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Abstract001

Identifying personality from dialogue can im-002
prove interpretability and adaptability for hu-003
man–computer interaction and psychological004
assessment. Existing research focuses on mod-005
eling emotional trajectories and interaction pat-006
terns from entire dialogue, failing to predict per-007
sonality from the specific evidence, which may008
serve as key clues for reasoning and enabling009
accuarate personality prediction. How to es-010
tablish an adaptive iterative mutual reinforcing011
mechanism between evidence and personality012
is a key challenge. This paper proposes a Gen-013
erative–Discriminative Feedback Refinement014
mechanism for dialogue-based personality pre-015
diction, it constructs a hierarchical dialogue016
graph to jointly model the speaker’s role, con-017
textual dependencies, and heterogeneous inter-018
action relationships for evidence utterance min-019
ing. Then, the generator simulates evidence ut-020
terances at different trait levels, and the discrim-021
inator derives a consistency-based judgement022
between the generated and original utterances023
to refine the initial LLM-based prediction. And024
the updated prediction is fed back to the graph025
model via bidirectional iterative optimization,026
improving interpretability and overall perfor-027
mance. Experimental results on public dataset028
demonstrate that the proposed method achieves029
the best performance over the state-of-the-art030
model.031

1 Introduction032

With the rapid development of online communi-033

cation platforms, people communicate and inter-034

act with others through dialogue, expressing their035

attitudes and emotions. During the process, the036

emotional trajectories and interaction patterns of037

different participants reveal their underlying per-038

sonality traits. Identifying personality from dia-039

logue automatically can improve interpretability040

and adaptability for downstream applications, such041

as enhancing the intelligence of human–computer042

Figure 1: Example of evidence utterance mining and
evidence-based reasoning for personality prediction.

interaction systems and increasing the reliability of 043

social behavior analysis and psychological state in- 044

ference (Redelmeier et al., 2021; Attig et al., 2017). 045

Existing studies primarily focus on uncovering 046

social media users’ personality traits from their 047

posts. Some researches adopted pre-trained lan- 048

guage models to learn language patterns (Xue et al., 049

2018), emotional expressions (Ren et al., 2021), 050

and semantic features (Devlin et al., 2019). D- 051

DGCN (Yang et al., 2023a) and KEHG (Song et al., 052

2025) captured underlying structural relationships 053

in text based on graph neural networks. Large lan- 054

guage models (LLMs) (V Ganesan et al., 2023; 055

Yang et al., 2023b) have demonstrated strong zero- 056

shot capabilities and reasoning abilities. Recently, 057

personality identification based on dialogue data 058

has garnered increasing research attention (Bhan- 059

dari et al., 2025). Heterogeneous graph networks 060

were proposed to capture contextual influences 061

(Fu et al., 2024) and fuse speaker features from 062

multiple dialogues (He et al., 2025). To enhance 063

interpretability of personality recognition, CoPE 064

(Sun et al., 2024) first introduced evidence utter- 065

ances that reflect speakers’ emotional fluctuations 066

and interaction patterns, and fine-tuned large mod- 067

els. However, they ignored the associations among 068

evidence utterances, sperkers’role, scenario atmo- 069

sphere and personality, which may serve as key 070

clues for reasoning and enabling accuarate person- 071

ality prediction. 072

For example, as shown in Figure 1, in a tense 073
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and conflictual interaction, B, the ex-husband of A,074

bought a gift for their child, but A repeatedly and075

intensely questioned him (1, 5, 8). In the face of076

A’s intense criticism and questioning, B remained077

calm and rational, clearly expressing support for078

his child’s interests (utterances 9 and 10). These ut-079

terances reflect B’s emotional stability and explain080

the reasons why identify him as low neuroticism.081

Based on the above analysis, modelling the rela-082

tionship between evidence and personality in dia-083

logue scenario faces several key challenges: First,084

to achieve reliable evidence sentence mining, it is085

necessary to jointly model the speaker’s role, con-086

textual dependencies, and heterogeneous interac-087

tion relationships. Second, it is crucial to improve088

the LLMs personality inference by considering the089

Big Five Inventory and evidence utterances. Fi-090

nally, the coupling of evidence utterance mining091

and personality prediction may lead to cumulative092

errors and mutual misguidance. Thus, how to estab-093

lish an adaptive iterative mutual reinforcing mech-094

anism is important.095

To address these challenges, we propose a Gener-096

ative–Discriminative Feedback Refinement mech-097

anism for dialogue-based personality prediction,098

enabling bidirectional optimization between evi-099

dence utterance mining and personality inference.100

Specifically, a hierarchical dialogue graph is first101

constructed to capture connections between utter-102

ances and personality traits, thereby extracting103

evidence utterances that support both personality104

prediction and interpretability. Then, a Genera-105

tive–Discriminative mechanism enhances LLM-106

based personality prediction by evaluating the con-107

sistency between personality level-specific gener-108

ated content and the original evidence utterances.109

Finally, the refined prediction is fed back to update110

the graph model’s representations, enabling itera-111

tive mutual reinforcement and improving robust-112

ness in complex dialogues. The main contributions113

are as follows:114

• To the best of our knowledge, this paper is the115

first to propose an evidence-guided collabora-116

tive optimization method for dialogue-based117

interpretable personality prediction.118

• The proposed framework utilizes a Generative-119

Discriminative Feedback Refinement mecha-120

nism to jointly optimize graph and LLM mod-121

ule using the other module’s outputs, achiev-122

ing interpretable personality prediction.123

• Experimental results demonstrate that the pro- 124

posed method achieves the best performance 125

in personality prediction, with a 1.72% im- 126

provement over the state-of-the-art model. 127

2 Related Work 128

Traditional personality prediction methods primar- 129

ily rely on explicit linguistic features, such as 130

LIWC (Tausczik and Pennebaker, 2010) and bag- 131

of-words models (Zhang et al., 2010). With the 132

rapid advancement of deep learning, a range of 133

neural architectures, including CNN (Xue et al., 134

2018), LSTM (Tandera et al., 2017), and Trans- 135

former (Leonardi et al., 2020), have been exten- 136

sively adopted for personality prediction and have 137

yielded obvious improvements over earlier ap- 138

proaches. In particular, pretrained language models 139

such as BERT (Devlin et al., 2019) provide more 140

effective feature extraction than traditional meth- 141

ods (Arijanto et al., 2021; Jun et al., 2021) and 142

reach better performance. However, because these 143

approaches often struggle to model complex struc- 144

tured relations, graph neural networks have there- 145

fore been introduced to capture the associations 146

underlying text, achieving improved results (Song 147

et al., 2025; Yang et al., 2023a; Yang et al., 2021). 148

More recently, LLMs have shown strong poten- 149

tial for personality prediction due to their zero-shot 150

capability and chain-of-thought reasoning (V Gane- 151

san et al., 2023; Yang et al., 2023b). Some methods 152

leverage LLMs to extract personality-related fea- 153

tures from multiple perspectives (Hu et al., 2024; 154

Yeo et al., 2025), while others fine-tune LLMs in 155

this specific domain to improve performance (Ma 156

et al., 2025; Shen et al., 2025; Sun et al., 2024). 157

However, feature extraction alone may not fully 158

capture complex personality traits, and fine-tuning 159

LLMs is usually computationally intensive, limit- 160

ing their practicality in real-world applications. 161

Dialogues, as a common form of daily interac- 162

tion, have attracted increasing attention from re- 163

searchers in personality prediction. With the re- 164

lease of personality conversational datasets such as 165

CPED (Chen et al., 2022), personality recognition 166

in conversations has emerged as a more practical 167

and important research paradigm. Methods like 168

HC-GNN (Fu et al., 2024) and SH-Transformer 169

(Han et al., 2023) model inter-speaker relations and 170

utterance-level textual context to extract diverse 171

personality cues from dialogues, and SAH-GCN 172

(He et al., 2025) introduces utterance-level affec- 173

tive information via contrastive learning to further 174
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Figure 2: Overall architecture of the proposed model.

capture fine-grained semantic differences. More175

recent work, such as CoPE (Sun et al., 2024), con-176

structs new inference dataset and improves LLMs177

on dialogue-based personality recognition through178

fine-tuning. However, most existing methods adopt179

an end-to-end paradigm and overlook intermediate180

evidence in the prediction process, which limits181

both their accuracy and interpretability. Besides,182

LLM-based approaches may also suffer from per-183

formance instability due to their overconfidence.184

Different from the above works, we intro-185

duce personality evidence utterance mining as186

an intermediate task, and adopt a Genera-187

tive–Discriminative Feedback Refinement mech-188

anism to enable bidirectional co-evolution between189

the graph model and the LLM at both the mecha-190

nistic and parameter levels. This design achieves191

high-performance and interpretable personality pre-192

diction.193

3 Methodology194

The architecture of the proposed model, which con-195

sists of two main components: a hierarchical het-196

erogeneous graph–based evidence utterance min-197

ing module and an explicit evidence-aligned LLM198

personality prediction module, is shown in Fig-199

ure 2. The graph module employs a graph convo-200

lutional network (GCN)(Kipf and Welling, 2017)201

to identify utterances that strongly reflect personal-202

ity traits and feeds the results as prompts to the203

LLM. Here, the evidence utterance mining for204

a specific trait is formulated as a sequence-level205

binary classification, judging each utterance for206

showing clear personality indications or not. Then,207

the personality prediction module uses a Genera- 208

tive–Discriminative Feedback Refinement mecha- 209

nism to refine the LLM’s initial predictions based 210

on mined evidence. This task is formulated as a 211

five-dimensional, three-class classification for each 212

user, assessing each Big Five trait as high, low, or 213

indeterminate. The LLM’s outputs are also fed 214

back to update the graph model’s parameters. By 215

mutually influencing each other in a cyclical opti- 216

mization process, the two modules achieve simulta- 217

neous improvements in both personality prediction 218

performance and interpretability. 219

3.1 Graph-based Evidence Mining 220

In dialogue scenarios, mining evidence utterances 221

reflecting speakers’ affective dynamics and com- 222

munication patterns allows model predictions to 223

be grounded in semantically meaningful text seg- 224

ments, thereby enhancing the interpretability and 225

transparency of personality classification results. 226

Motivated by this insight, the proposed method 227

constructs a hierarchical heterogeneous graph over 228

dialogue data modeling speakers’ roles and interac- 229

tions to identify key evidence utterances, improving 230

both prediction performance and interpretability. 231

Specifically, for each input dialogue instance, 232

the dialogue utterances and personality represen- 233

tations are jointly modeled as a hierarchical het- 234

erogeneous graph, denoted as G = {V,E}, where 235

V is the set of nodes and E denotes the edges be- 236

tween them. The graph contains three types of 237

nodes, {Va, Vb, Vp}, corresponding to utterances 238

from speaker A, utterances from speaker B, and 239

representation nodes of the five personality traits, 240

respectively. 241
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For the constructed graph, we employ a two-242

layer GCN to capture both the similarities among243

text nodes and the associations between texts and244

personalities. By leveraging local graph structural245

information, the GCN enriches the feature repre-246

sentations encoded in node embeddings, thereby247

producing global node representations H for per-248

sonality evidence utterance mining:249

H = Ã ·ReLU(ÃXW1)W2, (1)250

Ã = D− 1
2 (I +A)D− 1

2 , (2)251

[D]ii =
∑
j

[A]ij , (3)252

where A denotes the adjacency matrix encoding the253

graph connectivity, X represents the initial node254

embeddings, W1 and W2 are trainable parameters.255

For the embedding matrix X, the feature vectors256

of all nodes are generated using a pre-trained BERT257

model. Specifically, dialogue nodes take the cor-258

responding texts as input, while personality nodes259

use the textual descriptions of the corresponding260

traits from the Big Five Inventory-2 (BFI-2)(Soto261

and John, 2017; Zhang et al., 2022) psychologi-262

cal inventory as input. All inputs are encoded by263

BERT, and the output [CLS] vectors are used as264

the initial feature embeddings of the nodes.265

For the adjacency matrix A, the edges among266

nodes mainly encode three types of relations:267

within speakers, between speakers, and personality-268

related edges. As shown in Figure 2, utterances269

from the same speaker are sequentially connected270

according to their speaking order, modeling the271

temporal dependency and logical continuity of the272

utterance sequence. Inter-speaker edges are con-273

structed only when a speaker switch occurs (e.g.,274

speaker B replies with utterance i+ 1 immediately275

after speaker A’s utterance i), in order to capture276

reply relations and cross-speaker information flow277

in the dialogue. For edges associated with person-278

ality nodes, each of the five personality nodes is279

connected to all utterance nodes from the target280

speaker, which serves as the basis for mining ev-281

idence relations between specific utterances and282

target personality traits. In addition, all personality283

nodes are also fully connected with each other to284

align the representation space across different per-285

sonality dimensions and to prevent feature vectors286

from becoming outliers. All edges are undirected,287

so an edge between nodes i and j is denoted as 288

[A]ij = [A]ji = 1, and 0 otherwise. 289

After obtaining the global node representations 290

H, the proposed method computes the cosine simi- 291

larity between the feature vectors of all utterance 292

nodes from the target speaker, denoted as Htar , 293

and those of the five personality nodes, denoted 294

as Hper. An utterance is then identified as an 295

evidence utterance for a given personality trait if 296

the corresponding similarity score exceeds a prede- 297

fined threshold θ, which is initially set to 0.5 and is 298

subsequently adjusted based on feedback from the 299

personality prediction module. 300

The predicted results ypred are then compared 301

with the ground-truth labels ŷ with binary cross- 302

entropy as the loss function to optimize the param- 303

eters of the graph and the upstream BERT: 304

L = −ypredlog(ŷ)− (1− ypred) log(1− ŷ). (4) 305

By continuously updating the model parameters 306

until convergence, the evidence utterance mining 307

results for the current iteration are obtained. These 308

results will serve as auxiliary prompt information 309

for the personality prediction module, guiding and 310

refining the subsequent classification process. 311

3.2 Generative–Discriminative Enhanced 312

Personality Prediction 313

Building upon the evidence utterance information 314

that captures users’ interaction behaviors and trait- 315

relevant signals, a Generative–Discriminative Feed- 316

back Refinement mechanism is then proposed. It 317

focuses on evidence indicative of distinct personal- 318

ity traits to constrain and revise the initial person- 319

ality predictions p̂ produced by the LLM, thereby 320

enhancing both accuracy and interpretability. 321

Specifically, this mechanism reformulates the 322

original personality level prediction task as deter- 323

mining which personality level yields the strongest 324

consistency with the evidence utterance, thereby 325

converting the classification decision into a sim- 326

pler distance comparison problem. The mechanism 327

consists of three components: a Generator, a Dis- 328

criminator, and a Feedback loop. The Generator 329

produces different texts corresponding to all per- 330

sonality levels based on the extracted evidence ut- 331

terance, while the Discriminator infers the specific 332

personality level represented by original utterance 333

based on the differences between it and the gener- 334

ated texts. Finally, the Feedback loop aggregates 335
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all the outputs of both the Generator and the Dis-336

criminator to re-estimate the speaker’s personality337

traits and correct the basic prediction results.338

For the generation component, an utterance Gen-339

erator is constructed to simulate dialogue content340

conditioned on different levels of personality traits.341

In this process, the Generator adopts a Counter-342

factual Reasoning mechanism and leverages the343

LLM’s capability for personality alignment to sim-344

ulate alternative evidence utterance formulations345

under different trait levels using the dialogue his-346

tory. Specifically, for the t-th utterance ut in cur-347

rent dialogue, the Generator considers five person-348

ality traits and, for each trait in turn, simulates the349

t-th utterance content u
′
t under three personality350

level conditions—high, low, and not exhibiting the351

trait—based on the preceding t-1 utterances:352

u′t = Generator(u1 . . . ut−1, trait, level). (5)353

Subsequently, the Discriminator is employed to354

analyze the generated content for each trait and se-355

lects the most reliable personality level based on its356

deviation from the original utterance. Specifically,357

the Discriminator adopts an LLM-as-a-Judge ap-358

proach, in which a LLM assigns scores to quantify359

the distance between statements generated under360

different trait levels and the original evidence utter-361

ance. The trait level associated with the simulated362

utterance with the shortest distance is then taken as363

the prediction pt for t-th evidence utterance:364

Distt,level,trait = ScoreLLM (ut, u
′
t), (6)365

pt = argmin
level

(Distt,level). (7)366

Finally, the Feedback loop aggregates the trait367

level prediction results produced in the Discrimina-368

tion component for all evidence utterances. It then369

applies a voting scheme to obtain an updated trait370

level for current dialogue under the corresponding371

personality trait. For those origin p̂ whose level372

is not labeled as unknown, the Feedback loop fur-373

ther refines them using this newly updated level,374

yielding the final personality distribution of the375

personality prediction module:376

p̂trait =

{
p̂trait, if p̂trait = unknown,

argmax
∑m

i=1 I (pi = pj), otherwise.
(8)377

where I(·) denotes the indicator function, which 378

takes value 1 if the condition in parentheses holds 379

and 0 otherwise. m is the total number of evidence 380

utterances in the dialogue. 381

3.3 Iterative Evidence-Personality 382

Optimization 383

To achieve dynamic mutual reinforcement between 384

the two tasks while avoiding cumulative errors 385

and mutual misguidance, the proposed method per- 386

forms iterative optimization of the two modules ac- 387

cording to the following strategy to simultaneously 388

improving model performance and interpretability. 389

First, the initial predictions of both evidence ut- 390

terance mining task and personality prediction task 391

are obtained, which serve as supervisory signals 392

for generating optimization cues for the other mod- 393

ule. For the evidence utterance mining task, the 394

predicted results ypred are determined based on the 395

comparison between the node similarity score and 396

the threshold θ described in Section 3.1. 397

For the personality prediction task, a base agent 398

is first constructed to generate the basic results for 399

personality prediction. The prompt is augmented 400

with the content of the BFI-2 into the prompt, and 401

perform personality prediction over the original 402

dialogue in a zero-shot setting: 403

p̂ = BasicAgent(Dialogueraw, BFI − 2), (9) 404

where p̂ denotes the predicted result of personalities 405

and serves as the basic prediction result for LLM. 406

Leveraging the initial predictions from the two 407

tasks, the proposed method first utilizes the Gener- 408

ative–Discriminative Feedback Refinement mech- 409

anism to refine the LLM’s personality predictions 410

and obtain updated results. Then, it further uses the 411

newly generated predictions to adjust the evidence 412

utterance decision threshold θ in the evidence ut- 413

terance mining module, providing feedback that 414

improves the extraction of evidence utterances: 415

θ′trait = σ(MLP(p̂trait)). (10) 416

With the threshold updated, the graph model 417

performs inference again, and the newly mined 418

evidence utterances are then used to further re- 419

fine the personality prediction module. The above 420

procedure is repeated until both modules stabilize, 421

yielding predictions that are both reliable and inter- 422

pretable, along with the corresponding evidence. 423
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4 Experiment Setup424

4.1 Dataset425

We evaluate our framework on PersonalityEvd (Sun426

et al., 2024), a dataset with evidence utterance anno-427

tations built from the Chinese emotional dialogue428

corpus CPED (Chen et al., 2022). Grounded in the429

BFI-2, this dataset covers five traits—Openness,430

Conscientiousness, Extraversion, Agreeableness,431

and Neuroticism—with trait level annotations per432

dialogue, and provides evidence utterance IDs. Fol-433

lowing the original setting, we split the data into434

train/val/test set with a 7:1:2 ratio.435

4.2 Baseline436

We compare the proposed model with three groups437

of baseline methods: (1) Content-based models, (2)438

Relation-based models, and (3) LLM-based mod-439

els, which are detailed as follows:440

Content-based Methods441

• TextCNN (Kampman et al., 2018): This442

method adopts a tri-modal CNN that fuses443

audio, visual, and textual features from video444

clips for personality prediction. We use its445

text-channel CNN as a baseline.446

• BERT (Devlin et al., 2019): This Method uses447

a pretrained BERT-base-chinese model to ex-448

tract global semantic features from dialogues449

and then applies a two-layer MLP to output450

personality predictions.451

Relation-based Methods452

• HC-GNN (Fu et al., 2024): This method pro-453

poses a graph to model speaker relations and454

enhances diversity via data interpolation, then455

applies multi-layer attention to fuse heteroge-456

neous features for personality prediction.457

• DSIG (Xie et al., 2025): This method con-458

structs a heterogeneous graph over utterances,459

dialogue, and speakers, and improves struc-460

tural awareness via a dynamic graph and pre-461

training on dialogue discourse parsing.462

• SAH-GCN (He et al., 2025): This method463

builds an utterance-level heterogeneous graph464

focusing on target speaker, and adopts465

emotion-enhanced contrastive learning to mit-466

igate semantic similarity issues.467

• KEHG (Song et al., 2025): This method con-468

structs a graph over posts, words, and multiple469

external knowledge, and models associations 470

via global multi-view graph encoding to ob- 471

tain aggregated personality trait predictions. 472

LLM-based Methods 473

We evaluate several mainstream LLMs, including 474

GPT-4-Turbo (OpenAI, 2025), Claude-4-Sonnet 475

(Anthropic, 2025), and Deepseek-V3 (DeepSeek- 476

AI et al., 2025), under a zero-shot inference setting 477

to assess their performance on the task of dialogue- 478

based personality prediction. As a competitive fine- 479

tuning-based approach, we also include Qwen3-8B 480

(Team, 2025), which is parameter-efficiently fine- 481

tuned with LoRA (Hu et al., 2022) for comparison. 482

In addition, we adopt CoPE (Sun et al., 2024) as 483

a baseline tailored to conversational settings. It 484

constructs chain-of-thought data and combines it 485

with fine-tuning, representing a leading approach 486

for dialogue-based personality prediction. 487

4.3 Implementation Details 488

The experiments were conducted on a single 489

NVIDIA A100 GPU (40GB PCIe). The model 490

is implemented using PyTorch and trained for 50 491

epochs by AdamW with an initial learning rate of 492

2e-5 for BERT and 1e-4 for the GCN and a dropout 493

ratio of 0.5. BERT-base-chinese is used to generate 494

node embeddings. The hidden dimension of all 495

GCN layers is 256. For LLM inference, we set the 496

temperature to 0.7 for the Generator, and 0.0 for the 497

Discriminator. All hyperparameters are tuned over 498

the validation set to obtain the optimized results. 499

5 Experiment Results 500

5.1 Personality Prediction Performance 501

We compared the proposed model with all baseline 502

models for personality prediction, using the accu- 503

racy of each trait as well as the average accuracy 504

across all traits as evaluation metrics. All experi- 505

ments were repeated five times with random seeds, 506

and the averaged results are reported in Table 1. 507

Among different types of methods, content- 508

based models showed relatively low performance, 509

with average accuracies of 55%–58%. BERT im- 510

proved over TextCNN but only marginally, indi- 511

cating a limitation of modeling personality solely 512

from text semantics. Relation-based models per- 513

formed better, with KEHG achieving 61.27%, a 514

5.66% improvement over BERT, showing the ben- 515

efit of structural modeling. LLM-based models 516

showed substantial accuracy improvements, with 517
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Model Personality Accuracy (%) std.dev
Avg. OPN CON EXT AGR NEU (percent point, pp)

TextCNN 54.85 70.52 71.07 51.52 39.39 41.77 13.64
BERT 57.99 71.28 65.05 53.29 47.40 52.94 8.79
HC-GNN 50.78 50.83 50.61 50.15 48.76 53.50 1.54
DSIG 56.20 71.07 66.94 50.69 47.38 44.90 10.70
SAH-GCN 58.35 70.80 70.80 56.20 48.76 45.18 10.77
KEHG 61.27 70.25 70.25 59.78 50.69 55.10 7.92
GPT 60.33 72.18 62.53 46.28 60.33 60.33 8.28
Claude 60.61 68.60 64.19 53.44 60.33 56.47 5.39
Deepseek 63.52 79.83 67.31 57.22 62.01 51.25 9.73
Qwen 66.34 79.61 69.42 62.53 60.88 59.23 7.49
CoPE 66.45 75.48 68.87 63.39 63.36 61.15 5.18
Ours + GPT 63.69 71.35 63.09 60.88 65.79 57.35 4.72
Ours + Deepseek 67.44 74.38 68.60 65.01 69.15 60.06 4.75

Table 1: Overall results of the proposed and baseline models in the personality prediction task.

Model Personality F1 score (%) std.dev (pp)Avg. OPN CON EXT AGR NEU
GPT 75.92 83.49 86.17 60.33 73.85 75.76 9.05
Claude 67.53 74.72 75.49 58.53 68.65 60.26 7.07
Deepseek 77.28 90.67 86.97 74.61 72.53 61.63 10.47
CoPE 75.94 - - - - - -
Ours 85.56 92.34 90.08 83.98 78.03 83.37 5.11

Table 2: Overall results of the proposed and baseline models in the evidence utterance mining task.

average accuracies ranging from 60% to 66%. The518

best baseline model CoPE reached 66.45%, reflect-519

ing their strong ability to capture high-level seman-520

tic and personality cues. Among all baselines, the521

proposed method with Deepseek achieved the best522

result at 67.44%, surpassing the second-best CoPE523

by 1.72%, and improving over GPT or Deepseek524

alone by 5.57% and 6.17%, respectively, demon-525

strating its effectiveness.526

In addition, the proposed model can also re-527

duce performance variance across different per-528

sonality traits, yielding more balanced predictions.529

As shown in Table 1, except for HC-GNN, which530

performs poorly with accuracies all around 0.5,531

most models achieve the highest accuracy on Open-532

ness, followed by Conscientiousness, while the re-533

maining traits show noticeably lower performance.534

The standard deviation of accuracy across the five535

traits exceeds 7.5pp for most models, with only536

Claude and CoPE achieving lower values of 5.39pp537

and 5.18pp, respectively. This imbalance arises538

because the dataset is derived from scripted dia-539

logues, where OPN and CON are often consistently540

emphasized to shape character identities. How-541

ever, other traits fluctuate with situational factors,542

leading to ambiguous decision boundaries and fre-543

quent misclassification due to LLM overconfidence. 544

By leveraging the Generative–Discriminative Feed- 545

back Refinement mechanism, the proposed method 546

effectively mitigates overconfidence-induced er- 547

rors, reducing the accuracy variance to 4.72pp, and 548

lead to reductions of 42.00% and 51.18% compared 549

to using the original LLMs alone. 550

5.2 Evidence Utterance Mining Performance 551

To evaluate the effectiveness of the proposed 552

method in enhancing the interpretability of person- 553

ality prediction, we further compare it with differ- 554

ent LLM-based strategies on the evidence utterance 555

mining task. The results are reported in Table 2. 556

The proposed method achieves the highest F1 score 557

of 85.56%, outperforming the second-best model 558

Deepseek by 10.71%, demonstrating its reliability 559

in mining personality-related evidence utterances 560

and its effectiveness for interpretable personality 561

prediction. Moreover, consistent with the person- 562

ality prediction task, our method also alleviates 563

performance imbalance across personality traits 564

in evidence utterance mining, reducing the stan- 565

dard deviation of F1 scores across the five traits by 566

27.72% compared to the second-best result. These 567

findings indicate that the proposed approach not 568
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Method Acc F1
GPT w/o graph 60.33 59.99
GPT w/ graph 63.69 64.30
Deepseek w/o graph 63.52 63.90
Deepseek w/ graph 67.44 68.34

Table 3: LLM personality prediction results.

Method Acc F1
only graph 78.55 83.10
w/ GPT 83.73 84.95
w/ Deepseek 84.07 85.56

Table 4: Graph evidence utterance mining results.

only reaches higher overall performance but also569

exhibits greater cross-trait stability and robustness,570

substantially improving its practical applicability571

and interpretability reliability.572

5.3 Impact of Bidirectional Optimization573

To examine the effectiveness of the proposed bidi-574

rectional iterative optimization strategy, we further575

compare the performance of each module before576

and after being refined by the other module. Specifi-577

cally, Table 3 reports the performance of two LLMs578

on the personality prediction task when used in-579

dependently and when collaboratively optimized580

with the proposed graph module. Incorporating the581

graph module leads to accuracy improvements of582

5.57% and 6.17%, and F1 score gains of 7.18%583

and 6.95% for GPT and Deepseek, respectively,584

demonstrating the significant benefit of inferring585

personality traits based on reliable evidence utter-586

ances. Table 4 presents the results for the evidence587

utterance mining task, comparing the stand alone588

graph-based classifier with versions refined by GPT589

and Deepseek. Compared to using the graph model590

alone, introducing GPT and Deepseek yields accu-591

racy improvements of 6.59% and 7.03%, and F1592

score increases of 2.23% and 2.96%, respectively,593

indicating that feedback from personality predic-594

tion can also enhance the reliability of evidence595

mining. Overall, these bidirectional reinforcing596

improvements validate the effectiveness of the pro-597

posed framework.598

5.4 Case Study599

Figure 3 illustrates a scenario for Agreeableness600

recognition, where Speaker B must respond to a601

request to enter a restricted broadcasting station.602

Facing this dialogue’s diverse emotional signals603

and complex contextual conditions, because the604

graph model associates utterances with personality605

Figure 3: Example of iterative optimization for refining
personality prediction on Agreeableness.

traits only during the evidence utterance mining, 606

so that the initial mining produces a noisy set of 607

candidate evidence utterances, which makes it dif- 608

ficult to resolve conflicting cues in such a setting. 609

And initial personality prediction also occurs mis- 610

understanding. In contrast, the LLM’s assessment 611

of the personality trait level can be used to improve 612

the precision of evidence utterance mining, guid- 613

ing the graph model to focus on the core evidence 614

that genuinely reflects the trait, the compromis- 615

ing behaviors (U7, U8, U9). In the subsequent 616

Generative-Discriminative Feedback Refinement, 617

the model confirms Speaker B’s exception-making 618

behavior exhibits high empathy and flexibility. As 619

a result, the final prediction is corrected to High 620

Agreeableness, highlighting the framework’s abil- 621

ity to capture personality traits in complex contexts 622

via iterative refinement, and demonstrating the ef- 623

fectiveness of bidirectional iterative enhancement 624

between evidence and personality. 625

6 Conclusion 626

This paper proposes a Generative–Discriminative 627

Feedback Refinement mechanism for dialogue- 628

based personality prediction. A bidirectional it- 629

erative optimization framework is constructed with 630

a graph model for evidence utterance mining and 631

a Feedback Refinement mechanism for personal- 632

ity prediction. Extensive experiments on public 633

datasets validate the effectiveness of the proposed 634

framework. 635
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Limitations636

The proposed method collaboratively optimizes the637

graph module and LLM module by leveraging their638

respective classification outputs. Although its ef-639

fectiveness has been validated across multiple ex-640

periments, several limitations still remain. First,641

the current framework integrates the predictions642

of each module in a unified manner. More ad-643

vanced encoder-decoder or mixture-of-expert struc-644

ture could be explored to further enhance module645

interaction. In addition, to maintain a clear focus646

on the core research questions of the effectiveness647

of the proposed framework, this work does not648

conduct an exhaustive exploration of all possible649

LLM variants or fine-tuning strategies, nor does it650

include a detailed quantitative analysis of model651

size and computational cost. These aspects will be652

explored in future work.653

Ethical Statement654

Personality recognition can enable sensitive pro-655

filing and may be misused for surveillance, ma-656

nipulative targeting, or discriminatory decision-657

making (e.g., hiring, insurance, or credit scoring).658

Errors in trait inference may also lead to unfair659

treatment or psychological harm, particularly in660

high-stakes contexts. Our experiments are con-661

ducted on a research benchmark (PersonalityEvd,662

derived from CPED), and we do not claim deploy-663

ment readiness. Models trained on such data may664

reflect dataset-and-annotation-specific biases and665

may not generalize across populations, domains,666

or languages. We therefore recommend restricting667

use to research and other low-stakes settings with668

meaningful human oversight, avoiding integration669

into high-impact decision pipelines, and conduct-670

ing additional evaluations of fairness, robustness,671

and privacy risks prior to any real-world deploy-672

ment.673
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