rameters λ1 and λ2 are set to satisfy λ1 + λ2 = 1, 846

then formula (13) can be rewritten as formula (14) 847

f∗ = (1− λ2)
[
(1− λ2 + λ3)I+ λ2L′

]−1
f0

=
1− λ2

1− λ2 + λ3

[
I+

λ2

1− λ2 + λ3
L′
]−1

f0

=
λ1

2λ1 + λ3 − 1
· (1− µ)

[
I+ µL′

]−1
f0,

= (1− µ)
[
I+ µL′

]−1
f ′0,

(14) 848

where µ = λ2
1−λ2+λ3

, f ′0 = λ1
2λ1+λ3−1 f0. Based 849

on this simplification, we can efficiently calculate 850

the optimal memory selection vector f∗ in formula 851

(14) by the designed graph propagation retrieval 852

fk+1 = µ(−L′) · fk + (1− µ) · f ′0, with the proof 853

detailed as follows. 854

Proof. Based on the initial value f ′0, we can 855

make the following deduction in the iteration, 856

f1 = µ(−L′) · f ′0 + (1− µ) · f ′0,

f2 =
[
µ(−L′)

]2
· f ′0 + (1− µ)

[
µ(−L′) + I

]
· f ′0,

...

fk =
[
µ(−L′)

]k
· f ′0 + (1− µ)

k−1∑
i=0

[
µ(−L′)

]i
· f ′0,

k−1∑
i=0

[
µ(−L′)

]i
=

(
I−

[
µ(−L′)

]k)(
I+ µ(L′)

)−1
.

(15) 857

Since our constructed memory graph Gmem is 858

sparse, the modified Laplacian matrix L′ can be ap- 859

proximated to a sparse random matrix. Therefore, 860

we can make the following derivation 861

lim
k→∞

[
µ(−L′)

]k
= 0,

lim
k→∞

fk = (1− µ)
(
I+ µL′

)−1
f ′0,

(16) 862
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which is exactly the same as the equation form863

in (14). Therefore, the optimal memory selection864

vector f∗ can be efficiently approximated using865

the proposed graph propagation retrieval algorithm,866

which avoids computing the inverse of the large-867

scale matrix. This completes the proof. □868

A.2 Detailed Design of GMP869

In this section, we provide the specific architectural870

details of the Graph Message Passing (GMP) mod-871

ule. GMP takes the historical opinion values of872

all agents as input, and updates agents’ opinions873

simultaneously in a single forward pass. Based on874

the method, the following sections detail the dy-875

namic feature extraction, the feature projection, the876

graph attention layers, and the training design.877

A.2.1 Dynamic Feature Extraction878

To efficiently process the population of N agents879

over accumulating time steps, we vectorize GMP880

feature extraction process. By organizing histori-881

cal data into global tensors, we compute the raw882

dynamic features, including the individual stance883

features φI and neighbor stance features φC , using884

matrix operations.885

Initialization and Global Tensors Let t0 be the886

current time step and M be the maximum neighbor887

degree in agents’ topology. We define three primary888

tensors to facilitate parallel computation:889

• Global opinion tensor St0 ∈ RN×t0 : Each890

row i contains historical opinion values of891

agent i.892

• Global neighbor opinion tensor Nt0 ∈893

RN×M×t0 : A 3D tensor where Ni,j,: repre-894

sents the opinion history of the j-th neighbor895

of agent i, padded with zeros for nodes with896

degree < M .897

• Neighbor Mask M ∈ {0, 1}N×M : A binary898

matrix where Mi,j = 1 indicates a valid899

neighbor and 0 indicates padding.900

Vectorized Operations The feature extraction901

logic is summarized in Table 6. Operations are per-902

formed along specific tensor dimensions to exploit903

GPU parallelism.904

These operations yield the final dynamic feature905

tensor φt0
d = [φt0

I ∥ φt0
C ] ∈ RN×9, where ∥ de-906

notes the concatenation operator.907

A.2.2 Feature Projection 908

Before entering the graph network, the raw features 909

are projected into a shared latent space to facilitate 910

fusion. As described in formula 9, we employ two 911

separate Multi-Layer Perceptrons (MLPs) for this 912

purpose: 913

• Dynamic MLP: Projects the dynamic opinion 914

statistics φt0
d ∈ R9 to a latent vector of size 915

64. 916

• Static MLP: Projects the BERT-encoded pro- 917

file embeddings φs ∈ R768 to a latent vector 918

of size 64. 919

These projected vectors are concatenated to form 920

the input node features Xt0 ∈ R128 for the GAT. 921

A.2.3 Graph Attention Layers 922

The main reasoning module consists of a two-layer 923

GAT configuration. We utilize edge weights within 924

the attention mechanism to allow structural interac- 925

tion strengths to modulate message passing. 926

Layer 1 (Multi-Head Attention): The first layer 927

takes the 128-dimensional node features and ap- 928

plies multi-head attention to capture diverse inter- 929

action patterns. 930

• Input Channels: 128 931

• Heads: 4 932

• Hidden Channels per Head: 8 933

• Output Dimension: The outputs of the K heads 934

are concatenated, resulting in a feature vector of 935

size 4× 8 = 32. 936

• Activation: ReLU(·). 937

Layer 2 (Opinion Regression): The second 938

layer aggregates the hidden representations to 939

regress the final opinion value. 940

• Input Channels: 32 941

• Heads: 1 942

• Output Channels: 1 (Scalar opinion value) 943

• Activation: Tanh(·), to constrain the predicted 944

opinion ot+1 within the valid opinion range of 945

[−1, 1]. 946

Table 7 summarizes the above shapes and parame- 947

ters of the network modules. 948
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Feature Group Feature Description Vectorized Mathematical Operation

Individual Stance
φI ∈ RN×5

Mean & Variance µ = meant(S
t0), σ2 = vart(S

t0)

Boundary Values omax = maxt(S
t0), omin = mint(S

t0)

Current State olast = St0
:,t0

Neighbor Stance
φC ∈ RN×4

Neighbor Mean µ̂ = meanm,t(N
t0 ⊙M)

Neighbor Std. σ̂ =
√∑

m,t((N
t0 − µ̂)2 ⊙M)⊘

∑
m M

Pearson Alignment simi =
1∑

j Mi,j

∑M
j=1 Pearson(S

t0
i,:,N

t0
i,j,:) ·Mi,j

Echo Chamber ech = sim⊘(1 + σ̂)

Table 6: Parallel operations for dynamic feature extraction, broadcasted over the agent dimension N .

Module Parameter Value/Shape

Dynamic MLP Input Dim 9
Output Dim 64

Static MLP Input Dim 768
Output Dim 64

GAT Layer 1

Input Channels 128
Attention Heads 4

Hidden Units 8
Edge Dim 1

GAT Layer 2
Input Channels 32
Attention Heads 1

Output Dim 1

Output Activation Function Tanh

Table 7: Hyperparameter settings and shapes for the
GMP neural architecture.

A.2.4 Training Design949

The GMP model is designed to recursively update950

the opinions of ordinary agents in parallel. By951

leveraging the forward pass of a Graph Attention952

Network (GAT), it captures fine-grained interaction953

dynamics. Specifically, the model requires only the954

initial opinion values of agents; the module then re-955

cursively constructs dynamic feature inputs based956

on historical states, along with the static agent pro-957

file features, to regress the future opinion values.958

However, training this supervised model on real-959

world data presents significant challenges, primar-960

ily due to the irregularity of social media datasets.961

The three main obstacles are:962

• Inconsistent Observation Space: The num-963

ber of participating users varies significantly964

across different event datasets, preventing a965

fixed-size input structure.966

• Discontinuous Opinion Trajectories: Users967

typically post sporadically. Consequently, 968

quantifiable opinion scores are often sparse 969

and discontinuous over time, complicating the 970

training of a recursive time-series model. 971

• Multi-scale Alignment: The objective func- 972

tion must balance the need to fit micro-level 973

individual stances while simultaneously cap- 974

turing the macro global opinion trend. 975

To address these challenges, we propose a com- 976

prehensive training scheme comprising three key 977

components: 978

a) User Embedding and Clustering To resolve 979

the issue of inconsistent observation spaces, we 980

normalize the variable number of real users into 981

a fixed set of "virtual agents." We crawl user pro- 982

file descriptions across events, generate semantic 983

embeddings via text encoding, and cluster these 984

vectors into 1000 distinct classes. Each class rep- 985

resents a virtual agent. This approach ensures a 986

consistent input dimension across diverse events 987

and preserves privacy by preventing overfitting to 988

specific real-world individuals. 989

b) Trajectory Interpolation To handle tempo- 990

ral discontinuity, we employ a hybrid interpola- 991

tion strategy to construct continuous opinion tra- 992

jectories from sparse data. For time steps lacking 993

explicit stance labels, opinion values are imputed 994

using a weighted combination: 50% derived from 995

linear interpolation of the specific agent’s history, 996

and 50% sampled from a normal distribution based 997

on the global opinion variance at that time step. 998

This ensures the training data maintains temporal 999

continuity and statistical consistency. 1000
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c) Optimization Objective To ensure the model1001

captures both macro-level trends and micro-level di-1002

versity, the loss function is designed as a weighted1003

sum of individual and global errors.1004

On one hand, the individual error (Llocal) mini-1005

mizes the Mean Squared Error (MSE) between the1006

predicted stance ôt and the ground truth ot for all1007

virtual agents,1008

Llocal =
1

tmax

∑
t

1

n

∥∥ôt − ot
∥∥2
2
, (17)1009

where tmax represents the training window, n is1010

the number of virtual agents, and ∥·∥2 denotes the1011

L2 norm.1012

On the other hand, the global error (Lglobal) en-1013

sures the predicted average opinion aligns with the1014

macro ground truth,1015

Lglobal =
1

tmax

∑
t

(
1

n

n∑
i=1

ôti −
1

n

n∑
i=1

oti

)2

.

(18)1016

Based on the above design, the total loss function1017

is formulated as,1018

L = α · Llocal + β · Lglobal (19)1019

To encourage the learning of distinct local features1020

and prevent the model from collapsing individual1021

predictions into the global mean, we assign weights1022

α = 0.9 and β = 0.1.1023

It is important to note that, unlike a traditional1024

train–validation–test split, we utilize the entire1025

dataset within the initial 10-step window for train-1026

ing. This design implies that the training process1027

serves as a parameter calibration phase for the un-1028

derlying simulation mechanism rather than a stan-1029

dalone predictive task. The primary role of GMP is1030

to provide a reactive, realistic environment of "or-1031

dinary agents" that interact with LLM-driven core1032

agents. The rigorous evaluation is subsequently per-1033

formed on the macro-level trend alignment of the1034

complete hybrid framework over the full 30-step1035

simulation period, where the system’s emergent1036

behavior—influenced by the dynamic interplay be-1037

tween LLMs and ordinary agents—is tested against1038

real-world evolution.1039

A.3 Data Collection and Preprocessing1040

We performed keyword-based retrieval to crawl1041

event-related tweets from social media. For1042

the opinion value annotation, we utilized the1043

gpt-4o-mini model to assign a stance score to1044

each tweet within the interval of [−1,+1]. In this 1045

scoring system, a value of −1 represents an ex- 1046

tremely negative stance toward the event, while 1047

+1 represents an extremely positive stance. The 1048

LLM scorers used for the Politics1, Business2, and 1049

Education3 simulation events in our dataset are as 1050

follows. 1051

Based on the comment, output the attitude score in the
discussions of whether Russia intervenes in the 2016 US
election.

-1 indicates completely disbelief in the target,
thinking the whole thing as a political conspiracy from
the other party and fully defending for Donald Trump.
1 indicates completely belief in the target and strongly
condemning Trump and his teams.

Only output a score (float number) in the range
of [-1, 1].

1052

Based on the comment, output the attitude score in
the discussions of whether China Xinjiang cotton is
produced through forced labor.

-1 indicates complete disbelief in the target,
strongly defending for China, and thinking the whole
thing as a political conspiracy from western countries.
1 indicates complete belief in the target and strongly
condemning the human rights violation in Xinjiang.

Only output a score (float number) in the range
of [-1, 1].

1053

Based on the comment, output the attitude score in
the discussions of whether "Jiang Ping", a girl who
is the first technical secondary school student from
China that won the 12th place in the Alibaba Global
Math Competition, had potentials cheating and the whole
thing was a over-hyped publicity by made by the girl,
her teacher and Alibaba.

-1 indicates completely disbelieving Jiang Ping,
thinking the whole thing as a media hype, or
expressing extreme negative emotions (such as strong
dissatisfaction, criticism, attacks, or sarcasm).

1 indicates expressing strong defend, protection
and support for Jiang Ping in terms of her gender and
potential hard work.
Only output a score (float number) in the range of [-1,
1].

1054

Following the crawling and scoring phases, the 1055

tweet data underwent comprehensive cleaning and 1056

organization. Each processed data record contains 1057

the following attributes, 1058

• User ID: The unique identifier of the user 1059

account. 1060

• User Description: The profile biography or 1061

1https://en.wikipedia.org/wiki/Russian_
interference_in_the_2016_United_States_elections

2https://en.wikipedia.org/wiki/Xinjiang_
cotton_industry

3https://finance.yahoo.com/news/
student-wowed-china-alibaba-math-070107525.html
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description provided by the user.1062

• Follower Count: The total number of follow-1063

ers the user has.1064

• Following Count: The number of accounts1065

the user is following.1066

• Tweet Content: The original text published1067

by the user.1068

• Posting Time: The specific timestamp when1069

the tweet was published.1070

• Opinion Value: The polarity value in1071

[−1,+1] derived from the LLM-based anno-1072

tation.1073

A.4 Metrics for Trend Alignment1074

To quantitatively evaluate the alignment between1075

simulated and real-world public opinion, we de-1076

fine the simulated trend curve S as the sequence1077

of average agent stances at each time step t ∈1078

{1, . . . , tmax}. Let n be the number of agents and1079

oti be the stance of agent i at time t; the simu-1080

lated average is otsim = 1
n

∑n
i=1 o

t
i. We compare1081

S = {o1sim, . . . , otmax
sim } against the ground-truth1082

curve G = {o1global, . . . , o
tmax
global} using the follow-1083

ing four metrics.1084

∆Bias (Mean Absolute Bias). This metric as-1085

sesses the macro-level magnitude of error by mea-1086

suring the average deviation between the simulated1087

stance and the ground-truth labels across the entire1088

duration. A lower value indicates higher simulation1089

accuracy.1090

∆Bias =
1

tmax

tmax∑
t=1

|otglobal − otsim| (20)1091

∆Div (Variance of Absolute Bias). To capture1092

the temporal stability of the simulation, we com-1093

pute the variance of the absolute error. This metric1094

reflects whether the simulation error remains con-1095

sistent or fluctuates significantly over time.1096

∆Div =
1

tmax

tmax∑
t=1

(|otglobal − otsim| −∆Bias)2

(21)1097

Corr. (Pearson Correlation Coefficient). The1098

Corr. metric measures the linear alignment and1099

trend consistency between the two sequences. It1100

evaluates how well the simulated fluctuations track1101

the real-world rises and falls in public opinion.1102

Corr. =
Cov

(
oglobal, osim

)√
Var
(
oglobal

)
Var(osim)

. (22)1103

F. (Fréchet Distance). As a geometric metric, 1104

the Fréchet distance F. measures the global simi- 1105

larity between curves S and G by considering the 1106

location and ordering of points. It calculates the 1107

minimized maximum distance required to traverse 1108

both curves simultaneously. 1109

F. = inf
α,β

max
t∈[0,1]

∥G(α(t))− S(β(t))∥ (23) 1110

where α(t) and β(t) are continuous, non- 1111

decreasing reparameterization functions that map 1112

the normalized time interval [0, 1] onto the curves’ 1113

domains. Unlike simpler metrics, F. accounts for 1114

both temporal alignment and geometric shape, pro- 1115

viding a more stringent assessment of structural 1116

similarity than Dynamic Time Warping (DTW). 1117

A.5 Baseline Methods 1118

A.5.1 Trend Alignment Evaluation 1119

For the social simulation experiments, we consider 1120

two categories of baseline methods: traditional 1121

agent-based models (ABMs) and LLM-based so- 1122

cial simulation frameworks. 1123

Agent-Based Models. HK (Hegselmann and 1124

Krause, 2002), RA (Deffuant et al., 2002), and 1125

Lorenz (Lorenz et al., 2021) are classic math- 1126

ematical ABMs that describe attitude evolution 1127

through local interactions among neighboring 1128

agents. These models share a common compu- 1129

tational paradigm consisting of neighbor selection, 1130

message exchange, and attitude update functions. 1131

Detailed formulations and comparative analyses 1132

are provided in (Mou et al., 2024). 1133

LLM-Based Frameworks. SOD (Chuang et al., 1134

2024) is an LLM-driven framework for modeling 1135

belief formation and confirmation bias. It shows 1136

that LLM agents naturally converge toward fac- 1137

tual consensus, while carefully designed prompts 1138

can induce opinion fragmentation, making it a 1139

strong baseline for opinion dynamics. HiSim (Mou 1140

et al., 2024) is the first hybrid simulation frame- 1141

work that integrates LLM-driven agents with tra- 1142

ditional ABMs to significantly scale social simula- 1143

tions, serving as another competitive baseline for 1144

trend alignment evaluation. 1145

A.5.2 Memory Architecture Evaluation 1146

To evaluate the effectiveness of our memory design 1147

on the LoCoMo retrieval benchmark, we compare 1148

against representative memory architectures that 1149

have previously been evaluated on this dataset. 1150
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A-Mem.(Xu et al., 2025) A-Mem introduces an1151

agentic memory system for LLM agents that rep-1152

resents experiences as interconnected notes. Each1153

note captures interactions enriched with structured1154

attributes such as keywords, contextual descrip-1155

tions, and tags generated by the LLM. New memo-1156

ries retrieve relevant notes using semantic embed-1157

dings and establish links through LLM-based sim-1158

ilarity reasoning. Existing notes are dynamically1159

updated as new information is integrated, allow-1160

ing the memory structure to evolve and support1161

increasingly rich contextual associations. Mem-1162

ory retrieval is performed via semantic similarity1163

to provide relevant historical context during agent1164

interactions.1165

Zep.(Rasmussen et al., 2025) Zep is an memory-1166

layer service powered by Graphiti, a dynamic and1167

temporally aware knowledge graph engine. It syn-1168

thesizes unstructured conversational data and struc-1169

tured business data into a non-lossy knowledge1170

graph. Unlike static representations, Zep explicitly1171

maintains the temporal validity of facts and rela-1172

tionships, enabling robust modeling of evolving1173

environments.1174

LangMem. LangMem 4 is a open-source mem-1175

ory architectures for long-term agent memory and1176

behavioral adaptation. It automates knowledge ex-1177

traction and consolidation from conversations and1178

employs a background manager to continuously up-1179

date agent state. Integrated with LangGraph, Lang-1180

Mem enables agents to maintain consistent and1181

personalized behavior through functional memory1182

primitives and iterative prompt refinement.1183

Mem0 and Mem0g.(Chhikara et al., 2025)1184

Mem0 manages agent memory by extracting salient1185

information and using an LLM to perform ADD,1186

UPDATE, DELETE, or NOOP operations based1187

on semantic comparisons with existing vector-1188

embedded records. Mem0g extends this design to a1189

graph-based architecture with a two-stage pipeline1190

that extracts entities and relational triplets. It pre-1191

serves temporal context through semantic node1192

merging and an LLM-based conflict resolution1193

mechanism that marks outdated relationships as1194

invalid rather than deleting them, supporting com-1195

plex relational reasoning over time.1196

4https://langchain-ai.github.io/langmem/

A.6 Supplementary Prompts 1197

A.6.1 News Event Injection 1198

We perform different news event injections at pre- 1199

defined time steps to simulate external information 1200

shocks across topic-specific events in our dataset, 1201

as detailed below. 1202

The following prompt contains the news triggers 1203

for the Politics dataset. 1204

tr_trigger_news1: &tr_trigger_news1
Former President’s National Security Advisor Flynn
resigned three weeks into office for discussing Russia
sanctions with the Russian ambassador and concealing
it from the Vice President. FBI Director Comey was
fired by President Trump, after sources revealed he had
recently asked the Justice Department for more funds
to investigate Russia’s involvement in the 2016 U.S.
election.

tr_trigger_news2: &tr_trigger_news2
In the context of a presidential election, the
“Russiagate” controversy appears to have become highly
politicized, which may gradually turn into a campaign
issue repeatedly used by both parties to mobilize
supporters and attack each other.

tr_trigger_news3: &tr_trigger_news3
Jared Kushner, director of the White House Innovation
Office, son-in-law and senior adviser to President
Trump, issued a statement in Washington to explain his
four meetings with Russian officials during Trump’s
campaign and transition period before taking office. He
said he had never had “inappropriate contacts” with
foreign countries.

tr_trigger_news4: &tr_trigger_news4
U.S. Special Prosecutor Mueller announced that Trump’s
former campaign manager Manafort and three others
were prosecuted for improper contacts with Russia
and suspected crimes, including money laundering,
conspiracy, perjury, false reporting, and concealing
bank information. The accused are George Papadopoulos,
Paul Manafort, and Rick Gates.

tr_trigger_news5: &tr_trigger_news5
In Washington, U.S., Michael Flynn, former national
security adviser to U.S. President Trump, appeared in
court and pleaded guilty to perjury to the FBI in the
Russia investigation.

1205

Similarly, the following prompt contains the 1206

news triggers for the Business dataset. 1207

xj_trigger_news1: &xj_trigger_news1
1 - Reports reveal that Xinjiang cotton is produced
through forced labor. ABC’s Four Corners investigative
program said Uighur Muslims were arrested and forced to
work in textile factories in Xinjiang. #XinjiangCotton
2 - (Breaking News) The well-known clothing brand H&M
announced that it has terminated its relationship with a
yarn supplier in mainland China (Huafu Fashion) because
the factory’s products were suspected of being produced
using “forced labor” of ethnic minorities in Xinjiang.
Soon after Chinese state media and mainland Chinese
netizens jointly boycott H&M.

xj_trigger_news2: &xj_trigger_news2
Hua Chunying, spokesperson for China’s Ministry of
Foreign Affairs, responded at a press conference,
stating that Xinjiang’s cotton is among the best in
the world and that the “forced labor” accusation is a
malicious lie fabricated by anti-China forces to damage
China’s image and Xinjiang’s stability. She emphasized
that China is open and transparent, but the will of the

1208
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Chinese people cannot be deceived, noting that over 40%
of Xinjiang’s cotton fields are mechanized, countering
Western criticism.

xj_trigger_news3: &xj_trigger_news3
H&M faced widespread backlash in China for its stance
on Xinjiang cotton, leading to the termination of
partnerships, store closures, and a significant decline
in sales, with China dropping out of the brand’s top
markets by mid-2021.

xj_trigger_news4: &xj_trigger_news4
On March 31, H&M affirmed its long-term commitment
to the Chinese mainland market and its goal to be a
responsible buyer globally, emphasizing collaboration
with stakeholders to develop the fashion industry.
However, the response did not address Xinjiang and was
not well received by Chinese netizens.

xj_trigger_news5: &xj_trigger_news5
On April 15, 2021, CGTN reported that the BCI official
website removed the statement that “human rights
violations and forced labor exist in Xinjiang”. However,
when The Economist’s China editor consulted BCI, BCI
said its policy remained unchanged and that it would
only reissue the notice in response to attacks on its
website.

1209

Moreover, the following prompt contains the1210

news triggers for the Education dataset.1211

jp_trigger_news1: &jp_trigger_news1
1 - Don’t look down on the poor youngsters! A technical
secondary school girl Jiang Ping unexpectedly won the
12th place in the world in the mathematics competition.
2 - There is an online rumor that Harvard University,
the University of Hong Kong and many other well-known
universities were going to admit the vocational school
student Jiang Ping through an exceptional admission
process, but the official has refuted the rumor.

jp_trigger_news2: &jp_trigger_news2
1 - How disrespectful to Jiang Ping! The Ali finals just
ended, 39 finalists issued a joint letter questioning
Jiang Ping.
2 - Shocking Viral News - famous “Anti-counterfeiting
fighter” Fang Zhouzi questioned Jiang Ping, as her math
score in the high school entrance exam was only 83 points
(full score is 150 points), which was out of place
when compared to the rankings in global competitions.
Besides, in the promotional video released by Alibaba
Damo Academy, her blackboard writing seemed to have
many low-level mistakes that should not be made by an
excellent math learner. Moreover, the competition is an
open book test, so cheating is not difficult. #Jiang
Ping #Fang Zhouzi

jp_trigger_news3: &jp_trigger_news3
1 - Jiang Ping dropped out of school? Lianshui Middle
School internal news leaked -> Has the genius girl
“fallen”?
2 - Official notice- the online rumor that Jiang Ping
failed the monthly math test in school is true.

jp_trigger_news4: &jp_trigger_news4
Official notice- According to the investigation, Jiang
Ping was provided help by her teacher Mr. Wang during
the preliminaries, which violated the preliminaries
rule of “prohibiting discussion with others”.

1212

A.6.2 Agent Cognitive Bias1213

In this appendix, we detail the configuration of1214

cognitive biases for the LLM-driven core agents1215

within our simulation framework. To mimic the1216

polarized nature of real-world social media discus-1217

sions, agents are not treated as neutral information1218

processors. Instead, they are assigned specific cog- 1219

nitive frameworks—referred to here as Potential 1220

Contradictions—which dictate their initial stances 1221

and their resistance to opposing information. 1222

Agent Behavioral Instruction: “You should speak like a
real person with personal biases regarding the news. Only
when the proof and news are convincing will you alter
your opinion. When you hear opinions that are opposed to
your own, you might tend to choose one of the ’potential
contradictions’ that concerns you and formulate biased
views.”

1223

For the Politics dataset, the bias prompt models 1224

the partisan divide characteristic of U.S. political 1225

discourse. 1226

(Democrats and Supporters): They believe that Trump’s
interactions and subsequent cover-up regarding Russia
are sufficient in themselves to pose serious political
and legal problems, and they believe that Trump’s team
may have improperly colluded with Russia during the
election.

(Trump and Supporters): They believe that the
“Russiagate” is merely a political conspiracy aimed at
undermining the legitimacy of the Trump administration
and the presidency. They argue that there is
insufficient evidence to prove any illegal collusion
between Trump and Russia.

1227

For the Education dataset, the bias prompt cap- 1228

tures the intersection of academic elitism, gender 1229

prejudice, and social class. 1230

(Education Conflict): When Jiang Ping is being questioned
by the authority, do you tend to defend Jiang Ping and
express dissatisfaction with exam-oriented education,
academic qualifications, and class stratification
considering her status as a technical secondary school
student, poor family background, and passion for
learning?

(Gender Conflict): Do you tend to defend Jiang
Ping by believing that the suspicion toward her is
rooted in prejudice against women, and that there
would not be so many doubts if the contestant were a man?

(Class Conflict): Do you tend to think it is
impossible for Jiang Ping to achieve such accomplishment
considering the possible evidence of cheating and her
educational background?

(Media Moral Conflict): Do you tend to think
that the entire event is essentially a staged media
hype designed for viral engagement?

1231

For the Business dataset, the bias prompt repre- 1232

sents the clash between international human rights 1233

narratives and domestic nationalist sentiment. 1234

(Western Media and Business Circles): They accuse
Chinese authorities of imposing “forced labor” on the
Uyghur people in Xinjiang and launch trade sanctions
and boycotts against products sourced from the region.

(Chinese Official Media and Public): They accuse

1235
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the West of malicious smearing and disinformation,
mobilizing widespread support for Xinjiang cotton while
initiating boycotts against companies that abandoned
the regional supply chain.

1236

A.6.3 Memory Judge Prompt1237

For the memory architecture evaluation based on1238

LoCoMo dataset, we adopt the memory judge1239

prompt as follows,1240

Your task is to label an answer to a question
as ’CORRECT’ or ’WRONG’. You will be given the
following data: (1) a question (posed by one user to
another user), (2) a ’gold’ (ground truth) answer, (3)
a generated answer which you will score as CORRECT/WRONG.

The point of the question is to ask about something one
user should know about the other user based on their
prior conversations. The gold answer will usually be a
concise and short answer that includes the referenced
topic, for example:
Question: Do you remember what I got the last time I
went to Hawaii?
Gold answer: A shell necklace
The generated answer might be much longer, but you
should be generous with your grading - as long as it
touches on the same topic as the gold answer, it should
be counted as CORRECT.

For time related questions, the gold answer will
be a specific date, month, year, etc. The generated
answer might be much longer or use relative time
references (like "last Tuesday" or "next month"), but
you should be generous with your grading - as long as
it refers to the same date or time period as the gold
answer, it should be counted as CORRECT. Even if the
format differs (e.g., "May 7th" vs "7 May"), consider
it CORRECT if it’s the same date.

Now it’s time for the real question:
Question: {question}
Gold answer: {gold_answer}
Generated answer: {generated_answer}

First, provide a short (one sentence) explanation of
your reasoning, then finish with CORRECT or WRONG. Do
NOT include both CORRECT and WRONG in your response, or
it will break the evaluation script.

Just return the label CORRECT or WRONG in a json
format with the key as "label".

1241
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