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Abstract001

Retrieval-Augmented Generation (RAG) can002
undermine empathetic dialogue when retrieved003
content is contextually or emotionally mis-004
aligned, leading the model to uncritically rely005
on retrieved documents as its response—a fail-006
ure mode we term “Knowledge Intrusion.” To007
mitigate this, we propose CARE (Conflict-008
Aware Reasoning for Empathy), which syn-009
ergizes Intent-Gated Retrieval and Latent010
Critique to ensure relevance, reinforced by011
Conflict-Aware DPO to enhance robustness012
against noisy contexts. Experiments on Empa-013
theticDialogues and ESConv demonstrate that014
CARE outperforms strong baselines, achiev-015
ing F1 score gains of 7.3%–33.1% while main-016
taining high robustness, evidenced by a Con-017
text Rejection Score (CRS) exceeding 70%.018
Our code is available at https://anonymous.019
4open.science/r/CARE-FA8B.020

1 Introduction021

Empathetic dialogue systems are fundamental to022

human-centric AI, aiming to provide emotional sup-023

port and companionship (Rashkin et al., 2019; Liu024

et al., 2021). While existing approaches, ranging025

from fine-tuned models (Majumder et al., 2020;026

Li et al., 2022b; Knob et al., 2025) to Large Lan-027

guage Models (LLMs) (Qian et al., 2023; Touvron028

et al., 2023; Ye et al., 2025a; Wang et al., 2025a),029

have mastered conversational fluency, a critical util-030

ity gap remains. Specifically, these systems often031

prioritize emotional mimicry by retrieving similar032

dialogue exemplars (Majumder et al., 2020; Yang033

et al., 2024b) rather than concrete solutions, thereby034

confining responses to safe but generic platitudes035

(e.g., “I am sorry to hear that”) (Tu et al., 2022).036

To bridge this gap, Retrieval-Augmented Gener-037

ation (RAG) (Lewis et al., 2020) has emerged as a038

promising solution to inject actionable information.039

However, naively applying RAG to empathetic con-040

versation introduces the risk of knowledge intru-041

sion (Shi et al., 2023). As illustrated in Figure 1,042

Standard RAG

CARE

(Ours)

Insensitive & Misaligned 

(Personality Mismatch)

User I feel so lonely... it's hard to 

meet people."

“…According to WikiHow, you should go to 

a LOUD BAR and SHOUT at people to 

make friends!..." 

“…Since you are introverted, loud bars might 

be draining. How about a quiet book club 

instead?..."

Empathetic & Constructive 

(Conflict Resolved)

Retrieval doc 

How to be the 

Life of the Party

[Emotion: Lonely] 

[Trait: Introverted]

“1. Go to a LOUD bar !”

"2. SHOUT to be heard! ”…

Conflict Detected! 

′Loud bar′ ≠ ′Introvert′ 

→ IGNORE 

Figure 1: Motivating Example: Resolving Empathy-
Utility Conflicts. CARE outperforms Standard RAG
under 100% noise by rejecting irrelevant evidence. The
case study demonstrates how CARE avoids empathy-
utility conflicts (e.g., “loud bar” for an introvert) that
Standard RAG blindly adopts.

standard RAG models often suffer from an uncriti- 043

cal over-reliance on retrieved contexts (Yoran et al., 044

2023; Shi et al., 2023). When the retrieved content 045

is conflicting, the model mechanically forces this 046

information into the response, thereby disrupting 047

the emotional rapport. This highlights a funda- 048

mental distinction from QA tasks: while factual 049

adherence is critical in QA, empathetic dialogue 050

requires a discriminative rejection mechanism to 051

discard knowledge when it conflicts with the user’s 052

persona or emotional state (Asai et al., 2024). 053

To overcome these limitations, we propose 054

CARE (Conflict-Aware Reasoning for Empathy), 055

a unified framework designed to dynamically re- 056

solve conflicts between retrieved documents and 057

the user’s current state via a cascaded cognitive ar- 058

chitecture. CARE employs Intent-Gated Retrieval 059
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to determine retrieval necessity and Conflict-Aware060

Reasoning (formulated as a verbalized Latent Cri-061

tique) to logically reject noise, further aligned us-062

ing a specialized Conflict-Aware DPO objective063

to explicitly distinguish pertinent advice from re-064

trieval noise. Experimental results on Empathet-065

icDialogues and ESConv demonstrate that CARE066

delivers superior performance compared to compet-067

itive baselines, achieving F1 score gains of 7.3%–068

33.1% while maintaining high robustness with a069

Context Rejection Score (CRS) exceeding 70%.070

In summary, our contributions are threefold: (1)071

We propose CARE, a conflict-aware framework072

that mitigates “knowledge intrusion” via a cascaded073

mechanism of Intent-Gated Retrieval and Latent074

Critique. (2) We introduce a Conflict-Aware DPO075

strategy trained on synthesized noise, which aligns076

the model to robustly reject irrelevant contexts with-077

out degrading conversational fluency, effectively078

mitigating the alignment-performance trade-off. (3)079

Distinct from black-box RAG models, we external-080

ize the reasoning process via a sequential analyze-081

critique-decide mechanism to transparently justify082

retrieval decisions and enhance interpretability.083

2 Related Work084

Empathetic and Emotional Support Generation.085

Research has evolved from basic emotion recog-086

nition to complex support strategies. Early mod-087

els, primarily evaluated on EmpatheticDialogues088

(Rashkin et al., 2019), relied on static emotion la-089

bels to guide generation. The field has shifted to-090

ward more sophisticated, counseling-style support091

strategies pioneered by ESConv (Liu et al., 2021).092

Recent LLM-based approaches, such as SoulChat093

(Chen et al., 2023) and SMILE (Qiu et al., 2024),094

further refine these strategies via fine-tuning (Wan095

et al., 2025) or role-playing (Ye et al., 2025b). How-096

ever, the closed-book nature of these approaches097

limits their ability to provide actionable advice for098

complex problems, leaving a gap between emo-099

tional resonance and practical problem-solving.100

Retrieval-Augmented Generation for Dialogue.101

While prior works (Cai et al., 2020; Li et al., 2022b)102

utilize retrieval, they are typically confined to his-103

tory or commonsense, lacking specialized domain104

knowledge. To address this, Knowledge-Grounded105

Dialogue (KGD) (Dinan et al., 2018) and Retrieval-106

Augmented Generation (RAG) (Lewis et al., 2020)107

have emerged as standard paradigms. Research has108

expanded from encyclopedic facts to long-horizon109

interactions (Liu et al., 2024; Wang et al., 2025b) 110

and procedural assistance using instruction cor- 111

pora (Qian et al., 2025). Nevertheless, standard 112

RAG systems typically follow a rigid “retrieve- 113

then-generate” paradigm. They assume that re- 114

trieved context is consistently helpful and lack in- 115

trinsic mechanisms to judge whether the informa- 116

tion matches the user’s state. 117

Robustness and Safety Alignment in RAG. In 118

practical applications, robustness methods, such 119

as Active RAG (Jiang et al., 2023b), Self-RAG 120

(Asai et al., 2024), and reasoning-enhanced strate- 121

gies (Tang et al., 2025), have been developed to 122

handle noise and optimize retrieval performance. 123

However, existing research predominantly focuses 124

on factual consistency, preventing hallucinations 125

in QA tasks. Similarly, safety alignment works 126

like Llama 2-Chat (Touvron et al., 2023) employ 127

refusal training to mitigate objective harm (e.g., 128

toxicity or illegality) but overlook the nuance of 129

“emotional safety.” This oversight leads to rigid 130

scenarios where models force external advice re- 131

gardless of contextual alignment, failing to balance 132

information delivery with necessary emotional sup- 133

port. Such accurate but misaligned advice results 134

in “knowledge intrusion” (Shi et al., 2023) or syco- 135

phancy (Wei et al., 2023), disrupting the supportive 136

tone. Recent analyses also highlight that RAG can 137

paradoxically compromise safety properties (An 138

et al., 2025). 139

3 Methodology 140

In this section, we propose Conflict-Aware Reason- 141

ing for Empathy (CARE), a unified framework to 142

resolve empathy-utility conflicts by dynamically 143

integrating external knowledge only when neces- 144

sary. By utilizing a latent critique mechanism to 145

filter out inappropriate and misaligned evidence, 146

CARE delivers precise assistance while effectively 147

preserving emotional resonance. As in Figure 2, 148

CARE operates via a three-stage inference pipeline: 149

(1) Dynamic User Profiling, (2) Intent-Gated Re- 150

trieval, and (3) Conflict-Aware Reasoning and 151

Generation (via Latent Critique). To equip CARE 152

with these capabilities, we additionally introduce 153

Conflict-Aware Alignment, a training-only cur- 154

riculum that improves robustness under retrieval 155

conflicts. 156
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Figure 2: The overall framework of CARE. The inference process follows three main stages: (1) Dynamic User
Profiling, (2) Intent-Gated Retrieval, and (3) Conflict-Aware Reasoning & Generation. Additionally, we illustrate
the Conflict-Aware Alignment strategy (training-only) used to enforce robustness against knowledge intrusion.

3.1 Problem Formulation157

Let H =
(
(u1, r1), . . . , (ut−1, rt−1)

)
denote the158

past dialogue history, and ut denote the current159

user utterance. The goal is to generate the target160

response y. We assume a retrieval over a knowl-161

edge base K providing a candidate document set162

D. To guide generation, we introduce two latent163

variables: P capturing the user’s internal state, and164

z for evaluating retrieved information utility. The165

objective is to learn a policy πθ (parameterized by166

a Large Language Model) defining the conditional167

distribution. We formulate the generation of y as a168

latent variable model:169

Pθ(y | H) =
∑
P,z

Pϕ(P | H)

· Pθ(z | H,P,D) · Pθ(y | H,P,D, z),

(1)170

where D is the retrieved context. We approximate171

Eq. 1 by estimating the optimal profile p̂ and rea-172

soning trace ẑ via greedy decoding or beam search.173

Pϕ(P | H) denotes the profile extraction distribu-174

tion induced by a pre-trained extractor with fixed175

weights ϕ.176

3.2 Overview of Proposed Model177

Figure 2 outlines CARE. Given history H, CARE178

first infers a structured profile p̂ (Stage 1) and de-179

cides retrieval necessity (Stage 2). If activated,180

CARE reformulates an intent-aware query to re-181

trieve documents D; otherwise, D = ∅ to avoid182

knowledge intrusion. Stage 3 integrates retrieval183

and reasoning: conditioned on context, CARE per- 184

forms self-reflective reasoning to produce a critique 185

trace ẑ and a utility decision ddec, guiding the final 186

response y. Finally, we introduce Conflict-Aware 187

Alignment, a training-only curriculum to enforce 188

robustness against conflicting retrieval. 189

3.3 Dynamic User Profiling 190

To ensure personalized empathy, utilizing a frozen 191

extractor Mprof (parameterized by ϕ), we extract 192

a token sequence p = (p1, . . . , pk, pk+1, . . . , pm), 193

where the initial segment (p1, . . . , pk) represents 194

the user’s emotional state e, and the remaining to- 195

kens (pk+1, . . . , pm) represent the user’s person- 196

ality traits T . The optimal profile sequence p̂ is 197

obtained by maximizing the joint probability con- 198

ditioned on the dialogue history H: 199

p̂ = argmax
p

m∏
j=1

Pϕ(pj | p<j ,H). (2) 200

This ensures that the generated profile dynamically 201

aligns with the user’s latest emotional shifts while 202

maintaining consistent personality traits. 203

3.4 Intent-Gated Retrieval 204

As Wang et al. (2025b) noted, indiscriminate re- 205

trieval introduces noise. To mitigate knowledge 206

intrusion, we employ a probabilistic gating mecha- 207

nism. Let Cintent be the full intent taxonomy, and 208

let Cinfo ⊂ Cintent denote the subset of intents that 209

specifically require external knowledge (e.g., prob- 210

lem solving). We utilize a gating module Mgate 211

3



to estimate the posterior P (ck | H, p̂) and define a212

retrieval necessity score αt as the cumulative prob-213

ability mass over information-seeking subset Cinfo:214

αt =
∑

ck∈Cinfo

P (ck | H, p̂). (3)215

The discrete decision g ∈ {0, 1} is obtained by216

g = I[αt > τ ]. If g = 0, we enforce D = ∅,217

preventing retrieval noise.218

3.5 Profile-Aware Query Reformulation219

When g = 1, we bridge the semantic gap between220

emotional expressions and knowledge sources via221

Profile-Aware Query Reformulation. Instead of222

using the raw utterance ut, the model generates a223

standalone “How-to” query qt incorporating traits224

from p̂. For example, the utterance “I just lost my225

job...” is reformulated into qt = “How to write a226

resume and find a job.” This optimized query qt is227

then utilized to retrieve candidate documents D for228

the subsequent stage.229

3.6 Self-Reflective Reasoning with Noise230

Injection231

To reject misleading information, we instantiate ẑ232

via a Chain-of-Thought (CoT) (Wei et al., 2022)233

driven latent critique. During training, we use a234

noise injection strategy where irrelevant documents235

are mixed into D with probability αmix, creating236

context D̃. This forces the model to learn the rejec-237

tion path.238

Let Cctx = {H, ut, p̂, D̃} be the aggregated con-239

text. We employ the generator Mgen (parameter-240

ized by θ) to model the joint probability of reason-241

ing trace ẑ, decision ddec, and response y, which is242

factorized as:243

Pθ(y, ddec, ẑ | Cctx) = Pθ(ẑ | Cctx)
· Pθ(ddec | ẑ, Cctx) · Pθ(y | ddec, ẑ, Cctx).

(4)244

This enables Mgen to sequentially perform: (1)245

Critique Generation (reasoning about relevance);246

(2) Utility Decision; and (3) Response Generation.247

3.7 Conflict-Aware Alignment248

To equip the generator with robust reasoning ca-249

pabilities, we align the backbone LLM via a two-250

phase curriculum distilled from a powerful Teacher251

Model: Supervised Fine-Tuning (SFT) via Rea-252

soning Distillation to establish the critique format,253

followed by Conflict-Aware Direct Preference Op-254

timization (DPO) to enforce robustness.255

Phase 1: Reasoning Distillation (SFT). We first 256

warm up the student model to follow the critique- 257

then-respond format. The training data Dgold is 258

synthesized by a large-scale Teacher Model, which 259

provides high-quality reasoning traces and empa- 260

thetic responses. The target sequence is denoted as 261

Y = [ẑ; ddec; y]. The model minimizes the nega- 262

tive log-likelihood: 263

LSFT(θ) = −E(Cctx,Y)∼Dgold
[logPθ(Y | Cctx)] .

(5) 264

We denote the model after this phase as πref . How- 265

ever, we observe that SFT alone induces a systemic 266

bias towards utilization. The model superficially 267

adopts the reasoning format but lacks the discrim- 268

inative capability to strictly enforce negative con- 269

straints against irrelevant retrieval. 270

Phase 2: Conflict-Aware DPO. To rectify this 271

and explicitly mitigate blind trust, we apply Direct 272

Preference Optimization (DPO) (Rafailov et al., 273

2023) on conflict scenarios. We construct a pref- 274

erence dataset Dconflict = {(Cctx,Yw,Yl)}. Here, 275

both responses are synthesized by the Teacher 276

Model to simulate the contrast in reasoning: the 277

winning response Yw represents the robust be- 278

havior (correctly identifying conflict and rejecting 279

noise), while the losing response Yl simulates the 280

failure mode (blindly complying with noise or hal- 281

lucinating). The objective is to minimize: 282

LDPO(θ) = −E(Cctx,Yw,Yl)∼Dconflict

[
log σ

(
β log

πθ(Yw | Cctx)
πref(Yw | Cctx)

− β log
πθ(Yl | Cctx)
πref(Yl | Cctx)

)]
,

(6)

283

where β is a hyperparameter controlling divergence 284

from the reference policy πref . This objective sig- 285

nificantly increases the likelihood margin between 286

robust critique-conditioned generation and compli- 287

ant responses based on noise. 288

In summary, these objectives are optimized in 289

disjoint phases rather than simultaneously superim- 290

posed. The SFT phase first minimizes LSFT to in- 291

still the foundational reasoning structure, while the 292

subsequent DPO phase independently minimizes 293

LDPO to sharpen the decision boundary between 294

utilizing helpful context and rejecting noise. 295

4 Experiments 296

In this section, we design experiments to answer 297

three key research questions: RQ1 (Effectiveness) 298
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investigates whether CARE effectively balances299

empathy and informational utility compared to ex-300

isting dialogue paradigms (Section 4.2); RQ2 (Ab-301

lation) examines the necessity of key components,302

specifically the Dynamic User Profiling, Intent-303

Gated Retrieval, Latent Critique, and Conflict-304

Aware DPO, for the framework’s performance (Sec-305

tion 4.3); and RQ3 (Robustness) analyzes how306

CARE maintains robustness across varying noise307

levels compared to competitive RAG baselines,308

specifically evaluating its ability to withstand ir-309

relevant retrieval (Sections 4.2 and 4.4).310

4.1 Experimental Setting311

Datasets and Construction. We evaluate our312

framework on two benchmark datasets: Empa-313

theticDialogues (ED) (Rashkin et al., 2019) and314

ESConv (Liu et al., 2021). Since these datasets315

originally lack external grounding, we construct a316

retrieval-augmented environment by indexing Wik-317

iHow (Koupaee and Wang, 2018) as the knowledge318

base. To rigorously test robustness against knowl-319

edge intrusion, we follow the protocol in Chen320

et al. (2024b) and inject noise during both train-321

ing and evaluation. Specifically, we replace the322

relevant ground-truth document with a randomly323

sampled irrelevant document in 50% of the sam-324

ples, forcing the model to discern utility from noise.325

Furthermore, to facilitate our Conflict-Aware Align-326

ment, we employ Qwen2.5-72B-Instruct (Yang327

et al., 2024a) as the Teacher Model to synthesize328

high-quality reasoning traces and generate the win-329

ning/losing response pairs (Yw,Yl) used to align330

the Qwen2.5-7B-Instruct (Yang et al., 2024a) stu-331

dent backbone via DPO. Detailed data construc-332

tions are provided in Appendix C.333

Baselines. We categorize our baselines into two334

groups. For traditional baselines, on Empathetic-335

Dialogues, we compare against KEMP (Li et al.,336

2022a) and CEM (Sabour et al., 2022). On ES-337

Conv, we include BlenderBot (Roller et al., 2021)338

and MISC (Tu et al., 2022). Note that these models339

operate without retrieval, and we report their gener-340

ation metrics solely for reference. For LLM-based341

RAG Baselines, to ensure a strictly fair comparison342

and isolate the architectural benefits, all models uti-343

lize Qwen-2.5-7B-Instruct (Yang et al., 2024a) as344

the backbone and undergo the same Supervised345

Fine-Tuning (SFT) and Direct Preference Opti-346

mization (DPO) pipeline as our method. We bench-347

mark CARE against four baselines, all adapted to348

our specific task and trained under the same SFT 349

and DPO curriculum to ensure a fair comparison. 350

These include: Vanilla LLM (fine-tuned without 351

retrieval), Standard RAG (utilizing concatenated 352

context), Confidence-Aware RAG (Jiang et al., 353

2023b) (augmented with a similarity-based selec- 354

tion heuristic), and Self-RAG (Asai et al., 2024) 355

(trained to generate reflection tokens). Detailed 356

implementations for all baselines are provided in 357

Appendix F. 358

Evaluation Metrics. For generation quality, we 359

report BLEU-4 (Papineni et al., 2002), ROUGE- 360

L (Lin, 2004), BERTScore (Zhang et al., 2019), 361

Distinct-2 (Li et al., 2016), and Average Length 362

(Len). To evaluate decision-making accuracy, 363

we report Gating F1, defined as the standard 364

F1 score calculating the alignment between the 365

model’s binary retrieval decision (I[αt > τ ], with 366

τ = 0.6 selected via validation tuning) and the 367

ground-truth retrieval necessity labels. For ro- 368

bustness, we report the Context Rejection Score 369

(CRS). Adapted from the rejection rate in Retrieval- 370

Generated Benchmark (RGB) (Chen et al., 2024a), 371

CRS calculates the percentage of noise-only in- 372

stances where the model correctly outputs the re- 373

jection token ddec = IGNORE. Distinct from the 374

phrase-matching evaluation in RGB, CRS evalu- 375

ates the model’s internal decision token. For sub- 376

jective alignment, we employ GPT-4o (Hurst et al., 377

2024) under the LLM-as-a-judge paradigm on a bal- 378

anced subset of 200 samples (100 standard and 100 379

noise-injected); the evaluation prompts are detailed 380

in Appendix F. To penalize trade-offs, we pro- 381

pose the Empathy-Utility Synergy Index (EUSI): 382

EUSI = (2·E·U)/(E+U), where E and U denote 383

the empathy and utility scores, respectively. These 384

automated judgments are validated by complemen- 385

tary human evaluation (details in Appendix G). 386

4.2 Main Results (RQ1 & RQ3) 387

Table 1 presents the performance on both Empa- 388

theticDialogues (ED) and ESConv. To thoroughly 389

answer RQ1 and RQ3, we analyze the results from 390

two complementary perspectives: Generation Qual- 391

ity, Diversity (does it speak well?) and Robustness 392

(does it correctly utilize retrieved contexts?). 393

4.2.1 Performance on Generation Quality 394

Compared to traditional baselines, LLM-based ap- 395

proaches exhibit a substantial leap in linguistic flu- 396

ency. While Vanilla LLM provides a fluent yet 397
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Table 1: Main results on EmpatheticDialogues and ESConv. BERTScore and Distinct-2 are reported in percentage
(%). Results are reported from the best checkpoint. Preliminary runs with different seeds showed negligible
variance (std < 0.5 for main metrics). To calculate robustness metrics (F1, CRS) for RAG baselines, we explicitly
prompt them to output binary relevance decisions (“USE”/“IGNORE”) before generation. CARE outperforms both
specialized models and advanced RAG baselines across all metrics.

Method Generation Quality Diversity Robustness

B-4↑ R-L↑ BERT↑ Dist-2↑ Len F1↑ CRS↑

EmpatheticDialogues (ED)

Traditional Baselines (Non-RAG)
KEMP 1.45 16.32 85.12 14.20 38.50 –
CEM 1.88 17.45 85.89 15.65 40.12 –

LLM & RAG Baselines
Vanilla LLM (No RAG) 3.12 20.15 87.82 18.27 44.29 –
Standard RAG (Concat) 2.05 20.11 86.83 19.67 52.84 41.95 1.24
Confidence-Aware RAG 2.87 21.65 87.76 21.12 49.73 56.33 49.82
Self-RAG (Adapted) 3.11 22.65 88.15 21.54 50.45 62.87 63.59

Ablation Variants
w/o Dynamic Profiling 3.44 22.48 88.08 21.83 48.92 68.53 72.18
w/o Intent-Gated Retrieval 3.65 22.58 88.10 23.15 48.12 66.85 62.34
w/o Conflict-Aware Reasoning 2.89 21.78 87.85 21.08 47.63 59.92 55.67
w/o DPO Alignment 3.67 22.61 88.13 22.94 47.43 67.24 68.48

CARE (Ours) 3.74 22.72 88.19 23.48 46.84 70.14 74.62

ESConv

Traditional Baselines (Non-RAG)
BlenderBot 2.12 17.80 86.10 13.50 42.60 –
MISC 2.35 18.25 86.45 14.80 45.10 –

LLM & RAG Baselines
Vanilla LLM (No RAG) 3.14 19.88 87.53 17.83 49.21 –
Standard RAG (Concat) 2.84 19.59 86.41 18.22 59.55 37.79 0.88
Confidence-Aware RAG 3.21 21.14 87.31 21.78 55.83 62.95 47.27
Self-RAG (Adapted) 3.42 22.08 87.93 22.48 57.28 70.07 62.48

Ablation Variants
w/o Dynamic Profiling 3.55 22.11 87.88 22.84 56.63 69.54 69.43
w/o Intent-Gated Retrieval 3.75 22.30 87.95 23.82 55.10 68.45 63.92
w/o Conflict-Aware Reasoning 3.24 21.28 87.58 21.44 54.93 66.42 51.85
w/o DPO Alignment 3.73 22.25 87.96 23.38 55.93 68.18 64.64

CARE (Ours) 3.82 22.35 88.04 24.08 55.54 70.88 71.96

repetitive baseline, CARE demonstrates strong per-398

formance across both datasets, achieving BLEU-4399

scores of 3.74 (ED) and 3.82 (ESConv). Crucially,400

it significantly boosts response diversity, reaching401

Distinct-2 scores of 23.48 on ED and 24.08 on402

ESConv. This consistent improvement suggests403

that external grounding combined with our conflict-404

aware alignment effectively mitigates the “fluency-405

diversity trade-off” by replacing generic comfort406

with actionable advice.407

4.2.2 Performance on Conflict Resolution408

The most critical advantage of CARE lies in its re-409

silience to noise compared to other RAG paradigms.410

Standard RAG exhibits a persistent tendency for411

“blind trust”; even when instructed to autonomously412

assess the utility of retrieved contexts, it yields413

near-zero CRS scores across datasets (1.24 on ED,414

0.88 on ESConv). While advanced baselines like 415

Confidence-Aware RAG and Prompted Self-RAG 416

achieve improved resistance, CARE demonstrates 417

robustness with CRS scores of 74.62 (ED) and 418

71.96 (ESConv), alongside Gating F1 scores ex- 419

ceeding 70 on both benchmarks, indicating that our 420

Latent Critique mechanism functions as an effec- 421

tive semantic filter compared to heuristic thresholds 422

or simple prompting strategies, enabling the model 423

to prioritize utility over retrieval compliance. 424

4.2.3 LLM-as-a-Judge & Human Evaluation 425

To capture nuanced conversational qualities beyond 426

n-gram overlap, we conducted a multi-dimensional 427

evaluation focusing on the alignment between emo- 428

tional support and practical helpfulness. Follow- 429

ing the LLM-as-a-judge paradigm, we first employ 430

GPT-4o to perform absolute quality scoring. As 431
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Table 2: GPT-4o Absolute Scoring. We evaluate Em-
pathy, Utility, Coherence, and their Synergy (EUSI)
on a 1–5 scale over 100 randomly sampled instances.
CARE consistently outperforms the comparative meth-
ods across all metrics on both datasets.

Metric (1–5) Model Comparison

Std. RAG Critique CARE

EmpatheticDialogues (ED)
Empathy 2.65 2.88 3.24
Utility 2.12 2.54 3.15
Coherence 2.80 3.05 3.30
Synergy (EUSI) 2.36 2.69 3.19

ESConv
Empathy 2.54 2.75 3.18
Utility 2.78 2.92 3.26
Coherence 2.72 2.98 3.30
Synergy (EUSI) 2.65 2.83 3.22

Table 3: Pairwise Preference. Win rates of CARE
against the Vanilla LLM (No RAG) baseline. Both GPT-
4o and human evaluators (on 100 sampled instances)
show a strong preference for CARE, verifying that our
retrieval mechanism provides a “net positive” utility.

Dataset Win Rate: CARE vs. Vanilla

GPT-4o Judge Human Judge

EmpatheticDialogues 65.5% 62.0%
ESConv 78.0% 75.0%

Average 71.8% 68.5%

shown in Table 2, CARE outperforms both Stan-432

dard RAG and the Self-Reflective (Critique) base-433

line across all dimensions. Notably, while Standard434

RAG exhibits a significant drop in Coherence due435

to noise intrusion, CARE is the only model that436

consistently exceeds the 3.0 threshold. Specifically,437

it achieves a Synergy Index (EUSI) of 3.19 on ED438

and 3.22 on ESConv, demonstrating its unique ca-439

pability to balance empathetic resonance with in-440

formational utility under a strict evaluation scale.441

We further conduct a pairwise preference eval-442

uation to validate these findings against human443

judgment. As reported in Table 3, both GPT-4o444

and blind human annotators show a strong prefer-445

ence for CARE over the Vanilla LLM. On the task-446

oriented ESConv dataset, CARE achieves a 75.0%447

Human Win Rate, indicating that users significantly448

value the specific, actionable advice enabled by our449

knowledge-grounding mechanism over the generic450

comfort provided by parametric-only models. The451

high correlation between GPT-4o (Average Win452

Rate: 71.8%) and human judges (Average Win453

Rate: 68.5%) further reinforces the reliability of 454

our automated evaluation framework. 455

4.3 Ablation Studies (RQ2) 456

To disentangle the contribution of each module, 457

we analyze the performance impact of removing 458

key components across both datasets as shown in 459

Table 1. Specifically, removing Dynamic User Pro- 460

filing leads to a consistent drop in response diver- 461

sity (Distinct-2 scores falling to 21.83 on ED and 462

22.84 on ESConv), confirming its role in personal- 463

ization. Furthermore, the removal of Intent-Gated 464

Retrieval causes a noticeable decrease in robust- 465

ness (CRS dropping to 62.34 on ED and 63.92 on 466

ESConv), indicating that the Gating module plays 467

a crucial role in “early rejection” to reduce the gen- 468

erator’s cognitive load. Most significantly, exclud- 469

ing the Conflict-Aware Reasoning chain results in 470

the sharpest decline in robustness (CRS falling to 471

55.67 on ED and 51.85 on ESConv)—performing 472

worse than the w/o Gating model—which identi- 473

fies the Latent Critique mechanism as the primary 474

semantic filter for discerning subtle empathy-utility 475

conflicts. Finally, the w/o DPO Alignment variant 476

lags behind the full model (CRS 68.48/64.64 vs. 477

74.62/71.96), demonstrating that our specialized 478

DPO curriculum is critical for enforcing adherence 479

to rejection boundaries and prioritizing safety over 480

blind context usage. 481

4.4 Robustness Analysis (RQ3) 482

To evaluate the reliability of CARE, we conducted 483

a Noise Injection Stress Test on ESConv, varying 484

the noise ratio γ from 0% to 100% as shown in 485

Figure 3. At γ = 0% (clean context), all models 486

achieve comparable performance (F1 ≈ 66–72) as 487

retrieved documents are generally helpful. How- 488

ever, as noise increases, Standard RAG collapses 489

to an F1 of 37.79, whereas CARE demonstrates 490

exceptional stability, maintaining a leading F1 of 491

70.88 even under 100% noise. The underlying 492

mechanism is revealed by the Context Rejection 493

Score (CRS) evolution: while all models correctly 494

exhibit minimal rejection near zero at γ = 0%, 495

CARE adaptively scales its rejection rate to a dom- 496

inant 71.96 at full noise. This confirms that the 497

Latent Critique mechanism acts as an intelligent 498

arbiter that remains permissive for clean retrieval 499

but becomes selectively aggressive when noise is 500

detected, whereas Standard RAG fails to adapt re- 501

gardless of noise intensity. 502
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Table 4: Qualitative Case Study. The reasoning trace (ẑ) demonstrates CARE’s ability to engage in conflict-aware
deliberation. The model successfully detects the conflict between the user’s introverted trait and the aggressive
advice (“busy gym”), selectively filtering the content to provide appropriate support.

Case Study: Adaptation Scenario (Topic: Loneliness)
Context User: “I just moved here and I feel so alone... it’s hard to meet people.”
Profile [Emotion: Lonely] [Trait: Introverted]

Retrieved Doc Title: “How to Join Clubs”
Content: “1. Join a busy gym to meet many people. 2. Be aggressive in introducing yourself. 3. Try a
low-pressure book club.”

Std. RAG Response: “You should go out and join a busy gym immediately. WikiHow says you need to be aggressive
and introduce yourself to everyone.”
Failure: Personality Mismatch. The advice is too aggressive for an Introvert.

CARE Trace (ẑ): [Analyze Trait]: User is ‘Introverted’ so high-pressure social settings may
induce anxiety. [Critique Doc]: ‘Join a busy gym’ conflicts with the user’s comfort
zone, but the ‘Book Club’ suggestion is a compatible activity. [Decision]: I will
USE_DOC but apply a filter to discard aggressive advice and frame the Book Club
suggestion tentatively.
Response: “Moving is tough. The article suggests starting small, perhaps like a book club? It’s a
lower-pressure way to be around people without needing to be loud or aggressive.”
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Figure 3: Robustness Analysis on ESConv. (a) F1 sta-
bility across noise levels. (b) Evolution of CRS, where
CARE adaptively increases rejection as noise rises to
maintain performance.

4.5 Qualitative Case Study503

Table 4 illustrates how CARE resolves subtle504

personality-advice conflicts. In this scenario, an505

introverted user expresses loneliness, and the re-506

triever fetches mixed WikiHow suggestions rang-507

ing from high-energy activities (“Join a busy gym”)508

to low-pressure options (“Book club”). While Stan-509

dard RAG incorporates aggressive advice (e.g., “be510

aggressive”), causing friction with the user’s intro- 511

verted trait, CARE leverages Conflict-Aware Rea- 512

soning for fine-grained filtering. As shown in the 513

reasoning trace (ẑ), the model detects that the “busy 514

gym” suggestion conflicts with the user’s com- 515

fort zone despite being topically relevant. Conse- 516

quently, it selectively adopts the compatible “book 517

club” suggestion while rejecting anxiety-inducing 518

advice, confirming that CARE acts as an intelligent 519

arbiter adapting knowledge to user attributes, rather 520

than passively repeating retrieved contexts. 521

5 Conclusion 522

In this paper, we introduced CARE (Conflict- 523

Aware Reasoning for Empathy), a framework tack- 524

ling “knowledge intrusion” for empathetic dialogue. 525

By decoupling a Profile Extractor and reflective 526

Generator, CARE transforms passive retrieval into 527

active, conflict-aware decision-making. Experi- 528

ments on EmpatheticDialogues and ESConv show 529

that CARE outperforms strong baselines, achiev- 530

ing F1 gains of up to 33.1% with high robustness 531

(CRS > 70%). Crucially, CARE demonstrates 532

that filtering noise improves utility without sacrific- 533

ing emotional resonance. CARE offers a practical 534

blueprint for robust, emotionally aligned RAG sys- 535

tems. In future work, we intend to distill reasoning 536

capabilities to reduce latency and explore active 537

retrieval to dynamically repair retrieval failures, 538

while also extending this paradigm to multimodal 539

reasoning and complex mental health settings. 540
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Limitations541

While CARE demonstrates superior performance542

in balancing empathy and utility, we acknowledge543

several limitations inherent to its current design:544

• Inference Latency: The integration of the La-545

tent Critique mechanism introduces additional546

computational overhead during inference. Al-547

though essential for robustness, generating the548

intermediate reasoning trace increases latency549

compared to standard end-to-end generation,550

which may be a constraint for real-time appli-551

cations requiring ultra-low latency.552

• Passive Handling of Retrieval Failures: Cur-553

rently, CARE adopts a conservative “reject-554

and-fallback” strategy. When the Latent Cri-555

tique deems the retrieved context irrelevant,556

it effectively nullifies the retrieval branch (re-557

ducing the weight to zero) to prioritize safety.558

This passive approach lacks an active recov-559

ery mechanism—such as Query Rewriting or560

Iterative Retrieval. Consequently, the system561

cannot rectify initial retrieval errors, leading562

to a reversion to generic parametric responses563

even if relevant information could have been564

obtained through a refined query.565

• Single-Step Reasoning Horizon: Our current566

critique module focuses on immediate turn-567

level relevance. It may struggle with complex,568

multi-turn contradictions where a document569

becomes relevant only after a long context570

window, requiring more advanced long-term571

planning capabilities.572

Future efforts should focus on distilling reason-573

ing capabilities to reduce latency and exploring ac-574

tive retrieval strategies (e.g., Self-Correction loops)575

to dynamically repair retrieval failures instead of576

merely rejecting them.577

Ethics Statement578

Clinical Limitations. CARE is designed strictly579

for research purposes. The retrieval-based sugges-580

tions, while filtered for safety, do not constitute581

professional psychological counseling or medical582

diagnosis. We acknowledge the risk of user over-583

reliance and emphasize that any real-world deploy-584

ment must incorporate crisis intervention protocols585

and explicit disclaimers.586

Bias in Profiling. Our Intent-Gated mechanism 587

relies on inferred user traits to determine response 588

strategies. We recognize this introduces a risk of 589

algorithmic bias, where the model might dispro- 590

portionately withhold advice from specific demo- 591

graphics based on detected attributes. We caution 592

against deployment without rigorous fairness au- 593

dits to ensure equitable service across diverse user 594

groups. 595

References 596

Bang An, Shiyue Zhang, and Mark Dredze. 2025. Rag 597
llms are not safer: A safety analysis of retrieval- 598
augmented generation for large language models. 599
arXiv preprint arXiv:2504.18041. 600

Akari Asai, Zeqiu Wu, Yizhong Wang, Avirup Sil, and 601
Hannaneh Hajishirzi. 2024. Self-RAG: Learning to 602
retrieve, generate, and critique through self-reflection. 603
In International Conference on Learning Representa- 604
tions (ICLR). 605

Hengyi Cai, Hongshen Chen, Yonghao Song, Xiaofang 606
Zhao, and Dawei Yin. 2020. Exemplar guided neural 607
dialogue generation. In Proceedings of the Twenty- 608
Ninth International Joint Conference on Artificial 609
Intelligence, IJCAI-20, pages 3601–3607. Interna- 610
tional Joint Conferences on Artificial Intelligence 611
Organization. Main track. 612

Jiawei Chen, Hongyu Lin, Xianpei Han, and Le Sun. 613
2024a. Benchmarking large language models in 614
retrieval-augmented generation. In Proceedings of 615
the AAAI Conference on Artificial Intelligence, vol- 616
ume 38, pages 17754–17762. 617

Yingfa Chen, Zhengyan Zhang, Xu Han, Chaojun Xiao, 618
Zhiyuan Liu, Chen Chen, Kuai Li, Tao Yang, and 619
Maosong Sun. 2024b. Robust and scalable model 620
editing for large language models. In Proceedings of 621
the 2024 Joint International Conference on Compu- 622
tational Linguistics, Language Resources and Evalu- 623
ation (LREC-COLING 2024), pages 14157–14172, 624
Torino, Italia. ELRA and ICCL. 625

Yirong Chen, Xiaofen Xing, Jingkai Lin, Huimin Zheng, 626
Zhenyu Wang, Qi Liu, and Xiangmin Xu. 2023. 627
SoulChat: Improving LLMs’ empathy, listening, and 628
comfort abilities through fine-tuning with multi-turn 629
empathy conversations. In Findings of the Associa- 630
tion for Computational Linguistics: EMNLP 2023, 631
pages 1170–1183, Singapore. Association for Com- 632
putational Linguistics. 633

Emily Dinan, Stephen Roller, Kurt Shuster, Angela 634
Fan, Michael Auli, and Jason Weston. 2018. Wizard 635
of Wikipedia: Knowledge-powered conversational 636
agents. arXiv preprint arXiv:1811.01241. 637

Joseph L Fleiss. 1971. Measuring nominal scale agree- 638
ment among many raters. Psychological bulletin, 639
76(5):378. 640

9

https://doi.org/10.24963/ijcai.2020/498
https://doi.org/10.24963/ijcai.2020/498
https://doi.org/10.24963/ijcai.2020/498
https://aclanthology.org/2024.lrec-main.1235/
https://aclanthology.org/2024.lrec-main.1235/
https://aclanthology.org/2024.lrec-main.1235/
https://doi.org/10.18653/v1/2023.findings-emnlp.83
https://doi.org/10.18653/v1/2023.findings-emnlp.83
https://doi.org/10.18653/v1/2023.findings-emnlp.83
https://doi.org/10.18653/v1/2023.findings-emnlp.83
https://doi.org/10.18653/v1/2023.findings-emnlp.83


Aaron Hurst, Adam Lerer, Adam P Goucher, Adam641
Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow,642
Akila Welihinda, Alan Hayes, Alec Radford, and 1643
others. 2024. Gpt-4o system card. arXiv preprint644
arXiv:2410.21276.645

Albert Q. Jiang, Alexandre Sablayrolles, Arthur Men-646
sch, Chris Bamford, Devendra Singh Chaplot, Diego647
de las Casas, Florian Bressand, Gianna Lengyel,648
Guillaume Lample, Lucile Saulnier, Teven Le Scao,649
Thibaut Lavril, Thomas Wang, Timothée Lacroix,650
and William El Sayed. 2023a. Mistral 7b. Preprint,651
arXiv:2310.06825.652

Zhengbao Jiang, Frank Xu, Luyu Gao, Zhiqing Sun,653
Qian Liu, Jane Dwivedi-Yu, Yiming Yang, Jamie654
Callan, and Graham Neubig. 2023b. Active retrieval655
augmented generation. In Proceedings of the 2023656
Conference on Empirical Methods in Natural Lan-657
guage Processing, pages 7969–7992, Singapore. As-658
sociation for Computational Linguistics.659

Paulo Ricardo Knob, Leonardo Scholler, Juliano Rigatti,660
and Soraia Raupp Musse. 2025. Are you listening661
to me? fine-tuning chatbots for empathetic dialogue.662
arXiv preprint arXiv:2507.02537.663

Mahnaz Koupaee and William Yang Wang. 2018. Wiki-664
how: A large scale text summarization dataset. arXiv665
preprint arXiv:1810.09305.666

J Richard Landis and Gary G Koch. 1977. The mea-667
surement of observer agreement for categorical data.668
biometrics, pages 159–174.669

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio670
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-671
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-672
täschel, and 1 others. 2020. Retrieval-augmented673
generation for knowledge-intensive NLP tasks. Ad-674
vances in Neural Information Processing Systems,675
33:9459–9474.676

Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao,677
and William B Dolan. 2016. A diversity-promoting678
objective function for neural conversation models.679
In Proceedings of the 2016 Conference of the North680
American Chapter of the Association for Computa-681
tional Linguistics: Human Language Technologies,682
pages 110–119.683

Qintong Li, Piji Li, Zhaochun Ren, Pengjie Ren, and684
Zhumin Chen. 2022a. Knowledge bridging for em-685
pathetic dialogue generation. In Proceedings of686
the AAAI Conference on Artificial Intelligence, vol-687
ume 36, pages 10993–11001.688

Yu Li, Baolin Peng, Yelong Shen, Yi Mao, Lars Liden,689
Zhou Yu, and Jianfeng Gao. 2022b. Knowledge-690
grounded dialogue generation with a unified knowl-691
edge representation. In Proceedings of the 2022 Con-692
ference of the North American Chapter of the Asso-693
ciation for Computational Linguistics: Human Lan-694
guage Technologies, pages 206–218, Seattle, United695
States. Association for Computational Linguistics.696

Chin-Yew Lin. 2004. Rouge: A package for automatic 697
evaluation of summaries. In Text Summarization 698
Branches Out, pages 74–81. 699

Jimmy Lin, Xueguang Ma, Sheng-Chieh Lin, Jheng- 700
Hong Yang, Ronak Pradeep, and Rodrigo Nogueira. 701
2021. Pyserini: A python toolkit for reproducible 702
information retrieval research with sparse and dense 703
representations. In Proceedings of the 44th inter- 704
national ACM SIGIR conference on research and 705
development in information retrieval, pages 2356– 706
2362. 707

Siyang Liu, Chujie Zheng, Orianna Demasi, Sahand 708
Sabour, Yu Li, Zhou Yu, Yong Jiang, and Minlie 709
Huang. 2021. Towards emotional support dialog 710
systems. In Proceedings of the 59th Annual Meet- 711
ing of the Association for Computational Linguistics 712
and the 11th International Joint Conference on Natu- 713
ral Language Processing (Volume 1: Long Papers), 714
pages 3469–3483, Online. Association for Computa- 715
tional Linguistics. 716

Zihan Liu, Wei Ping, Rajarshi Roy, Peng Xu, Chankyu 717
Lee, Mohammad Shoeybi, and Bryan Catanzaro. 718
2024. Chatqa: Surpassing GPT-4 on conversational 719
QA and RAG. Advances in Neural Information Pro- 720
cessing Systems, 37:15416–15459. 721

Navonil Majumder, Pengfei Hong, Shanshan Peng, 722
Jiankun Lu, Deepanway Ghosal, Alexander Gelbukh, 723
Rada Mihalcea, and Soujanya Poria. 2020. MIME: 724
MIMicking emotions for empathetic response gen- 725
eration. In Proceedings of the 2020 Conference on 726
Empirical Methods in Natural Language Processing 727
(EMNLP), pages 8968–8979, Online. Association for 728
Computational Linguistics. 729

Kishore Papineni, Salim Roukos, Todd Ward, and Wei- 730
Jing Zhu. 2002. Bleu: a method for automatic evalu- 731
ation of machine translation. In Proceedings of the 732
40th Annual Meeting of the Association for Compu- 733
tational Linguistics, pages 311–318. 734

Kun Qian, Maximillian Chen, Siyan Li, Arpit Sharma, 735
and Zhou Yu. 2025. Bottom-up synthesis of 736
knowledge-grounded task-oriented dialogues with 737
iteratively self-refined prompts. arXiv preprint 738
arXiv:2504.14375. 739

Yushan Qian, Weinan Zhang, and Ting Liu. 2023. Har- 740
nessing the power of large language models for empa- 741
thetic response generation: Empirical investigations 742
and improvements. In Findings of the Association 743
for Computational Linguistics: EMNLP 2023, pages 744
6516–6528. 745

Huachuan Qiu, Hongliang He, Shuai Zhang, Anqi Li, 746
and Zhenzhong Lan. 2024. SMILE: Single-turn to 747
multi-turn inclusive language expansion via ChatGPT 748
for mental health support. In Findings of the Associ- 749
ation for Computational Linguistics: EMNLP 2024, 750
pages 615–636, Miami, Florida, USA. Association 751
for Computational Linguistics. 752

10

https://arxiv.org/abs/2310.06825
https://doi.org/10.18653/v1/2023.emnlp-main.495
https://doi.org/10.18653/v1/2023.emnlp-main.495
https://doi.org/10.18653/v1/2023.emnlp-main.495
https://doi.org/10.18653/v1/2022.naacl-main.15
https://doi.org/10.18653/v1/2022.naacl-main.15
https://doi.org/10.18653/v1/2022.naacl-main.15
https://doi.org/10.18653/v1/2022.naacl-main.15
https://doi.org/10.18653/v1/2022.naacl-main.15
https://doi.org/10.18653/v1/2021.acl-long.269
https://doi.org/10.18653/v1/2021.acl-long.269
https://doi.org/10.18653/v1/2021.acl-long.269
https://doi.org/10.18653/v1/2020.emnlp-main.721
https://doi.org/10.18653/v1/2020.emnlp-main.721
https://doi.org/10.18653/v1/2020.emnlp-main.721
https://doi.org/10.18653/v1/2020.emnlp-main.721
https://doi.org/10.18653/v1/2020.emnlp-main.721
https://doi.org/10.18653/v1/2024.findings-emnlp.34
https://doi.org/10.18653/v1/2024.findings-emnlp.34
https://doi.org/10.18653/v1/2024.findings-emnlp.34
https://doi.org/10.18653/v1/2024.findings-emnlp.34
https://doi.org/10.18653/v1/2024.findings-emnlp.34


Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-753
pher D Manning, Stefano Ermon, and Chelsea Finn.754
2023. Direct preference optimization: Your lan-755
guage model is secretly a reward model. Advances in756
Neural Information Processing Systems, 36:53728–757
53741.758

Hannah Rashkin, Eric Michael Smith, Margaret Li, and759
Y-Lan Boureau. 2019. Towards empathetic open-760
domain conversation models: A new benchmark and761
dataset. In Proceedings of the 57th Annual Meet-762
ing of the Association for Computational Linguistics,763
pages 5370–5381, Florence, Italy. Association for764
Computational Linguistics.765

Stephen Roller, Emily Dinan, Naman Goyal, Da Ju,766
Mary Williamson, Yinhan Liu, Jing Xu, Myle Ott,767
Eric Michael Smith, Y-Lan Boureau, and 1 others.768
2021. Recipes for building an open-domain chatbot.769
In Proceedings of the 16th conference of the euro-770
pean chapter of the association for computational771
linguistics: Main volume, pages 300–325.772

Sahand Sabour, Chujie Zheng, and Minlie Huang. 2022.773
Cem: Commonsense-aware empathetic response gen-774
eration. In Proceedings of the AAAI Conference775
on Artificial Intelligence, volume 36, pages 11229–776
11237.777

Freda Shi, Xinyun Chen, Kanishka Misra, Nathan778
Scales, David Dohan, Ed H Chi, Nathanael Schärli,779
and Denny Zhou. 2023. Large language models can780
be easily distracted by irrelevant context. In Inter-781
national Conference on Machine Learning, pages782
31210–31227. PMLR.783

Minghao Tang, Shiyu Ni, Jiafeng Guo, and Keping784
Bi. 2025. Injecting external knowledge into the rea-785
soning process enhances retrieval-augmented gen-786
eration. In Proceedings of the 2025 Annual Inter-787
national ACM SIGIR Conference on Research and788
Development in Information Retrieval in the Asia789
Pacific Region, pages 41–46.790

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-791
bert, Amjad Almahairi, Yasmine Babaei, Nikolay792
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti793
Bhosale, and 1 others. 2023. Llama 2: Open foun-794
dation and fine-tuned chat models. arXiv preprint795
arXiv:2307.09288.796

Quan Tu, Yanran Li, Jianwei Cui, Bin Wang, Ji-Rong797
Wen, and Rui Yan. 2022. MISC: A mixed strategy-798
aware model integrating COMET for emotional sup-799
port conversation. In Proceedings of the 60th Annual800
Meeting of the Association for Computational Lin-801
guistics (Volume 1: Long Papers), pages 308–319,802
Dublin, Ireland. Association for Computational Lin-803
guistics.804

Chenwei Wan, Matthieu Labeau, and Chloé Clavel.805
2025. EmoDynamiX: Emotional support dialogue806
strategy prediction by modelling MiXed emotions807
and discourse dynamics. In Proceedings of the 2025808
Conference of the Nations of the Americas Chap-809
ter of the Association for Computational Linguistics:810

Human Language Technologies (Volume 1: Long Pa- 811
pers), pages 1678–1695, Albuquerque, New Mexico. 812
Association for Computational Linguistics. 813

Shiquan Wang, Ruiyu Fang, Zhongjiang He, Shuangy- 814
ong Song, and Yongxiang Li. 2025a. Emotional sup- 815
port with llm-based empathetic dialogue generation. 816
arXiv preprint arXiv:2507.12820. 817

Xi Wang, Procheta Sen, Ruizhe Li, and Emine Yilmaz. 818
2025b. Adaptive retrieval-augmented generation for 819
conversational systems. In Findings of the Associ- 820
ation for Computational Linguistics: NAACL 2025, 821
pages 491–503, Albuquerque, New Mexico. Associa- 822
tion for Computational Linguistics. 823

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 824
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, 825
and 1 others. 2022. Chain-of-thought prompting elic- 826
its reasoning in large language models. Advances in 827
Neural Information Processing Systems, 35:24824– 828
24837. 829

Jerry Wei, Da Huang, Yifeng Lu, Denny Zhou, and 830
Quoc V Le. 2023. Simple synthetic data reduces 831
sycophancy in large language models. arXiv preprint 832
arXiv:2308.03958. 833

Qwen An Yang, Baosong Yang, Beichen Zhang, 834
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan 835
Li, Dayiheng Liu, Fei Huang, Guanting Dong, Hao- 836
ran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei 837
Zhang, Jianxin Yang, Jiaxin Yang, Jingren Zhou, Jun- 838
yang Lin, and 25 others. 2024a. Qwen2.5 technical 839
report. ArXiv, abs/2412.15115. 840

Zhou Yang, Zhaochun Ren, Wang Yufeng, Shizhong 841
Peng, Haizhou Sun, Xiaofei Zhu, and Xiangwen Liao. 842
2024b. Enhancing empathetic response generation 843
by augmenting llms with small-scale empathetic mod- 844
els. arXiv preprint arXiv:2402.11801. 845

Jing Ye, Lu Xiang, Yaping Zhang, and Chengqing 846
Zong. 2025a. Sweetiechat: A strategy-enhanced 847
role-playing framework for diverse scenarios han- 848
dling emotional support agent. In Proceedings of 849
the 31st International Conference on Computational 850
Linguistics, pages 4646–4669. 851

Jing Ye, Lu Xiang, Yaping Zhang, and Chengqing 852
Zong. 2025b. SweetieChat: A strategy-enhanced 853
role-playing framework for diverse scenarios han- 854
dling emotional support agent. In Proceedings of 855
the 31st International Conference on Computational 856
Linguistics, pages 4646–4669, Abu Dhabi, UAE. As- 857
sociation for Computational Linguistics. 858

Ori Yoran, Tomer Wolfson, Ori Ram, and Jonathan 859
Berant. 2023. Making retrieval-augmented language 860
models robust to irrelevant context. arXiv preprint 861
arXiv:2310.01558. 862

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q 863
Weinberger, and Yoav Artzi. 2019. Bertscore: Eval- 864
uating text generation with bert. arXiv preprint 865
arXiv:1904.09675. 866

11

https://doi.org/10.18653/v1/P19-1534
https://doi.org/10.18653/v1/P19-1534
https://doi.org/10.18653/v1/P19-1534
https://doi.org/10.18653/v1/P19-1534
https://doi.org/10.18653/v1/P19-1534
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://aclanthology.org/2025.naacl-long.81/
https://aclanthology.org/2025.naacl-long.81/
https://aclanthology.org/2025.naacl-long.81/
https://aclanthology.org/2025.naacl-long.81/
https://aclanthology.org/2025.naacl-long.81/
https://aclanthology.org/2025.findings-naacl.30/
https://aclanthology.org/2025.findings-naacl.30/
https://aclanthology.org/2025.findings-naacl.30/
https://api.semanticscholar.org/CorpusID:274859421
https://api.semanticscholar.org/CorpusID:274859421
https://api.semanticscholar.org/CorpusID:274859421
https://aclanthology.org/2025.coling-main.312/
https://aclanthology.org/2025.coling-main.312/
https://aclanthology.org/2025.coling-main.312/
https://aclanthology.org/2025.coling-main.312/
https://aclanthology.org/2025.coling-main.312/


A CARE Inference Pseudocode867

This section details the inference procedure of868

CARE. As illustrated in Algorithm 1, the frame-869

work operates via a gate-then-critique workflow870

designed to minimize knowledge intrusion. Unlike871

standard RAG pipelines that indiscriminately con-872

catenate retrieved documents, CARE first utilizes873

a lightweight gating module to assess the neces-874

sity of retrieval based on the user’s intent. When875

retrieval is activated, the generator does not im-876

mediately produce a response; instead, it executes877

a latent self-reflective reasoning step to explicitly878

critique the relevance and safety of the retrieved879

content. This "white-box" reasoning process al-880

lows the model to dynamically decide whether to881

USE or IGNORE the external information before882

generating the final empathetic response.883

Algorithm 1 CARE Inference Procedure
Require: Dialogue historyH, Current user utterance ut

Require: Knowledge base K
Require: ProfilerMprof , Gating moduleMgate, Generator
Mgen

Require: Gating threshold τ
Ensure: Empathetic and actionable response y

Stage 1: Dynamic User Profiling
1: p̂←Mprof(H, ut) ▷ Extract emotion e and trait T

Stage 2: Adaptive Intent-Gated Retrieval
2: αt ←Mgate(H, p̂) ▷ Calculate gating score

Stage 3: Retrieval-augmented Self-Reflective Reason-
ing & Generation

3: if αt > τ then
4: qt ← ReformulateQuery(ut, p̂)
5: D ← RetrieveTopK(K, qt)
6: else
7: D ← ∅ ▷ Skip retrieval
8: end if
9: Cctx ← [H, ut, p̂,D] ▷ Construct Context

Step 3.1: Latent Critique (CoT)
10: ẑ, ddec ←Mgen(Cctx)

▷ Analyze irrelevance, emotion alignment, tone con-
flict

▷ Make decision ddec ∈ {USE, IGNORE}
Step 3.2: Response Generation

11: y ←Mgen(Cctx, ẑ, ddec)
return y

B Backbone Model Selection884

To justify our choice of the backbone model, we885

conducted a preliminary zero-shot evaluation com-886

paring Qwen-2.5-7B-Instruct (Yang et al., 2024a)887

against widely used open-source baselines, in-888

cluding Mistral-7B-v0.2 (Jiang et al., 2023a) and889

Llama-3-8B-Instruct (Touvron et al., 2023). We890

focused on intrinsic generation quality in a vanilla891

setting without retrieval augmentation to assess892

the models’ fundamental instruction-following and893

reasoning capabilities. As shown in Table 5, Qwen- 894

2.5-7B demonstrates superior performance across 895

all metrics. It achieves the highest scores in se- 896

mantic alignment (BERTScore 87.82), surpassing 897

Llama-3-8B by 0.77 points. Furthermore, it ex- 898

hibits significantly better lexical diversity (Distinct- 899

2 18.27) compared to Mistral-7B-v0.2 (14.33), sug- 900

gesting that Qwen provides a more robust founda- 901

tion for the complex reasoning tasks required by 902

our Latent Critique mechanism. 903

Table 5: Comparison of intrinsic capabilities of back-
bone models (Vanilla setting). R-L: ROUGE-L, BS:
BERTScore. Models are evaluated in a zero-shot set-
ting.

Backbone BLEU-4 R-L BS Distinct-2 Len

Mistral-7B-v0.2 2.45 18.64 86.15 14.33 39.12
Llama-3-8B-Instruct 2.98 19.82 87.05 16.51 41.80
Qwen-2.5-7B-Instruct 3.12 20.15 87.82 18.27 44.29

C Implementation Details 904

We constructed Care-ED and Care-ESConv by dis- 905

tilling Qwen-2.5-72B-Instruct (Yang et al., 2024a) 906

over the original benchmarks, indexing 25k social- 907

domain WikiHow articles via Pyserini (Lin et al., 908

2021) (BM25, k1 = 0.9, b = 0.4) with 100-word 909

chunks. Unlike standard RAG, we train with a bal- 910

anced 1:1 mixture of teacher-verified positive sam- 911

ples (decision: USE) and injected negative samples 912

(decision: IGNORE) to enforce rejection capabili- 913

ties; this training distribution serves to prevent op- 914

timization imbalance and differs from the standard- 915

ized 50% noise stress test used during inference. 916

Implementation-wise, the generator is initialized 917

with Qwen-2.5-7B-Instruct (Yang et al., 2024a) 918

and trained on 4 × NVIDIA RTX 3090 GPUs. We 919

first perform SFT (learning rate 2e-5, global batch 920

size 16, 3 epochs) and subsequently apply DPO 921

(learning rate 5e-7, β = 0.1) to align with teacher 922

preferences while preventing catastrophic forget- 923

ting. 924

D Performance of Profile Extractor 925

We evaluated the Profile Extractor using the Qwen- 926

2.5-7B-Instruct (Yang et al., 2024a) backbone. As 927

shown in Table 6, the module achieves 83.2% over- 928

all accuracy in Intent Classification. The perfor- 929

mance drop in the Mixed category (66.5%) is ex- 930

pected, reflecting the inherent subjectivity between 931

emotional venting and implicit help-seeking. Re- 932

garding Attribute Extraction, ROUGE-L scores of 933
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Table 6: Profile Extractor Performance. The de-
coupled module achieves robust classification accuracy
(Panel A) and extraction quality (Panel B).

Panel A: Intent Classification

Intent Class Support Acc. (%) Macro-F1

0: Chitchat 320 90.5 89.2
1: Emotional 280 84.8 83.5
2: Mixed 210 66.5 64.1
3: Problem 190 87.2 86.4

Overall 1000 83.2 80.8

Panel B: Attribute Extraction

Target Attribute Metric Score

Emotion (e) ROUGE-L 39.4
Personality Traits (T ) ROUGE-L 37.1

39.4 (Emotion) and 37.1 (Traits) confirm that the934

model effectively captures core semantic cues nec-935

essary for the downstream gating mechanism.936

E Inference Latency Analysis937

To assess computational overhead, we compare938

CARE against a Standard RAG baseline on 100 ran-939

domly sampled instances using a single NVIDIA940

RTX 3090 GPU. We measure decoding latency941

only, excluding retrieval and reranking, to strictly942

isolate the overhead of generating the intermedi-943

ate reasoning chain. As shown in Table 7, CARE944

incurs expectedly higher costs due to the interme-945

diate reasoning step (ẑ), adding ∼64 tokens per946

turn. While the decoding latency increases from947

0.38s to 0.72s due to the combined length of reason-948

ing and response, the total duration remains well949

under 1 second—ensuring near-real-time interac-950

tion. This represents a deliberate trade-off for the951

substantial improvements in safety and robustness952

(Section 4.2).953

Table 7: Average token generation (ẑ: reasoning, r:
response) and inference latency per turn. Response
lengths (r) align with the average ‘Len‘ reported in Main
Results.

Model Tokens Latency
ẑ r Time (s) Ratio

Standard RAG - 56.2 0.38 1.00×
CARE (Ours) 64.5 51.2 0.72 1.89×

F Complete List of Prompts954

We provide the exact system instructions used955

throughout our experiments to facilitate repro-956

ducibility. The prompts are organized into three957

categories: (1) CARE Framework (Figures 4 and 5),958

covering the data distillation and inference pipeline; 959

(2) Baseline Models (Figure 6), detailing the in- 960

structions for Vanilla LLM, Standard RAG, and 961

advanced filtering baselines; and (3) Evaluation 962

(Figure 7), presenting the standardized instruction 963

used for the GPT-4o automated judge. Note that in 964

all experiments, we applied positional randomiza- 965

tion (swapping Model A/B) and set the temperature 966

to 0 to eliminate generation variance. 967

G Human Evaluation Interface 968

We conducted a blind pairwise evaluation using 969

three graduate students majoring in Computer Sci- 970

ence as expert annotators. To ensure high inter- 971

annotator agreement, evaluators were provided 972

with the standardized interface shown in Figure 8. 973

We calculated the inter-annotator agreement using 974

Fleiss’ Kappa (Fleiss, 1971), yielding a score of 975

κ = 0.68, indicating substantial agreement (Landis 976

and Koch, 1977) among the judges. They were 977

instructed to compare two anonymized model re- 978

sponses (presented in randomized order) based on 979

three strict dimensions: Empathy, Utility, and Ro- 980

bustness. 981
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DATA CONSTRUCTION PROMPTS (TEACHER DISTILLATION)
PART 1: ROBUST RESPONSE GENERATION (SFT TARGET / DPO WINNER)
System Instruction: You are an expert data annotator. You will be given a dialogue history and a retrieved document. The

document may contain useful information, or it may be irrelevant noise. Your task is to objectively judge its value and
generate training data for a student model.
Input Fields:

• Dialogue History: The conversation context so far.

• Retrieved Document: The external knowledge snippet.

Task: 1. Analyze: Determine if the document helps solve the user’s problem without violating empathy. 2. Reasoning
Trace: Write a brief analysis explaining why the document should be used or rejected. 3. Decision: Strictly choose USE if
the document is helpful, or IGNORE if it is irrelevant or conflicting. 4. Response: Write a high-quality empathetic response
consistent with your decision.
Output JSON Format:
{
"reasoning_trace": "The user implies social anxiety. The doc suggests ’loud parties’, which is a
conflict..."
"decision": "IGNORE" or "USE"
"response": "I understand social situations can be draining. Perhaps starting with small groups..."
}

PART 2: COMPLIANCE TRAP GENERATION (DPO LOSER - NOISE ONLY)
(Only used when the ground-truth document is irrelevant/noise)
System Instruction: You are simulating a non-robust RAG model that suffers from "Blind Trust". You will be given a

dialogue history and an irrelevant/noisy document.
Task: 1. Force Utilization: Ignore the fact that the document is irrelevant or conflicting. 2. Generate Response: Write
a response that explicitly incorporates the advice from the noisy document, even if it contradicts the user’s emotion or
context. This will serve as a "negative example" to train the model what not to do.
Output JSON Format:
{
"decision": "USE",
"response": "You should definitely try [Insert Noisy Advice] as mentioned in the document..."
}

Figure 4: Data Construction Prompts. Part 1 generates the high-quality reasoning traces and robust responses
used for SFT and as the “Winner” in DPO. Part 2 generates the “Loser” responses (Compliance Trap) specifically
for the DPO stage, forcing the teacher to simulate blind trust in noise.
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2. CARE INFERENCE STAGE 1: PROFILE EXTRACTOR & GATING

System Instruction: You are CARE, an empathetic support assistant specialized in user profiling.
Task Definition: 1. Profile Extraction: Analyze the dialogue history to extract the user’s current [Emotion] (e) and
[Personality Traits] (T ). 2. Intent Classification (Gating): Determine if the user requires external information. Classify
the intent into one of the following:
• Class 0 (Chitchat): Casual greeting or small talk. (Action: NO_SEARCH)

• Class 1 (Emotional Venting): User purely needs emotional validation. (Action: NO_SEARCH)

• Class 2 (Mixed): User expresses feelings but implicitly implies a problem. (Action: SEARCH)

• Class 3 (Problem-Solving): User explicitly asks for advice. (Action: SEARCH)
3. Query Generation: IF AND ONLY IF the class is 2 or 3, generate a search query (qt).
Output Format (JSON): {"emotion": "...", "traits": ["..."], "intent_class": 0-3, "search_query":
"..."}

3. CARE INFERENCE STAGE 3: LATENT CRITIQUE & GENERATOR

System Instruction: You are CARE, an empathetic support assistant. You have access to external knowledge, but it may be
irrelevant. You must perform Self-Reflective Reasoning before answering.
Input Context (X):
• User Profile (P̂ ): {Imported from Stage 1}

• Retrieved Document (D): {Document Content} (Warning: May contain noise)
Task Definition: 1. Latent Critique (ẑ): Critically evaluate the retrieved document.
• Check for Irrelevance: Is the document topic unrelated to the user’s problem?

• Check for Tone Conflict: Does the advice clash with the user’s emotional state?
2. Decision (ddec):
• Output USE if the document is helpful and safe.

• Output IGNORE if the document is irrelevant or conflicting.
3. Response Generation (y): Generate a warm response. If IGNORE was chosen, answer based on your internal knowledge
and ignore the document.
Output Format: Trace: [Reasoning logic] -> Decision: [USE/IGNORE] -> Response: [Final Answer]

Figure 5: CARE Inference Prompts. Top: The Profile Extractor for attribute extraction and gating. Bottom:
The Generator prompt. Note: The "Trace" and "Decision" are intermediate outputs used for grounding. They are
programmatically filtered out before the final response is presented to the user, effectively acting as latent variables.
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BASELINE INFERENCE PROMPTS (FOR ROBUSTNESS EVALUATION)
1. Vanilla LLM (No RAG)
Setting: Direct generation based on dialogue history.

System Instruction: You are a helpful and empathetic support assistant. Read the dialogue history carefully and provide a
warm, supportive response to the user. Do not make up facts.

2. Standard RAG (Prompted for Robustness)
Setting: Standard RAG adapted with Inference-Time Prompting to enable rejection capability.

System Instruction: You are a helpful assistant. You have been given retrieved background information. First, determine
if the information is helpful to the user’s query.

• If it is helpful, start your response with [USE].

• If it is irrelevant or conflicting, start your response with [IGNORE].

Then, generate an empathetic response (using the info only if marked [USE]).
Background Information: {Document Content}
Dialogue History: {History}

3. Confidence-Aware RAG
Setting: Adapted from Active RAG (Jiang et al., 2023b). Simulates confidence-based routing where the model assesses
utility to fallback to parametric knowledge.

System Instruction: You are an assistant. You have been given a retrieved document. Step 1: Confidence Assessment.
Determine if the document is helpful and reliable for the user’s query. Step 2: Decision.

• If high confidence: Start with [USE] and answer based on the document.

• If low confidence or irrelevant: Start with [IGNORE] and answer based solely on your internal knowledge.

Step 3: Generation. Generate the response following your decision.

4. Self-RAG (Adapted)
Setting: Adapted from Self-RAG (Asai et al., 2024). Forces the generation of reflection tokens (mapped to [USE]/[IGNORE])
prior to response construction.

System Instruction: Given a retrieved document and a dialogue history, you must strictly follow this format to critique and
generate:

1. Reflection: Output [USE] if the document provides relevant evidence, or [IGNORE] if it is irrelevant.

2. Response:

• If [USE]: Generate the response supported by the document and explicitly cite the evidence (e.g., "According
to the document...").

• If [IGNORE]: Generate a standard response without referring to the document.

Figure 6: Inference System Instructions for Baselines. To ensure a fair comparison of robustness (CRS), we
explicitly instruct all baselines (including Standard RAG) to output a decision token ([USE] or [IGNORE]) before
generation. This setup serves as a “Strong Baseline”, granting them the theoretical capability to reject noise via
in-context learning.
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4. AUTOMATED EVALUATION (GPT-4O JUDGE)
System Instruction: You are an impartial and expert evaluator of dialogue systems. You will be provided with a dialogue
history, a user query, and two model responses (Model A and Model B).
Task: Compare the two responses and determine which one is better based on the following criteria. Do not let response
length influence your decision.
Evaluation Criteria: 1. Empathy: Does the model validate the user’s feelings? (Is the tone warm vs. cold?) 2. Utility:
Does it provide concrete, actionable advice relevant to the query? 3. Robustness (Crucial): - Does the model avoid "Blind
Trust" in irrelevant retrieved information? - Does it avoid hallucinations or forcing advice when the user just needs to vent?
Output Format: Return a strictly valid JSON object with scores (1.00-5.00) using 2 decimal places and a final winner:
{
"analysis": "Model A is more empathetic...",
"scores": {"Model_A": {"Empathy": 4.50, "Utility": 3.75, "Robustness": 5.00}, "Model_B": {...}},
"winner": "Model A" (or "Model B" / "Tie")
}

Figure 7: GPT-4o Judge Prompt. The instruction used for pairwise automated evaluation. To ensure rigorous
evaluation, we set the temperature to 0 and randomized the order of Model A and Model B for every sample to
mitigate positional bias.
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TASK: EMPATHETIC DIALOGUE EVALUATION

1. CONTEXT READING
Please carefully read the Dialogue History and the User’s Current Query. Identify the user’s core emotion (e.g., anxiety,
sadness) and their specific need (venting vs. solution-seeking).

2. RESPONSE COMPARISON
You will see two responses: Model A and Model B. (Note: Models are anonymized and the order is randomized for each
sample).

3. EVALUATION CRITERIA
Compare the responses based on the following three dimensions:

• Dimension 1: Empathy (Emotional Resonance)

– Check: Does the AI explicitly acknowledge the user’s feelings? Is the tone warm?
– Bad: "Okay.", "You should do X." (Cold/Lecturing)
– Good: "It sounds incredibly frustrating to deal with that..." (Validating)

• Dimension 2: Utility (Helpfulness)

– Check: If the user has a specific problem, does the AI provide actionable advice?
– Bad: "Don’t worry about it." (Vague/Dismissive)
– Good: "You might consider trying [Specific Method]..." (Constructive)

• Dimension 3: Robustness (Safety & Knowledge Intrusion)

– Relevance Check: Does the AI avoid "Blind Trust" in irrelevant information?
– Safety Check: Does the response avoid unsafe or overly harsh advice given the user’s vulnerable state?
– Failure Case (Intrusion): The AI forces retrieved content into the response even when it doesn’t fit the

conversation flow.

Reference Example: Knowledge Intrusion (Robustness Failure)
User: "I feel so lonely after the breakup."

Noise Doc: "How to repair a car engine."
Model A (Bad): "I’m sorry. Maybe you can repair a car engine to feel better." (Hallucinated link)
Model B (Good): "I hear how painful this is for you. Take time to heal." (Correctly ignores noise)
Verdict: Model B is clearly better on Robustness.

4. FINAL VERDICT (NET UTILITY)
Balancing Empathy, Utility, and Robustness, which response is better for the user?
Note: Please do not let response length or formatting influence your decision. Focus on the content quality.

⃝ Model A Wins: Clearly better (on at least one dimension without critical failures).

⃝ Model B Wins: Clearly better (on at least one dimension without critical failures).

⃝ Tie: Both are equally good (or equally bad).

Figure 8: Human Evaluation Interface. The standardized instructions provided to the three expert annotators.
We explicitly included a "Reference Example" (shaded box) to clarify the definition of Knowledge Intrusion and
Robustness.
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