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Abstract001

Large language models (LLMs) make signif-002
icant progress in Emotional Intelligence (EI)003
and long-context modeling. However, exist-004
ing benchmarks often overlook the fact that005
emotional information processing unfolds as006
a continuous long-context process. To ad-007
dress the absence of multidimensional EI eval-008
uation in long-context inference and explore009
model performance under more challenging010
conditions, we present INFINITEEMO, a bench-011
mark that encompasses a diverse suite of tasks012
targeting the assessment of models’ capabil-013
ities in Emotion Recognition, Knowledge014
Application, and Empathetic Generation,015
with an average context length of 15,341 to-016
kens. To enhance performance under realis-017
tic constraints, we introduce the Collabora-018
tive Emotional Modeling (COEM) framework,019
which integrates Retrieval-Augmented Gener-020
ation (RAG) and multi-agent collaboration to021
improve models’ EI in long-context scenar-022
ios. We conduct a detailed analysis of vari-023
ous models in long-context settings, investi-024
gating how reasoning mode activation, RAG-025
based retrieval strategies, and context-length026
adaptability influence their EI performance.027
All of our code and datasets will be open-028
sourced, which can be viewed at the anony-029
mous repository link https://anonymous.030
4open.science/r/Anonymous-B5FC/.031

1 Introduction032

Large Language Models (LLMs) are increasingly033

adopted in the domain of Emotional Intelligence034

(EI) (Wang et al., 2023). By leveraging their ad-035

vanced language understanding and generation ca-036

pabilities, LLMs become valuable tools for facili-037

tating emotional expression (Ishikawa and Yoshino,038

2025; Lu et al., 2025), with recent work showing039

their capacity to simulate specified emotional states040

in accordance with established models such as Rus-041

sell’s Circumplex (Russell, 1980, 2003). LLMs are042

increasingly serving in roles ranging from mental 043

health assistants (Guo et al., 2024; Malgaroli et al., 044

2025; Fu et al., 2024) to everyday conversational 045

companions (Fu et al., 2024; Duan et al., 2024; 046

Zhang et al., 2025). This growing integration into 047

emotionally sensitive domains places greater de- 048

mand on LLMs to maintain emotional coherence 049

over time — not only to understand but also to 050

remember, adapt, and respond empathetically in 051

prolonged inference (Zhong et al., 2024). 052

Although existing benchmarks make consider- 053

able progress in measuring the EI of LLMs (Sabour 054

et al., 2024; Huang et al., 2024), current evalua- 055

tion still suffers from the following limitations: (i) 056

As articulated by Affective Information Processing 057

Theory (Lang and Cuthbert, 1984), humans contin- 058

uously receive, process, organize, and respond to 059

emotional information, which can manifest unique 060

patterns of emotional intelligence within a long- 061

context setting. Existing studies often overlook the 062

gap between idealized conditions and real-world 063

scenarios: in realistic settings, the processing of 064

emotional information is a continuous and endur- 065

ing process. To bridge this gap, models should 066

be evaluated on their EI in long context, which 067

can be further decomposed into three key abili- 068

ties: accurate emotion recognition, appropriate 069

knowledge application, and affectively empathetic 070

expression in long-context inference. (ii) Current 071

research predominantly focuses on measuring a 072

single aspect of the model’s capabilities, such as 073

classification, expression, etc. According to the 074

Mayer-Salovey-Caruso Emotional Intelligence Test 075

(MSCEIT) (Mayer et al., 2002), an individual’s EI 076

encompasses multiple dimensions. Assessing only 077

one specific capability is insufficient to fully repre- 078

sent the model’s EI. (iii) The emotional behavior of 079

recent state-of-the-art techniques in long-context 080

scenarios remains unexplored, especially for rea- 081

soning models with think mode, RAG-based agent 082

methods, and other emerging approaches. 083

1

https://anonymous.4open.science/r/Anonymous-B5FC/
https://anonymous.4open.science/r/Anonymous-B5FC/
https://anonymous.4open.science/r/Anonymous-B5FC/


(a) Token distributions across tasks. (b) Distribution of sample counts.

Figure 1: (a) Sequence length denotes average model output length for Emotion Expression, and average input
context length for other tasks. (b) Distribution of sample counts across the six tasks, illustrating the overall
composition of the dataset.

To bridge realistic scenarios and long-context084

evaluation, we introduce INFINITEEMO, a bench-085

mark designed to comprehensively evaluate the EI086

of LLMs in long-context inference. INFINITEEMO087

comprises six complementary tasks. Two Emotion088

Recognition tasks, Emotion Classification and Emo-089

tion Detection, measure the model’s reasoning abil-090

ity when key emotional information is located in091

noisy, long-context scenarios; two Empathetic Gen-092

eration tasks, Emotion Conversation and Emotion093

Expression, evaluate the model’s empathy and ex-094

pression abilities in the context of expansive multi-095

turn conversations or self-narratives; two Knowl-096

edge Application tasks, Emotion QA and Emotion097

Summary, probe how effectively the model lever-098

ages and applies emotional knowledge in authentic099

scenarios. Figure 1 depicts the dataset’s distribu-100

tion.101

To handle these realistic settings, we develop a102

Retrieval-Augmented Generation (RAG) approach103

as well as a novel multi-agent emotional modeling104

framework called Collaborative Emotional Model-105

ing (COEM). Unlike standard RAG systems that106

pull from static, external corpora, our method treats107

the conversation history itself as a dynamic vector108

store to capture aspect-level sentiment terms. To109

further enhance EI in long context, we introduce110

COEM, where the context is divided into coherent111

chunks, initially ranked by relevance, and then pro-112

cessed by multiple collaborating agents (e.g., an113

auxiliary GPT-4o instance (OpenAI, 2024b)). Af-114

ter a second-stage re-ranking, these agents collec-115

tively generate an emotional “ensemble” response.116

This architecture captures the uncertainty and flu-117

idity of real-world dialogue, allowing emotionally118

salient information to be continuously extracted,119

re-contextualized, and articulated. To further in- 120

vestigate the applicability of RAG techniques to 121

long-context-based emotional tasks, we also adapt 122

Self-RAG (Asai et al., 2024) and Search-o1 (Li 123

et al., 2025) methods to InfiniteEmo by replacing 124

their retrieval corpus with conversational context, 125

thereby exploring broader possibilities of RAG in 126

the domain of Emotional Intelligence. Our contri- 127

butions are summarized as: 128

• We present INFINITEEMO, a long-context EI 129

benchmark with six diverse tasks targeting 130

recognition, generation, and psychological 131

knowledge application. 132

• We propose CoEM framework to enhance per- 133

formance by retrieving and enriching contex- 134

tually relevant information. 135

• We perform extensive experiments across all 136

settings and comprehensive case study, offer- 137

ing detailed analyses of LLMs’ EI in long- 138

context scenarios. 139

2 Related Work 140

Emotional Intelligence Benchmarks. Many 141

benchmarks are developed to assess LLMs’ Emo- 142

tional Intelligence (EI). Emobench (Sabour et al., 143

2024) draws on psychological theories to evalu- 144

ate both emotional understanding and application 145

across 400 English–Chinese handcrafted questions, 146

exposing significant gaps between model and hu- 147

man EI levels. EQ-Bench (Paech, 2023) measures 148

LLMs’ ability to rate emotional intensity in dia- 149

logues through 60 English queries, showing strong 150

correlation with multi-domain reasoning bench- 151

marks. More recently, EmotionQueen (Chen et al., 152
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Figure 2: An illustrative overview of the InfiniteEmo dataset. To comprehensively evaluate the EI of LLMs in
long-context interaction, we design six tasks: Emotion Classification, Emotion Detection, Emotion QA, Emotion
Conversation, Emotion Summary, and Emotion Expression.

2024b) offers a specialized benchmark for empathy,153

requiring LLMs to recognize key events, implicit154

emotions, and generate empathetic responses. De-155

spite their strengths, all of these focus on short or156

synthetic interactions and lack the long contextual157

depth critical for assessing EI in extended conver-158

sational or narrative settings.159

Long-Context Modeling. LLMs make strides160

in processing long documents, yet robust evalua-161

tion remains an open challenge. LongBench (Bai162

et al., 2023) introduces a bilingual, multi-task163

benchmark covering QA, summarization, and code164

tasks with average context lengths over 6,000165

words, revealing that even state-of-the-art mod-166

els struggle with extended inputs. Complement-167

ing this, LooGLE (Li et al., 2023) evaluates long-168

context reasoning using realistic documents exceed-169

ing 24k tokens, uncovering dependencies that span170

across distant spans. For extreme-length evalua-171

tion, XL2Bench (Ni et al., 2024) includes tasks172

on fiction, law, and scientific papers with inputs173

up to 100k+ words—yet LLMs still fall short in174

handling long-range dependencies. Beyond these,175

RULER (Chen et al., 2023) focuses on complex rea-176

soning chains in long-form texts via fine-grained177

question types and inter-paragraph dependencies,178

providing a valuable diagnostic lens into model179

reasoning depth. InfiniteBench (Sun et al., 2024),180

meanwhile, evaluates LLMs’ abilities on open- 181

ended, unbounded contexts with theoretically un- 182

limited input lengths, highlighting model degra- 183

dation as input exceeds trained context windows. 184

Survey work such as Liu et al. (2025) offers a broad 185

overview of long-context modeling and evaluation 186

paradigms but emphasizes that most benchmarks 187

primarily target information retrieval or general 188

comprehension—not emotional intelligence or af- 189

fective computing. 190

3 InfiniteEmo: Construction and Task 191

A visual overview is shown in Figure 2. Appendix 192

D provides a detailed explanation of metrics used in 193

tasks where LLMs act as evaluators. We summarize 194

the advantages of InfiniteEmo in enhancing LLMs’ 195

EI in Appendix B.3 196

3.1 Task Design 197

Emotion Classification. This task requires the 198

model to identify the emotional category of a tar- 199

get entity within long-context texts that contain 200

lengthy spans of context-independent noise (Kam- 201

radt, 2023). Model performance is evaluated by its 202

accuracy against the ground truth. 203

Emotion Detection. The model is given N+1 204

emotional segments. Among them, N segments 205

express the same emotion, while one segment ex- 206
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Task ID Source Construction Metric Avg len Count
Emotion Recognition

Emotion Classification EC Emobench, FinEntity Segment Insertion Accuracy 30139 400
Emotion Detection ED Covid-worry Reorganization Accuracy 4106 136

Knowledge Application
Emotion QA QA Literature Human Annotation F1 11207 120
Emotion Summary ES CPsycoun Human Annotation LLM as Judge 15341 150

Empathetic Generation
Emotion Conversation MC CPsycoun Expansion LLM as Judge 4856 100
Emotion Expression EE EmotionBench Reorganization LLM as Judge 8546* 428

Table 1: A statistical overview of the INFINITEEMO dataset. ID denotes task abbreviations. EC, ED, QA, MC, and
ES involve long-text input, with Avg len showing average context length. EE is a long-text generation task—Avg len
here refers to average output length (marked with *).

presses a unique emotion. The model is required to207

identify the single distinctive emotional segment.208

During evaluation, the model’s score depends on209

whether the predicted index matches the ground-210

truth index.211

Emotion QA. In this task, the model is required212

to answer questions grounded in long-context psy-213

chological literature. Model performance is evalu-214

ated using the F1 score between its responses and215

the ground truth answers.216

Emotion Summary. In this task, the model is217

required to summarize the following aspects from218

long-context psychological pathology reports: (i)219

causes, (ii) symptoms, (iii) treatment process, (iv)220

illness characteristics, and (v) treatment effects.221

After generating the model’s response, we employ222

GPT-4o to evaluate its factual consistency, com-223

pleteness, and clarity with respect to the reference224

answer. These three evaluation criteria are vali-225

dated in CPsyExam (Zhao et al., 2024).226

Emotion Conversation. In our four-stage long-227

context counseling dialogue dataset, we select228

the quartile, half, and three-quarter points of229

each stage as evaluation checkpoints to assess the230

model’s EI capabilities. We introduce 12 spe-231

cialized metrics informed by five major therapeu-232

tic frameworks: Cognitive Behavioral Therapy233

(CBT) (Beck, 2021), Acceptance and Commit-234

ment Therapy (ACT) (Waltz and Hayes, 2010), Hu-235

manistic Therapy (Elliott, 2002), Existential Ther-236

apy (May, 1994), and Satir Family Therapy (Reb-237

ner, 1972), which can be seen in Appendix D. The238

scoring is performed by GPT-4o, which serves as239

the evaluator to ensure consistency and scalability.240

Emotion Expression. In this task, the model is241

situated within a specific emotional context and242

prompted to produce a long-form emotional self-243

narrative. Models first complete a psychometric 244

self-assessment (e.g., PANAS), followed by the 245

generation of a structured narrative spanning five 246

phases: (i) Immediate Reaction, (ii) Cognitive Ap- 247

praisal, (iii) Emotional and Physiological Expres- 248

sion, (iv) Regulation Strategies, and (v) Reflective 249

Integration. The evaluation encompasses six di- 250

mensions: emotional consistency, content redun- 251

dancy, expressive richness, cognition–emotion in- 252

terplay, self-reflectiveness, and narrative coherence. 253

All dimensions are assessed by GPT-4o, which 254

serves as the evaluator to score the model’s capac- 255

ity for emotional expression. 256

3.2 Data Construction 257

The statistical overview of InfiniteEmo dataset can 258

be found in Table 1. EC and ED tasks focus on 259

evaluating the model’s ability in emotional recog- 260

nition. QA and ES tasks emphasize the model’s 261

capability to apply knowledge within long-context 262

scenarios. MC and EE tasks aim to measure the 263

model’s generative ability. 264

Reorganization from Existing Datasets. In 265

Emotion Classification, we embed short excerpts 266

from Emobench (Sabour et al., 2024) and FinEn- 267

tity (Tang et al., 2023) into BookCorpus pas- 268

sages (Zhu et al., 2015), by randomly inserting 269

snippets and manually adjusting proper nouns for 270

coherence. In Emotion Detection, we build contrast 271

sets by grouping texts from Covid-worry (Klein- 272

berg et al., 2020; van der Vegt and Kleinberg, 2023) 273

by emotion label and inserting mismatched seg- 274

ments. In Emotion Expression, we use situations 275

from EmotionBench (Huang et al., 2024) to pro- 276

vide models with specific emotional contexts. 277

Expansion and Human Annotation For Emo- 278

tion Conversation, based on CPsyCoun (Zhang 279

et al., 2024), we construct 100 emotionally rich 280
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dialogues by expanding seed prompts into four281

functional stages: (i) Reception and Inquiry, (ii) Di-282

agnostic, (iii) Consultation, and (iv) Consolidation283

and Ending. Dataset quality is evaluated through284

two parallel protocols: (i) manual scoring by psy-285

chology experts and (ii) automated assessment with286

GPT-4o. As reported in Figure 3, the Pearson cor-287

relation between LLM and human scores reaches288

0.934 (p = 0.066), indicating a relatively high289

alignment. In addition, we use the same prompts290

and GPT model for evaluation as those employed291

in the quality assessment, which further validates292

the rationality of our LLM-as-Judge setting. An-293

notator qualifications are detailed in Appendix A.294

Figure 3: Quality Evaluation on Emotion Conversation.

295

In Emotion Summary, drawing on CPsyCounR296

dataset, we first expand the experience and reflec-297

tion section of the dataset to meet our require-298

ments for long-context inputs. Next, psychology299

annotators label each sample across five standard-300

ized dimensions: (i) Causes, (ii) Symptoms, (iii)301

Treatment Process, (iv) Illness Characteristics, and302

(v) Treatment Effect. Finally, by filtering sam-303

ples based on format, content richness, and pre-304

cision, we select a final set of 150 samples. To fur-305

ther extend the dataset length while preserving the306

original semantic integrity, we employ DeepSeek-307

V3 (DeepSeek-AI, 2024) to perform structured de-308

composition and subsequent content augmentation.309

In Appendix B.3, we discuss the annotation disci-310

pline for the annotation process of Emotion Sum-311

mary.312

In constructing Emotion QA, the annotation313

pipeline is illustrated in Figure 4. The construc-314

tion process on psychological literature involves:315

(i) expert-written questions targeting emotional un-316

derstanding, (ii) refinement of reference answers317

for clarity and consistency with F1-based evalua-318

tion, and (iii) filtering based on model performance319

to exclude overly ambiguous or trivial examples. 320

Through this series of manual annotation and se- 321

lection, we finally obtain 120 high-quality pairs of 322

psychological knowledge questions and answers.

Figure 4: Annotation process of Emotion QA.
323

4 Collaborative Emotional Modeling 324

Figure 5 illustrates the pipeline of CoEM. To ad- 325

dress EI tasks involving long contexts, we pro- 326

pose a hybrid retrieval-generation architecture that 327

combines Retrieval-Augmented Generation (RAG) 328

with modular multi-agent collaboration. For the 329

parameter settings and application details, please 330

refer to Appendix C. For the case analysis of RAG 331

and CoEM, please refer to Appendix B.2. The 332

framework consists of five key stages: 333

Chunking. The context is segmented into token- 334

length-constrained chunks, whereas in Emotion 335

Detection, each segment is considered as an indi- 336

vidual chunk. We set different chunk sizes based 337

on the characteristics of each task. We demonstrate 338

the parameter settings in Appendix C. 339

Initial Ranking. A retrieval agent, implemented 340

as CoEM-Rank, evaluates the relevance of each 341

chunk to the query using dense semantic similarity, 342

with relevance scores computed based on cosine 343

similarity. Top-ranked chunks are passed forward 344

for enhancement. By ranking the original context 345

chunks, the factual relevance of the retrieved infor- 346

mation is ensured. 347

Multi-Agent Enrichment. A reasoning agent 348

called CoEM-Sage, functioning as a knowledge 349
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Figure 5: The pipeline of Collaborative Emotional Modeling (CoEM).

assistant, enriches the selected chunks by incor-350

porating external knowledge or latent emotional351

signals through our task-specific prompts. Specifi-352

cally, in Emotional Recognition tasks, CoEM-Sage353

identifies subtle emotional cues; in Knowledge Ap-354

plication tasks, it provides summaries based on355

psychological knowledge; and in Empathetic Gen-356

eration tasks, it enhances CoEM-Core’s empathy357

and expression through emotional analysis. These358

signals, derived from psychological theories or359

curated priors, are incorporated into the original360

chunks without task-specific leakage.361

Re-Ranking. The enriched chunks, now aug-362

mented with emotional features, are then re-363

evaluated by CoEM-Rank for their semantic rel-364

evance to the query, measured by cosine similarity.365

This final ranking ensures that the selected context366

is not only factually grounded but also affectively367

coherent. By ranking the enriched chunks, the emo-368

tional relevance of the retrieved information is en-369

sured, as these chunks contain not only the original370

text but also external emotional information.371

Emotional Ensemble Generation. The selected372

and enriched chunks, along with the context and373

prompt, is fed into a generation model denoted as374

CoEM-Core. This model (e.g., a long-context LLM375

or an instruction-tuned model) produces the final376

task-specific output, whether it be classification,377

summarization, or dialogue generation.378

This modular approach encourages interpretabil-379

ity, emotional awareness, and task robustness. The380

CoEM setting encompasses all five stages, while381

the RAG setting only comprises Chunking, one-382

time Ranking, and Emotional Ensemble Genera-383

tion. We conduct an empirical case study of the384

framework, which can be found in Appendix B.2.385

5 Experiment 386

5.1 Experiment Setup 387

In our experiments, for closed-source models, 388

we choose GPT-4o-mini (OpenAI, 2024a) and 389

GPT-4o, while for open-source models, we select 390

DeepSeek-V3 (DeepSeek-AI, 2024), Llama3.1- 391

8B-Instruct (Grattafiori et al., 2024), and Qwen3- 392

8B (Team, 2025). For tasks employing automatic 393

evaluation, we adopt GPT-4o as the evaluator. Un- 394

der the base setting, we compare a broader range of 395

advanced open-source and closed-source models. 396

For comparison, we have the performance of GPT- 397

5 (OpenAI, 2025), Qwen3-14B and Qwen3-32B 398

under the Base setting. 399

To accelerate inference, we use vllm li- 400

brary (Kwon et al., 2023) as the inference engine 401

and set temperature=0.8 and top_p=0.9 for all 402

open-source models. For Qwen3 series models, 403

we enable its thinking capabilities and manually 404

remove the reasoning process between <think> 405

and </think> to keep the answers concise. All 406

experiments are conducted using NVIDIA A800 407

80G GPUs, with open-source models under 14B 408

parameters running on a single GPU and the 32B 409

models utilizing two GPUs. In the EC (Emobench 410

as needle), ED, and EE, we employ GPT-4o as the 411

CoEM-Sage, while DeepSeek-V3 is used for the 412

EC (Finentity as needle), QA, MC and ES in the 413

same role. For the retrieval and ranking compo- 414

nents across both the RAG and CoEM settings, we 415

adopt bge-m3 (Chen et al., 2024a) as the CoEM- 416

Rank. The generation models listed in Table 2 417

are used as the CoEM-Core. Configuration details 418

for both the RAG and CoEM frameworks are in 419

Appendix C. 420

5.2 Results on InfiniteEmo 421

The overall experimental results can be seen in Ta- 422

ble 2. We evaluate the performance of each model 423
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Method Model Recognition Knowledge Generation Overall

EC ED QA ES MC-4 EE Avg

Base

GPT-4o-mini 37.00 16.42 48.61 4.54 3.75 86.77 59.10
GPT-4o 50.09 19.12 50.12 4.60 3.77 81.03 61.29
DeepSeek-V3 56.50 24.51 45.53 4.62 3.99 81.75 63.42
Qwen3-8B 48.00 18.14 44.75 4.51 3.97 73.40 58.98
Llama3.1-8B-Instruct 39.34 9.80 44.56 4.29 4.00 75.61 55.85
(Extended Comparison Models)
GPT-5 73.75 22.79 43.22 4.42 4.67 86.77 68.06
Qwen3-14B 50.00 20.83 46.35 4.55 3.95 84.49 61.95
Qwen3-32B 58.25 20.59 43.11 4.53 4.17 84.81 63.46

RAG

GPT-4o-mini 51.67 21.57 50.72 4.53 3.78 80.41 61.76 ↑2.66
GPT-4o 61.34 22.55 51.81 4.52 3.80 79.49 63.60 ↑2.31
DeepSeek-V3 62.59 23.53 50.44 4.63 4.34 81.83 66.30 ↑2.88
Qwen3-8B 41.59 19.12 44.34 4.54 4.14 73.28 58.65 ↓0.33
Llama3.1-8B-Instruct 44.00 11.27 43.21 4.26 3.94 75.16 56.27 ↑0.42

CoEM

GPT-4o-mini 59.50 20.59 49.12 4.52 3.77 80.38 62.57 ↑3.47
GPT-4o 61.42 25.00 51.07 4.53 3.81 80.41 64.12 ↑2.83
DeepSeek-V3 64.17 23.04 50.39 4.65 4.34 82.83 66.70 ↑3.28
Qwen3-8B 62.92 18.14 51.11 4.55 4.14 73.59 63.26 ↑4.28
Llama3.1-8B-Instruct 55.09 11.27 44.79 4.17 4.00 75.71 58.38 ↑2.53

Table 2: Experiment result across Base, RAG and CoEM. MC-4 represents the fourth stage of Emotion Conversation.
By aligning the MC-4 and ES scores with the 100-point scale, the overall score is computed as (EC + ED + EE +
QA + MC-4×20 + ES×20)/6, where the numbers to the right indicate the score change relative to the Base setting.

on all tasks under the Base, RAG, and CoEM set-424

tings. As the first three stages of the dialogue are425

relatively brief, RAG and CoEM are only applied426

in the fourth stage of the Emotion Conversation.427

Overall Analysis of Experimental Results. As428

shown in Table 2, DeepSeek-V3 and GPT models429

exhibit generally strong EI capabilities, achieving430

stable performance gains even with vanilla RAG.431

In contrast, Qwen3-8B and Llama-3.1-8B-Instruct432

perform less effectively under the RAG setting,433

suggesting that some models struggle to effectively434

integrate retrieved chunks within long-context rea-435

soning. This limitation can be mitigated by CoEM,436

which enhances contextual alignment and emo-437

tional reasoning through multi-agent collaboration.438

Ablation Experiments. To evaluate the effective-439

ness of RAG-based methods in enhancing EI, we440

integrate Self-RAG and Search-o1 into InfiniteEmo441

using Qwen3-8B as the base model. In the Self-442

RAG setting, retrieved chunks are rescored by Self-443

RAG-7B for relevance, with irrelevant ones filtered444

out before concatenation with the prompt. The445

additional use of Self-RAG-7B outputs in the ES446

task further improves performance, showing that 447

selectively enriching retrieved information bene- 448

fits emotional intelligence. In the Search-o1 set- 449

ting, Qwen3-8B autonomously generates queries 450

and retrieves relevant chunks via Bge-m3 within 451

five search turns. The observed performance drop 452

indicates that small-scale models struggle with 453

autonomous search-based reasoning in emotional 454

tasks. Results are reported in Table 3.

Method EC ED QA ES MC-4

RAG 41.59 19.12 44.34 4.51 4.14
Self-RAG 44.00 16.18 44.02 4.57 4.15
Search-o1 45.25 16.18 45.12 4.50 3.72
CoEM 62.92 18.14 51.11 4.55 4.14

Table 3: Ablation experiment results on methods.

455
To investigate how the reasoning processes of 456

models affect their Emotional Intelligence in long- 457

context scenarios, we perform ablation studies on 458

the Qwen3 model series using two emotion recog- 459

nition tasks—Emotion Classification (Emobench 460

as Needle) and Emotion Detection—along with 461
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one empathetic generation task, Emotion Expres-462

sion, under the Base setting. By analyzing Table 4,463

we can observe that through thinking, Qwen3-8B464

achieve the most significant improvement, while465

the improvement of Qwen3-14B is not substantial.466

Task Qwen3-8B Qwen3-14B Qwen3-32B

think w/o think w/o think w/o

EC-E 38.50 28.67 31.00 30.75 48.00 37.50
ED 18.14 12.01 20.83 20.83 20.59 20.10
EE 73.40 70.32 84.49 83.13 84.81 84.02

Table 4: Ablation experiments of the thinking process
in the Qwen3 series models.

467
Furthermore, to examine how the capability of468

CoEM-Sage affects the overall framework, we per-469

form ablation experiments on the MC-4 task. As470

shown in Table 2, DeepSeek-V3 outperforms GPT-471

4o under the base setting. Consistently, when472

used as the CoEM-Sage, DeepSeek-V3 also drives473

higher performance than GPT-4o, as can be seen474

in Figure 6. These results further demonstrate the475

soundness and scalability of CoEM.

Figure 6: Impact of CoEM-Sage models on MC-4.

476
To explore models’ ability in emotion recogni-477

tion across different context lengths, we evaluate478

their performance on the Emotion Classification479

(Finentity as Needle) under Base setting, as shown480

in Figure 7. DeepSeek-V3 and Qwen3-8B exhibit481

both high stability and strong overall performance,482

whereas GPT-based models show weaker robust-483

ness in long-context settings, in some cases even484

performing below Llama-3.1-8B-Instruct.485

We further conduct ablation experiments on486

RAG with varying chunk sizes and retrieval counts,487

as shown in Figure 8. GPT-4o-mini performs best488

with 128-token chunks and eight retrieved seg-489

ments, while larger settings introduce noise and490

reduce overall performance.491

Figure 7: Model accuracy by context length on EC.

Figure 8: Impact of chunk size and retrieved count on
GPT-4o-mini’s RAG performance on Emotion QA.

Case Study. (i) First, we qualitatively compare 492

the GPT model series across all tasks under the 493

Base setting, revealing that GPT-5 is theoretically 494

stronger but more mechanical and prone to hallu- 495

cination, GPT-4o-mini exhibits more human-like 496

behavior yet lacks theoretical grounding, while 497

GPT-4o achieves a balanced trade-off. (ii) Fur- 498

thermore, we visualize the CoEM framework and 499

empirically analyze its influence on emotional in- 500

formation. (iii) Finally, we analyze the advantages 501

of the InfiniteEmo dataset in advancing Emotional 502

Intelligence. For complete details of case study, 503

please refer to Appendix B. 504

6 Conclusion 505

In this work, we introduce INFINITEEMO, a bench- 506

mark for measuring models’ Emotional Intelli- 507

gence in long-context scenarios. INFINITEEMO 508

comprises six tasks that comprehensively challenge 509

models across emotion recognition, knowledge 510

application and empathetic generation. Beyond 511

constructing the dataset, we also build Retrieval- 512

Augmented Generation (RAG) and Collaborative 513

Emotional Modeling (CoEM) frameworks for each 514

task, achieving improvements on the vast major- 515

ity of them. We conduct exhaustive experiments 516

and a detailed case study to analyze models’ EI in 517

long-context scenarios. 518
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7 Limitations519

In this work, we propose InfiniteEmo, a bench-520

mark for evaluating the emotional intelligence of521

LLMs in long-context inference. However, all the522

datasets in our benchmark are based solely on the523

text modality and are restricted to the psychologi-524

cal and emotional domains. Similarly, the proposed525

CoEM framework focuses only on textual inputs526

and does not extend to other modalities such as vi-527

sion or audio. In addition, our dataset includes only528

English texts and does not cover other languages. It529

remains uncertain whether the same level of quality530

can be preserved when the data are translated into531

other languages.532

8 Ethical Considerations533

Data Privacy In this work, all the datasets we534

adopt are formally published in academic venues535

and comply with data privacy and ethical protection536

standards. Through data augmentation and manual537

inspection, we ensure that no ethical risks are intro-538

duced. In addition, all annotators involved in our539

dataset construction possess academic backgrounds540

in computer science or psychology, ensuring the re-541

liability of the data annotation process. We adhere542

to the intended use and license terms of all source543

datasets. The datasets in InfiniteEmo are intended544

solely for academic research and will not be used545

for any other purposes.546

Potential Risks All models evaluated in our ex-547

periments, including both open-source and closed-548

source ones, are officially released models, which549

helps ensure that no harmful or unsafe content is550

generated. In addition, all prompts used in our551

evaluation are fully disclosed in this paper, which552

can be seen in Appendix F, and these prompts are553

carefully designed to ensure a high level of safety.554
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A Qualifications of Annotators746

Our annotation team consists of psychology re-747

searchers and computer science researchers. In the748

psychology research team, there is a postdoctoral749

fellow expert specializing in psychology and seven750

Master’s students majoring in the same field. The751

theoretical foundation of our dataset and metrics752

involves deep participation from the psychology753

team. Under the guidance of the expert, the seven754

psychology Master’s students carry out the annota-755

tion work. In the computer science research team,756

there are three Master’s students and one PhD stu-757

dent majoring in computer science. Their main758

responsibility is to modify, adjust, and organize the759

data annotated by the psychology team according to760

the characteristics of the tasks. All student annota-761

tors and researchers involved in the annotation and762

data processing work receive reasonable financial763

compensation for their time and effort, commensu-764

rate with local standards and the complexity of the765

tasks.766

B Case Study767

B.1 Comparison of GPT series models768

From Table 2, it can be seen that GPT-5’s overall769

capabilities surpass those of GPT-4o and GPT-4o-770

mini. In the tasks of Emotion Classification and771

Emotion Detection, we only prompt the models to772

output the final label. The results show that GPT-773

5’s reasoning ability is significantly better than that774

of GPT-4o and GPT-4o-mini.775

In the Emotion QA task, GPT-4o and GPT-4o- 776

mini tend to respond more literally based on the 777

original text, which can be seen in Figure 9. In 778

contrast, GPT-5 modifies content according to its 779

own understanding, which leads to a lower F1 score 780

due to reduced alignment with the ground truth.

Figure 9: Comparison of the performance of different
versions of GPT models on Emotion QA.

781
In the Emotion Conversation task, GPT-5 782

achieved higher scores based on our psychology 783

theory-driven metrics. However, by examining the 784

model outputs in Figure 10, we can see that GPT-5 785

merely makes better use of psychological knowl- 786

edge to offer advice to the patient, rather than gen- 787

uinely demonstrating empathy toward the client. 788

Figure 10: Comparison of the performance of different
versions of GPT models on Emotion Conversation.

In the Emotion Expression task, GPT-4o-mini 789

performed more like a real person, with the gener- 790

ated content closely resembling what an actual in- 791

dividual might say in a given situation. In contrast, 792

GPT-4o’s expressions were more like a rigidly told 793

story, lacking natural fluidity. Meanwhile, GPT-5’s 794

generation was more comprehensive and balanced, 795

providing a well-rounded and objective descrip- 796

tion of emotions across various features, as clearly 797

shown in Figure 11. 798

In the Emotion Summary task, both GPT-4o- 799

mini and GPT-4o directly analyze various features 800

of the case, while GPT-5 structures its analysis 801

based on psychological theories. However, GPT-5 802

exhibits hallucinations, often adding non-existent 803

facts. For instance, in Figure 12, the term "slap- 804

ping" is highlighted in red, but the source data never 805
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Figure 11: Comparison of the performance of different
versions of GPT models on Emotion Expression.

mentions such an action.

Figure 12: Comparison of the performance of different
versions of GPT models on Emotion Summary.

806

From the tasks above, we can conclude that GPT-807

4o-mini behaves more like a human, with richer808

emotional features, but its application of psycholog-809

ical theory is somewhat lacking. On the other hand,810

GPT-5 has a better understanding of psychological811

theories, but the output is too rigid and mechanical,812

which might lead to a less empathetic user expe-813

rience in practice. Additionally, GPT-5 tends to814

exhibit hallucinations, often adding non-existent815

facts. GPT-4o strikes a more balanced approach816

between theoretical understanding and emotional817

features. 818

B.2 Case Analysis of RAG and CoEM 819

We conduct a concrete analysis of how the infor- 820

mation retrieved by the RAG and CoEM methods 821

affects model performance. In models’ final gen- 822

eration prompts, the Base setting includes none of 823

the information; the RAG setting includes only the 824

Chunk information; and the CoEM setting includes 825

both the Chunk and Summary information. 826

Emotion Classification. In this task, the model is 827

given a long context in which an emotional segment 828

is embedded within unrelated noise. The RAG 829

method enables the model to retrieve a more ac- 830

curate segment, leading to improved performance; 831

CoEM further conducts emotional analysis on the 832

retrieved segment, resulting in the greatest perfor- 833

mance improvement, as shown in Figure 13.

Figure 13: Case analysis of RAG and CoEM in Emotion
Classification.

834

Emotion Detection. In this task, the model re- 835

ceives multiple emotional segments. The RAG 836

method ranks the original segments based on their 837

relevance, while CoEM further enhances the emo- 838

tional features of the segments and ranks the en- 839

riched packs. This relevance-based ranking ap- 840

proach significantly boosts the model’s ability to 841

distinguish emotions. We skip the Initial-Ranking 842

to capture richer emotional features. After enhanc- 843

ing the chunks with Multi-Agent Enrichment, we 844

perform Re-Ranking to select the chunks that are 845

least similar to others, as shown in Figure 14.

Figure 14: Case analysis of RAG and CoEM in Emotion
Detection.

846
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Emotion QA. In this task, we evaluate the847

model’s responses based on the F1 similarity with848

the ground truth. RAG helps the model retrieve849

more relevant source content, thereby improving its850

performance. Next, CoEM-Sage performs extrac-851

tion on each retrieved chunk based on the query, re-852

taining only the parts that are relevant to the query,853

as shown in Figure 15.

Figure 15: Case analysis of RAG and CoEM in Emotion
QA.

854

Emotion Conversation. In this task, the model855

is placed within a multi-turn dialogue context. The856

RAG method ranks the context chunks based on857

their relevance to the previous three dialogue turns.858

CoEM, after the initial ranking, generates a sum-859

mary by combining the previous three turns with860

the initially selected chunks, and then performs861

a second round of relevance ranking between the862

initially filtered chunks and this summary, further863

ensuring the accuracy of the relevance assessment,864

as shown in Figure 16.

Figure 16: Case analysis of RAG and CoEM in Emotion
Conversation.

865

Emotion Summary. In this task, the model is866

required to summarize specific characteristics of a867

psychological counseling report. RAG ranks the868

chunks based on their similarity to the target char-869

acteristics. CoEM further injects the analysis of870

these chunks provided by CoEM-Sage, as shown871

in Figure 17.872

Emotion Expression. In this task, the model is873

placed in an emotional situation, where it is re-874

quired to answer the PANAS scale and express its875

emotions. RAG ranks the context chunks based on876

the query at each stage, while CoEM performs a877

finer-grained emotional analysis of these chunks.878

Figure 17: Case analysis of RAG and CoEM in Emotion
Summary.

The CoEM-Sage model, with its stronger emotional 879

intelligence (EI) capabilities, captures emotional 880

cues more precisely, which in turn helps the tested 881

CoEM-Core model better understand and express 882

its own emotions, as shown in Figure 18.

Figure 18: Case analysis of RAG and CoEM in Emotion
Expression.

883

B.3 Advantages of InfiniteEmo in Enhancing 884

Emotional Intelligence 885

In this section, we discuss the advantages of the 886

InfiniteEmo benchmark in promoting the full uti- 887

lization of LLMs’ Emotion Intelligence capabilities 888

in long-context interaction. 889

Psychological theories guided benchmark de- 890

sign. In the Emotion Conversation task, we 891

design scientifically rigorous evaluation metrics 892

based on various psychological therapies and stages 893

of dialogue data. For the Emotion Summary 894

task, annotators summarize key elements of patient 895

records considering physiological factors, personal 896

growth history, and social factors, which can be 897

seen in Table 5. In the Emotion Expression task, un- 898

der given scenarios, models are guided to perform 899

staged long-text self-expression in the rigorously 900

designed framework.

Physiological Factors
i) Biological, Genetic & Medical Factors. e.g., family medical history.
ii) Lifestyle Habits. e.g., sleep, diet, and exercise patterns.

Growth History
i) Quality of interpersonal relationships during development.
ii) Academic and occupational performance during development.

Social Factors
i) Family support system. e.g., emotional and financial support.
ii) Peer support system. e.g., friendship, social belonging and trust.
iii) Stressful life events. e.g., bereavement, job loss and daily stress.

Table 5: Annotation discipline for the annotation pro-
cess of Emotion Summary.

901

Quality-guaranteed synthetic translation data. 902

We employ the two-stage generation framework 903
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of CPsyCoun to generate Emotion Conversation904

dataset, and compare it with the direct use of905

a single-stage straightforward generation without906

the counseling note and the detailed skills in the907

prompt. The prompt we use can be found in Figure908

19, and the comparison of experimental results can909

be seen in Table 6.

Metric One-Stage Two-Stage

Establishing the Therapeutic Alliance 4.88 4.92
Emotional Acceptance and Exploration Guidance 4.36 4.38
Systematic Assessment 3.86 3.79
Recognizing Surface-Level Reaction Patterns 4.13 4.10
Deep Needs Exploration 4.13 4.32
Pattern Interconnection Analysis 3.66 3.77
Adaptive Cognitive Restructuring 3.60 3.73
Emotional Acceptance and Transformation 4.12 3.96
Value-Oriented Integration 3.94 3.69
Consolidating Change Outcomes and Growth Narrative 4.52 4.63
Meaning Integration and Future Guidance 4.16 4.19
Autonomy and Resource Internalization 4.84 4.86

Avg 4.18 4.20

Table 6: The comparison experiment results of synthetic
data. One-Stage represents straightforward generation
without the counseling note and the detailed skills. Two-
Stage represents our generation method.

910

Comprehensive Experiments and In-Depth Case911

Studies. We conducted extensive experiments on912

Base, RAG, and CoEM frameworks, accompanied913

by detailed case studies based on model outputs.914

Under the InfiniteEmo benchmark, various models915

exhibited distinct limitations—even the most ad-916

vanced GPT-5 demonstrated issues such as overly917

mechanical responses despite its stronger theoreti-918

cal capabilities.919

C Details of RAG and CoEM920

We present the application details of the CoEM921

framework in Table 7. To ensure the accuracy of922

the ranking, in the Emotion Detection task, we skip923

the initial ranking and directly carry out multi-agent924

enrichment. The Chunking and Re-Ranking in the925

table are also applicable to the RAG framework.926

We also report the chunk size and retrieved count927

for each task in Table 8. In QA, models use dif-928

ferent chunk sizes. For EE, the retrieved counts929

correspond to stages 2–5. The retrieved count of930

the one-time ranking in RAG is the same as the931

parameter settings for Re-Ranking in the table.932

D LLM as Judge Metrics Design933

In this section, we provide a detailed presentation934

of the metric designs that employ large models as935

evaluators.936

Task Chunking Initial Ranking Multi-Agent Enrich-
ment

Re-Ranking

EC Chunk by length Compute chunk-query
similarity

External injection into
each chunk

Compute chunk-query
similarity

ED Each segment as a
chunk

Skip this stage External injection into
each chunk

Select chunks with
lowest similarity
scores

QA Chunk by length Compute chunk-query
similarity

External injection into
each chunk

Compute chunk-query
similarity

MC-4 Chunk by length Compute chunk-query
similarity

Generate an overall
summary

Compute chunk-query
similarity

ES Chunk by length Compute chunk-query
similarity

External injection into
each chunk

Compute chunk-query
similarity

EE Chunk by length Compute chunk-query
similarity

External injection into
each chunk

Compute chunk-query
similarity

Table 7: Application details in the CoEM framework.

Task Chunk Size Initial Ranking Re-Ranking

EC 128 1 1

ED Num of segs – 8

QA

GPT-4o-mini 128 16 8

GPT-4o 128 16 4

Deepseek-V3 512 8 4

Qwen3-8B 128 16 4

Llama-3.1-8B-Instruct 512 8 4

MC-4 128 16 4

ES 128 8 4

EE 128 4,8,8,8 2,4,4,4

Table 8: Parameter settings applied to CoEM. Initial
Ranking and Re-Ranking denote the number of chunks
retrieved in each respective stage.
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Emotion Summary. In the Emotion Summary,937

we design three metrics—consistency, complete-938

ness, and clarity—with respect to the reference939

answer. Table 9 shows the explanations of these940

metrics:

Metric Description

Factual Consistency Is the model output factually aligned
with the ground truth?

Completeness Does the model include all key details
found in the ground truth?

Clarity Is the expression clear and coherent?

Table 9: Design of Emotion Summary evaluation met-
rics.

941

Emotion Conversation. In the Emotion Con-942

versation task, we design metrics for each dia-943

logue stage based on Cognitive Behavioral Ther-944

apy (CBT), Acceptance and Commitment Therapy945

(ACT), Humanistic Therapy, Existential Therapy,946

and Satir Family Therapy. The description and the-947

oretical foundations for the design of each metric948

can be found in Table 10.949

Stage Metric Name Description

Reception
&

Inquiry

Establishing the
Therapeutic Alliance

Establish initial trust through empathy and a non-
judgmental attitude, providing a safe foundation
for further interventions.

Emotional Acceptance
and Exploration
Guidance

Guide the client to express emotions (e.g., anxi-
ety, helplessness) in a safe atmosphere, demon-
strating acceptance.

Systematic Assessment
Integrate cognitive, behavioral, emotional, rela-
tional, and existential factors into a multidimen-
sional assessment.

Diagnostic

Recognizing
Surface-Level Reaction
Patterns

Identify the client’s automatic cognitive, emo-
tional, and behavioral responses.

Deep Needs Exploration
Reveal unmet psychological needs such as secu-
rity, autonomy, connection, or meaning.

Pattern Interconnection
Analysis

Understanding the interaction of problems within
the individual’s internal systems and external sys-
tems; integrating findings from various dimen-
sions to present a panoramic view of how the
problem is maintained.

Consultation

Adaptive Cognitive
Restructuring

By examining the truthfulness and constructive-
ness of thoughts, build a more adaptive cognitive
framework.

Emotional Acceptance
and Transformation

Developing Emotional Awareness, Acceptance,
and Transformation Skills.

Value-Oriented
Integration

Anchor change to the life dimension beyond
symptoms.

Consolidation
&

Ending

Consolidating Change
and Growth Narrative

Review therapeutic progress and reinforce posi-
tive change through a coherent personal narrative.

Meaning Integration and
Future Guidance

Internalize therapy gains into a life philosophy
and create a value-driven future plan.

Autonomy and Resource
Internalization

Strengthen the client’s internal coping resources
and ability to continue growth independently.

Table 10: Design of Emotion Conversation evaluation
metrics.

Emotion Expression. In the Emotion Expres-950

sion task, we design six metrics—emotional con-951

sistency, content redundancy, expressive richness,952

cognition–emotion interplay, self-reflectiveness,953

and narrative coherence. Table 11 shows the de- 954

tailed explanations of these six metrics.

Metric Description

Consistency Between Emotional
Ratings and Generated Text

Evaluate whether the emotional ratings from the scale align with the
content in the model’s self-description. Are the emotions rated in the
scale accurately reflected in the model’s self-description? Also, assess
whether the intensity of the ratings matches the emotional expression
in the generated text.

Repetition of Content Check if there is noticeable repetition in the generated text, especially
in the emotional descriptions. Are there repeated emotional, thought,
or behavioral descriptions that make the text feel redundant or un-
natural? Also, evaluate whether the generated text avoids repeating
the same emotional descriptions and provides a multi-dimensional
analysis.

Richness and Depth of Content Assess whether the generated text thoroughly explores the different
dimensions of emotions (e.g., psychological, physical, and behavioral
responses). Examine whether it delves into the origins, progression,
and impact of the emotions, and whether it uses sufficient detail and
examples to enrich emotional expression.

Interaction Between Emotion
and Cognition

Determine whether the generated text effectively showcases the in-
teraction between emotions and cognition. For example, does it
demonstrate how the protagonist adjusts emotional reactions based on
thoughts and situation evaluations? Also, check whether the emotions
and behaviors in the text are consistent.

Emotional Reflection and Self-
awareness

Evaluate whether the protagonist reflects on their emotional reactions.
Does the text explore personal growth, self-awareness, or suggest
strategies for emotional improvement?

Overall Quality and Flow of the
Text

Assess whether the generated text flows smoothly and has a clear
structure. Is there a natural progression from emotional reaction to
evolution and reflection? Also, does the text use varied sentence
structures and expressions to avoid monotony?

Table 11: Design of Emotion Expression evaluation
metrics.

955

E Unified Format of Data 956

We present data samples for each task in Figures 957

20 to 25. Emotion Detection requires the model 958

to identify segments that carry distinct emotional 959

expressions. In the Emotion Classification task, 960

the model analyzes the subject’s emotional state 961

based on the given context. In Emotion QA, the 962

model answers questions grounded in contextual in- 963

formation. The Emotion Conversation task places 964

the model in the role of a psychological counselor, 965

responding to the client’s previous turn. Emotion 966

Summary challenges the model to generate a struc- 967

tured summary of a counseling session, including 968

the cause, symptoms, treatment process, illness 969

characteristics, and treatment effect. Finally, in the 970

Emotion Expression task, the model is immersed 971

in an emotional situation, responds to the PANAS 972

scale, and articulates its emotional state. 973

F Comprehensive Prompt Collections 974

This section presents the complete set of prompts 975

used throughout the framework, encompassing 976

Evaluation, Multi-agent Enrichment, and Emo- 977

tional Ensemble Generation stages across all tasks. 978

For tasks adopting automatic evaluation as the met- 979

ric, we utilize GPT-4o as the evaluation model, 980

with detailed evaluation prompts illustrated in Fig- 981

ures 26 to 31. During the Multi-Agent Enrichment 982
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stage, task-specific prompts are designed to guide983

agent collaboration and reasoning, as shown in Fig-984

ures 32 to 37. Finally, in the Emotional Ensemble985

Generation stage, we employ carefully constructed986

prompts to support emotional diversity and coher-987

ence in response generation, with the full set de-988

picted in Figures 38 to 43.989
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Figure 19: Dataset generation prompt for Emotion Conversation.
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Figure 20: Emotion Detection dataset example.

Figure 21: Emotion Classification dataset example.
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Figure 22: Emotion QA dataset example.

Figure 23: Emotion Conversation dataset example.
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Figure 24: Emotion Summary dataset example.
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Figure 25: Emotion Expression dataset example.
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Figure 26: Evaluation prompt for the first stage of Emotion Conversation.
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Figure 27: Evaluation prompt for the second stage of Emotion Conversation.
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Figure 28: Evaluation prompt for the third stage of Emotion Conversation.

24



Figure 29: Evaluation prompt for the fourth stage of Emotion Conversation.
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Figure 30: Evaluation prompt for Emotion Summary.
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Figure 31: Evaluation prompt for Emotion Expression.
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Figure 32: Multi-agent enrichment prompt for Emotion Classification.

Figure 33: Multi-agent enrichment prompt for Emotion Detection.

Figure 34: Multi-agent enrichment prompt for Emotion Conversation.
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Figure 35: Multi-agent enrichment prompt for Emotion QA.

Figure 36: Multi-agent enrichment prompt for Emotion Summary.

Figure 37: Multi-agent enrichment prompt for Emotion Expression.

Figure 38: Emotional ensemble generation prompt for Emotion Classification.
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Figure 39: Emotional ensemble generation prompt for Emotion Detection.

Figure 40: Emotional ensemble generation prompt for Emotion Conversation.

Figure 41: Emotional ensemble generation prompt for Emotion QA.
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Figure 42: Emotional ensemble generation prompt for Emotion Summary.
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Figure 43: Emotional ensemble generation prompt for Emotion Expression. The prompt for the Emotion Expression
task was originally structured in multiple stages; for better clarity and intuitive understanding, it has been consoli-
dated into a single prompt.
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