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Abstract001

While Large Language Models (LLMs) have002
significantly advanced the fluency of Emotional003
Support Conversation (ESC) systems, current004
research predominantly focuses on engineering005
increasingly complex architectures—from intri-006
cate reasoning chains to multi-agent collabora-007
tions. This trend results in opaque "black box"008
models that obscure the fundamental causal009
mechanisms between dialogue features and ef-010
fective empathic strategies, leading to poor in-011
terpretability and susceptibility to distribution012
shifts in offline learning. To address these limi-013
tations, we propose a novel framework Causal-014
ESC. Departing from conventional paradigms015
that directly utilize raw dialogue history as in-016
put, our approach introduces Doubly Robust017
(DR) learning to explicitly model the causal018
effect of utterance features on strategy selec-019
tion, effectively mitigating the biases and coun-020
terfactual unobservability inherent in offline021
datasets. We further integrate an LLM-based022
stylized rewriting mechanism to translate these023
rigorously learned causal strategies into natu-024
ral, context-consistent responses. Comprehen-025
sive experiments, supported by statistical ver-026
ification (e.g., Outcome R2) and human-like027
evaluation, demonstrate that our framework not028
only significantly outperforms state-of-the-art029
baselines in empathy and helpfulness but also030
provides a theoretically grounded, interpretable031
solution to the "black box" dilemma in affective032
computing.033

1 Introduction034

Empathy, defined as the ability to understand and035

share the feelings of others, serves as the corner-036

stone of effective human communication (Decety037

and Jackson, 2004; Cohen and Strayer, 1996). In038

the realm of Human-Computer Interaction (HCI)039

(Paiva et al., 2017). Emotional Support Conversa-040

tion (ESC) represents a more advanced and chal-041

lenging task. Pioneered by the release of the ES-042

Conv dataset (Liu et al., 2021), ESC aims not043

My coworker expects me to do things the way she does 

and is …

𝐸ℎ𝑖𝑠𝑡𝑜𝑟𝑦 + 𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡

I'm sure that's terribly frustrating having 

someone treat you like that. 
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Figure 1: Causal-ESC learns strategies by analyzing
the causal relationship between strategies and specific
features, and generates corresponding responses.

only to express empathy but also to reduce the 044

user’s emotional distress through specific counsel- 045

ing strategies (e.g., questioning, reflection, and sug- 046

gestion) within a multi-turn interaction. 047

Early research in ESC primarily relied on 048

pipeline approaches (Liu et al., 2021) or joint learn- 049

ing frameworks (Tu et al., 2022; Peng et al., 2022) 050

based on Pre-trained Language Models (PLMs) 051

like BART (Lewis et al., 2020) or BlenderBot 052

(Roller et al., 2021). These methods typically 053

treated strategy prediction and response genera- 054

tion as auxiliary tasks. Recently, the paradigm 055

has shifted towards utilizing Large Language Mod- 056

els (LLMs) for ESC (Deng et al., 2023; Zheng 057

et al., 2022; Hua et al., 2025), leveraging their emer- 058

gent reasoning and instruction-following capabili- 059

ties. Researchers have explored Chain-of-Thought 060
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(CoT) (Wei et al., 2022) prompting to explicitly061

guide LLMs through the cognitive process of psy-062

chological counseling.063

Nevertheless, a critical methodological limita-064

tion persists: current approaches are predominantly065

oriented towards engineering an increasingly po-066

tent "black box," rather than attempting to decon-067

struct or minimize the opacity of the generation068

process. Instead of isolating the causal drivers of069

empathy to simplify model inference, recent works070

continue to stack intricate reasoning modules and071

multi-agent interactions to force performance gains.072

This trajectory exacerbates the disconnection be-073

tween input features and the final empathic out-074

come, leaving the fundamental question of why075

a specific strategy yields a superior result unan-076

swered. Such a lack of interpretability not only hin-077

ders effective error analysis but also raises serious078

concerns regarding system reliability in sensitive079

mental health contexts. Furthermore, the practi-080

cal deployment of these systems faces significant081

hurdles: researchers are often caught in a dilemma082

between the susceptibility of offline learning to se-083

vere overfitting (Fujimoto et al., 2019; Levine et al.,084

2020) and the prohibitive costs associated with on-085

line training—particularly when employing RLHF086

(Ouyang et al., 2022), while the inherent subjectiv-087

ity of the empathy task makes it intrinsically chal-088

lenging to define a universal "gold standard" for089

optimization (Yang et al., 2024; Liu et al., 2016).090

To address these issues, we propose a novel091

framework Causal-ESC. Unlike previous methods092

that treat strategy selection as a black-box clas-093

sification task, our work introduces Doubly Ro-094

bust (DR) learning (Bang and Robins, 2005) to095

explicitly model the causal mechanism between096

dialogue utterance features and the deployment of097

emotional strategies. As shown in Figure 1, this098

approach enhances the interpretability of the sys-099

tem by isolating the true causal drivers of empathy100

from spurious correlations. Furthermore, to bridge101

the gap between abstract strategy formulation and102

natural language generation, we employ an LLM-103

based stylized rewriting mechanism. This module104

generates responses that are strictly aligned with105

the identified causal strategies while maintaining106

high content consistency. To rigorously validate107

the credibility of our learned strategies, we pose a108

fundamental research question:109

RQ) Are these features genuinely causally re-110

lated to empathy strategies, and what is the strength111

of this relationship?112

We answer this through comprehensive statisti- 113

cal analyses—including Outcome R2 and propen- 114

sity score distribution examinations—thereby veri- 115

fying the validity of the causal links. 116

In summary, the contributions of our work are as 117

follows: 118

(1) We pioneer the application of causal analysis 119

to empathic policy learning, effectively reducing 120

the opacity of the model ("de-black-boxing") and 121

enhancing interpretability. By statistically quanti- 122

fying the impact of specific features on strategy se- 123

lection, we provide a mathematical and theoretical 124

foundation for the mechanics of empathic dialogue. 125

(2) We propose a pipeline framework combin- 126

ing Doubly Robust learning with LLM-based styl- 127

ized generation, which effectively mitigates com- 128

mon challenges in offline policy learning, such as 129

distribution shift and unobservable counterfactu- 130

als. Additionally, the two-stage stylized generation 131

framework can alleviate part of the subjectivity in 132

generative process. 133

(3) Extensive experiments demonstrate that our 134

causality-grounded policy model is statistically 135

more reliable and achieves significant performance 136

improvements over both traditional and SOTA 137

LLM-based empathic dialogue methods. Hu- 138

man evaluation results further confirm that our 139

method generates more appropriate and support- 140

ive responses compared to existing baselines. 141

2 Related Work 142

Existing research on ESC can be broadly catego- 143

rized into two paradigms based on how they han- 144

dle counseling strategies: Explicit Policy Learning, 145

which treats strategy selection as a distinct classifi- 146

cation task prior to generation, and Implicit Policy 147

Learning, which models empathy and strategy la- 148

tently within an end-to-end generation process. 149

2.1 Explicit Policy Learning Methods 150

Explicit methods operate on a pipeline where the 151

model first predicts a specific support strategy (e.g., 152

Question, Reflection) to guide response generation. 153

Traditional approaches like the ESConv baseline 154

(Liu et al., 2021) and graph-based models such 155

as MISC (Tu et al., 2022) and KEMP (Li et al., 156

2022) utilized commonsense knowledge and aux- 157

iliary classification tasks to predict strategy labels, 158

though they often suffered from error propagation. 159

In the era of Large Language Models (LLMs), 160

this paradigm has evolved into "Planning-based" 161
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generation using Chain-of-Thought (CoT). Recent162

works like MultiESC (Cheng et al., 2022) and Cog-163

nitive Prompting (Majumder et al., 2022) lever-164

age the instruction-following capabilities of LLMs165

to explicitly generate a "thought" process or plan166

the strategy before producing the final utterance,167

thereby making the decision-making step more in-168

terpretable.169

2.2 Implicit Policy Learning Methods170

Implicit methods aim to internalize the logic of171

emotional support without relying on hard strat-172

egy labels during inference. Early neural mod-173

els such as MIME (Majumder et al., 2020) and174

GLHG (Peng et al., 2022) focused on learning la-175

tent representations of emotion and hierarchical176

dialogue structures to naturally weave empathy177

into responses. With the shift to LLMs, implicit178

learning has manifested through data augmenta-179

tion and multi-agent collaboration. For instance,180

AugESC (Zheng et al., 2022) fine-tunes models181

on LLM-augmented data to learn support patterns182

implicitly, while Chatcounselor (Liu et al., 2023)183

has fine-tuned its prompts based on the actual con-184

versations between clients and professional psy-185

chologists. These approaches rely on the emergent186

reasoning of LLMs to handle empathetic nuances187

as a latent byproduct of high-quality generation,188

rather than through rigid classification.189

3 Problem Formulation190

The empathetic dialogue task is defined as a con-191

ditional text generation problem within a specific192

scenario. It aims not only to understand the se-193

mantic content of the conversation but also to ac-194

curately perceive the user’s emotional state and195

generate responses that are emotionally appropri-196

ate (e.g., comforting, encouraging, empathetic) and197

contextually coherent (Rashkin et al., 2019; Zhou198

et al., 2018). Formally, a dialogue session con-199

sists of T turns. In the t-th turn, the Speaker (user)200

initiates or continues the conversation describing201

their situation, and the Listener (system) responds.202

Let Ct = {u1, r1, u2, r2, ..., ut} denote the dia-203

logue context history up to the current turn, where204

u represents the user’s utterance and r represents205

the system’s response. The goal of the task is to206

learn a generation probability distribution p(r|Ct).207

To enhance interpretability and emotional control,208

we explicitly decompose the traditional end-to-end209

generation task into two stages: Policy Decision210

and Response Generation. The generation proba- 211

bility is formulated as: 212

p(r|Ct) =
∑
d∈D

p(r|d,Ct) · p(d|Ct) (1) 213

where d represents a latent action selected from a 214

predefined space of empathetic strategies D. 215

4 Method 216

Our method consists of two sub-tasks: Empathetic 217

Policy Learning and Strategy-styled Response Gen- 218

eration. First, the Policy Learning Module lever- 219

ages Doubly Robust (DR) learning to infer the opti- 220

mal empathetic strategy d∗ from offline logs based 221

on the dialogue state. Second, the Response Gener- 222

ation Module generates a response r conditioned 223

on both the selected strategy d∗ and the context 224

Ct. Finally, the two modules are combined to com- 225

plete the empathetic dialogue generation. Figure 226

2 illustrates the overall workflow of our proposed 227

method. This section focuses on the DR-based 228

policy learning framework. 229

4.1 Empathetic Policy Learning 230

We employ a Doubly Robust learning approach to 231

train the policy network offline. The core objective 232

of this sub-task is to learn a Target Policy πθ(d|x) 233

that maximizes the Expected Cumulative Senti- 234

ment Gain (Y ) across the user population (Dudík 235

et al., 2011). The objective function is defined as: 236

J (πθ) = Ex∼P (x),d∼πθ(·|x)[r(x, d)] (2) 237

where x represents the dialogue context features, 238

d is the empathetic strategy adopted, and r(x, d) 239

denotes the observed reward generated by the strat- 240

egy. 241

4.1.1 Feature Extraction and State 242

Representation 243

Traditional empathetic dialogue models typically 244

encode raw dialogue text directly via Transformer 245

encoders as input embeddings. However, since the 246

noise processing within attention mechanisms is 247

implicit and difficult to control, using raw embed- 248

dings alone can lead to unstable policy learning. 249

Following (Sharma et al., 2020), we explicitly ex- 250

tract features strongly correlated with empathy to 251

construct a robust state vector x. The state x is con- 252

structed by concatenating the historical semantic 253

embedding with five explicit feature components: 254

x = [hcontext⊕hdesc⊕hinit⊕hturn⊕hcuur⊕hprev]
(3) 255
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My coworker expects me to do things the 
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to do things my way and it is still okay. I 
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Turn: 2
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Figure 2: The overall framework of Causal-ESC. The left part is Empathetic Policy Learning, which generates the
optimal strategy dbest. The right part is Strategy-Stylized Response Generation, which generates the final response
based on dbest.

The components are defined as follows: Context256

Embedding (hcontext): The semantic vector of the257

dialogue history encoded by a pre-trained language258

model (e.g., Transformer). Problem Description259

Embedding (hdesc): Represents the background260

and topic of the conversation (e.g., "job crisis",261

"sleep problems"). Initial Emotion State (hinit):262

The user’s emotion vector at the beginning of the263

session, serving as a baseline for emotional change.264

Turn Information (hturn): The normalized dia-265

logue turn index t/Tmax, indicating the stage of266

the conversation (e.g., greeting strategies are fre-267

quent in early stages, while suggestions appear268

later). Current Sentiment (hcuur): A vector quan-269

tifying the sentiment intensity of the current ut-270

terance, extracted using a sentiment analysis tool271

(Zhou et al., 2023). Previous Strategy (hprev):272

The one-hot encoding of the system’s strategy dt−1273

from the previous turn, used to maintain policy274

continuity.275

4.1.2 Action Space and Reward Function276

Empathetic Strategy Space (D): Following the tax-277

onomy in the ESConv dataset (Liu et al., 2021), we278

categorize the listener’s strategies into K = 8 dis-279

tinct types, denoted as D = {d1, d2, ..., dK} (e.g.,280

Affirmation, Reflection; see Appendix for details).281

Observed Reward (y): Based on the theory of emo-282

tional regulation in psychology (Gross, 1998), we283

quantify the effectiveness of a strategy by calculat-284

ing the change in user sentiment before and after285

the response. Let f(·) be a sentiment scoring func-286

tion, which is implemented by the scorer according 287

to (Hartmann, 2022). the reward is defined as: 288

y = ∆e = f(ut+1)− f(ut) (4) 289

The rationale behind the setting of y is detailed in 290

the Experiments section. 291

4.1.3 Doubly Robust Policy Optimization 292

We learn from an observational dataset S = 293

{(xi, di, yi)}Ni=1, where actions di were generated 294

by a Behavior Policy (i.e., human counselors), de- 295

noted as πb(d|x) . This introduces selection bias. 296

To address this while maintaining low variance, we 297

adopt the Doubly Robust (DR) estimator to evalu- 298

ate and optimize the new policy πθ. 299

Direct Method (DM) Trains a regression model 300

(Reward Model) Q̂ϕ(x, d) to fit the observed re- 301

wards, predicting the expected sentiment change 302

for a given state-action pair: 303

V̂DM (πθ) = ES

[∑
d∈D

πθ(d | x)Q̂ϕ(x, d)

]
(5) 304

Inverse Propensity Weighting (IPW) Trains a 305

classification model to estimate the propensity 306

score π̂b(d|x) of the behavior policy and weights 307

the observed data to simulate a randomized experi- 308

ment. 309

V̂IPW (πθ) = ES

[
πθ (di | xi)
π̂b (di | xi)

yi

]
(6) 310
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The Doubly Robust (DR) Estimator uses the re-311

gression model Q̂ as a baseline to reduce the vari-312

ance of IPW, while using the IPW term to correct313

the bias of the regression model. For each sam-314

ple (x, d, y), the estimated DR reward vector for315

the target policy πθ across the full action space is316

defined as:317

r̂DR(x, d = k) = Q̂ϕ(x, k) +
I (dobs = k)

π̂b(k | x)(
yobs − Q̂ϕ(x, k)

) (7)318

Where I (dobs = k) is an indicator function, mean-319

ing that if the actual action di in the historical data320

exactly matches the current action, the value will321

be 1. To efficiently learn the empathetic policy, we322

first pre-train the propensity network πb and the323

reward network Q̂ϕ via supervised learning. Dur-324

ing the policy learning phase, we freeze these two325

networks and optimize the policy network πθ by326

minimizing the negative expected DR reward:327

L(θ) = − 1

N

N∑
i=1

K∑
k=1

πθ (k | xi)
(
Q̂ϕ (xi, k)+

I (di = k)

π̂b (k | xi)

(
yi − Q̂ϕ (xi, k)

)
(8)328

To improve numerical stability, following (Swami-329

nathan and Joachims, 2015), we apply Propensity330

Clipping. We set a threshold δ > 0 and use max331

(π̂b(d|x), δ) in the denominator to prevent gradient332

explosion caused by extremely small probabilities.333

(See Appendix for the detailed algorithm).334

4.1.4 Causal Analysis335

This section introduces several metrics for causal336

analysis to validate the effectiveness and suitability337

of the proposed features. Based on the Inverse338

Probability Weighting (IPW) equation 6, we define339

the importance weight as ρi =
πθ(di|xi)
π̂b(di|xi)

. Using this340

defined weights, the following diagnostic metrics341

are reported:342

Outcome R2 and Propensity R2: These quan-343

tify the goodness-of-fit for the reward model and344

the behavior policy, respectively. While Outcome345

R2 measures predictive accuracy, Propensity R2 is346

crucial for checking if the model captures the under-347

lying treatment assignment mechanism (Voloshin348

et al., 2019).349

Effective Sample Size (ESS): Adapted from350

Kish’s approximation (Freeman, 1966), ESS mea-351

sures the effective number of samples supporting352

the counterfactual estimate, defined as: 353

ESS ≈

(∑N
i=1 ρi

)2

∑N
i=1 ρ

2
i

(9) 354

A low ESS implies that the estimator is dominated 355

by a few data points with extreme weights, signal- 356

ing severe positivity violations. 357

IPW Variance: Calculated as V ar(ρ), high 358

variance indicates instability in the weighting pro- 359

cess and susceptibility to distribution shifts. 360

4.2 Strategy-Stylized Response Generation 361

Upon determining the optimal strategy dbest, we 362

formulate the response generation as a strategy- 363

driven stylized rewriting task. To endow the 364

response with distinct strategic stylistic features 365

while maintaining conversational logical consis- 366

tency, we propose a two-stage framework based on 367

the "generate-then-rewrite" paradigm. 368

4.2.1 Construction of Style Demonstration 369

Pool 370

To provide high-quality stylistic references during 371

prompt construction while mitigating the risk of 372

overfitting caused by excessive reliance on redun- 373

dant data, we adopt a sparse sampling strategy to 374

construct the demonstration pool. Specifically, we 375

randomly sample a subset containing γ = 20% 376

of the original training data to construct a set of 377

strategy-response pairs, denoted as the demonstra- 378

tion pool Ωpool = {(di, ri)}Ni=1. This compact pool 379

Ωpool serves as the sole source for retrieving few- 380

shot examples in the subsequent rewriting stage. 381

By limiting the scale of the demonstration pool, we 382

aim to encourage the model to capture the general 383

distributional features of the strategic styles rather 384

than mechanically memorizing specific training 385

samples. 386

4.2.2 Stage I: Context-Aware Content 387

Generation 388

The objective of this stage is to generate a content 389

draft that is semantically accurate and highly rele- 390

vant to the context. Given the dialogue history C 391

and the predicted optimal strategy dbest, we first uti- 392

lize the LLM to generate an intermediate response 393

r̂content that satisfies the strategic intent but is not 394

explicitly constrained by stylistic features. 395

This generation process is modeled as maximiz- 396

ing the following conditional probability: 397

r̂content = argmax
r

Pθ(r|C, dbest) (10) 398
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Figure 3: Feature Importance Analysis on Propensity
R2 and DR Policy Value.

Here, r̂content ensures the coherence of the re-399

sponse with respect to the context C at the logical400

level, providing a solid semantic foundation for the401

subsequent stylization.402

4.2.3 Stage II: Prompt-Based Stylized403

Rewriting404

In the second stage, the focus shifts to the align-405

ment of linguistic style. We design a rewriting406

prompt to guide the model in mapping the interme-407

diate response r̂content into the target strategic style408

space. Based on the current strategy dbest, we re-409

trieve the l most relevant samples from the demon-410

stration pool Ωpool as in-context exemplars. The411

final stylized response rfinal is generated through412

the following rewriting process:413

r̂content = argmax
r

Pϕ(r|r̂content, Irewrite,

T opK(dbest,Ωpool))
(11)414

where Irewrite represents the style transfer instruc-415

tion, and TopK(·) denotes the retrieval of stylistic416

exemplars based on semantic similarity. Through417

this process, the model reconstructs the syntax,418

tone, and wording of r̂content to align with the tar-419

get style while preserving its core semantics. 1420

5 Experimentals421

5.1 Datasets422

We conduct experiments on EmpatheticDialogues423

(Rashkin et al., 2019) and ESConv (Liu et al., 2021).424

EmpatheticDialogues contains 25k open-domain425

conversations grounded in 32 fine-grained emo-426

tions. ESConv focuses on Emotional Support Con-427

versation, consisting of long-range dialogues incor-428

porating specific support strategies to alleviate user429

distress.430

1The detailed prompt is shown in the appendix.

Metric instructor-larg e5-large

History
Only

Causal
ESC

History
Only

Causal
ESC

DR Policy
Value 0.796 0.814 0.759 0.786

Outcome
Model R2 0.851 0.865 0.842 0.856

Propensity
Model R2 0.126 0.285 0.157 0.261

ESS 0.362 1.653 0.103 1.247
IPW Variance 19.11 4.75 25.11 6.59

Table 1: Comparison of metrics after using different
model embeddings: only historical versus added fea-
tures.

5.2 Baseline Methods & Automatic Metrics 431

We compare the Causal-ESC against several state- 432

of-the-art baselines, categorized into explicit and 433

implicit strategy methods. 434

Explicit Strategy Methods: MISC (Tu et al., 435

2022) incorporates fine-grained emotion detection 436

and strategy selection within a unified framework. 437

KEMP (Li et al., 2022) enhances context under- 438

standing by leveraging ConceptNet to model emo- 439

tional dependencies explicitly. Multi-ESC (Cheng 440

et al., 2022) utilizes multi-turn context to predict 441

specific emotional strategies, steering the model to 442

generate strategy-aware responses. 443

Implicit Strategy Methods: MIME (Majumder 444

et al., 2020) mimics human empathetic behavior 445

by clustering emotions into positive and negative 446

groups to influence generation. GLHG (Peng et al., 447

2022) constructs a global-local hierarchical graph 448

to capture subtle interaction dynamics and context 449

implicitly. Sibyl (Wang et al., 2025) focuses on cap- 450

turing latent conversational topics and sentiment 451

shifts to provide diverse and contextually relevant 452

responses without explicit strategy constraints. 453

For the evaluation metrics, we utilize Accuracy 454

(Acc.) to measure the correctness of explicit strat- 455

egy selection. For the generated responses, we 456

employ BLEU (Papineni et al., 2002), ROUGE-L 457

(ROU-L.) (Lin, 2004), METEOR (MET.) (Baner- 458

jee and Lavie, 2004), and Distinct-n (Dist-n) (Li 459

et al., 2016) to assess the generation quality. 460

5.3 DR Estimator Validation and Stability 461

Analysis 462

Table 1 compares our feature selection method 463

(Sec.4.1.1) with raw embedding baselines 464

(instructor-large (Su et al., 2023) and e5-large 465

(Wang et al., 2022)). Reported values are averaged 466
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Method ACC. BLEU-2 BLEU-4 Dist-1 Dist-2 Rou-L MET.

Explicit Strategy
Methods

MISC 31.61 7.31 2.20 4.41 19.71 17.91 5.16
KEMP 39.31 7.82 2.34 4.87 22.55 18.69 6.42
Muti-ESC 42.01 9.18 3.09 5.34 25.90 20.41 8.84

Implicit Strategy
Methods

MIME - 5.23 1.17 2.11 10.94 14.74 6.43
GLHG - 7.57 2.13 3.50 21.61 16.37 7.52
GPT-4o - 8.45 3.93 6.43 31.39 18.86 8.5
Sibyl - 9.02 4.10 6.52 32.09 19.20 9.65
Causal-ESC 53.53 9.54 4.07 8.25 40.86 22.15 10.23

Table 2: Automatic Evaluation Results on ESConv.

Method BLEU-2 BLEU-4 Dist-1 Dist-2 Rou-L MET.
Explicit Strategy

Methods
MISC 7.63 2.56 4.57 20.18 17.65 6.21
KEMP 8.05 2.79 5.04 23.50 19.17 7.08

Implicit Strategy
Methods

MIME 6.42 2.36 2.94 12.58 15.21 6.80
GLHG 8.51 3.62 4.91 25.75 15.46 8.63
GPT-4o 9.73 5.62 14.23 38.97 14.01 10.66
Sibyl 10.25 7.57 9.70 39.86 21.20 10.09
Causal-ESC 10.74 7.10 10.25 42.69 25.74 11.48

Table 3: Automatic Evaluation Results on Empathetic Dialogues.

over multiple runs using 20% data samples with467

varying random seeds. It can be observed that468

using e5-large as the encoder yields overall469

performance inferior to instructor-large, which can470

be attributed to the encoder size, as the T5-based471

model demonstrates a stronger ability to capture472

textual features. Under the same encoder setting,473

although History Only achieves high Policy Value474

and Outcome R2, both the Propensity and ESS475

remain very low. This indicates that the raw history476

embeddings function as a "black box"—they can477

overfit the reward signal (high Outcome R2) but478

fail to disentangle the causal factors driving strat-479

egy selection (low Propensity R2). The near-zero480

ESS confirms that the baseline suffers from severe481

positivity violations, meaning the learned policy482

relies almost entirely on extrapolation rather than483

valid causal overlap.484

5.4 Necessity of Feature Representation485

While Section 4.1.1 theoretically grounded the con-486

struction of our feature set (hdesc ⊕ ... ⊕ hprev)487

in psychological principles, we now provide em-488

pirical statistical validation to verify their neces-489

sity and quantify their individual contributions. To490

empirically measure the influence and "weight"491

of each component, we conduct an ablation study492

by individually removing specific features from493

the full input vector and observing the subsequent494

performance degradation. Figure 3 shows the im-495

pact of these exclusions on two critical dimen-496

sions(Propensity R2 and DR Policy Value), We ob- 497

serve distinct functional roles across features: emo- 498

tional intensity (hcurr) acts as the primary causal 499

anchor for strategy selection (dominant Propensity 500

drop, ∆ = 0.25), and simultaneously, semantic 501

content (hcontext) and temporal dynamics (hturn) 502

serve as the decisive drivers for response quality 503

(major DR Value drops, ∆ = 0.17 and 0.14). This 504

confirms that emotion triggers the intent, and con- 505

currently, precise context and timing dictate the 506

outcome. Concurrently, the significant degradation 507

in these metrics upon feature removal also validates 508

the rationality of our reward signal y in Equation4, 509

confirming its sensitivity to contextually vital infor- 510

mation. 511

5.5 Main Result 512

We evaluated the Causal-ESC against state-of-the- 513

art baselines on both the ESConv and ED datasets, 514

with the comparative results summarized in Table 515

2 and 3. The generally higher scores on ED are due 516

to its shorter dialogue turns and lower complexity 517

relative to ESConv. Regarding generation quality, 518

while our BLEU-4 score is marginally lower than 519

the optimal baseline, the BLEU-2 score is higher. 520

This trade-off implies that our model aligns well 521

with ground-truth keywords while avoiding over- 522

fitting, thereby generating more diverse responses. 523

This improved richness is also evidenced by the 524

significant gains in the Distinct (Dist) metrics. 525

Figure 4 presents the human evaluation results 526
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Flu.

Com.

Sup.

Sug.

All

13.4 74.3 12.3

35.6 45.2 19.2

37.1 40.6 22.3

36.4 38.2 25.4

28.5 50.7 20.8

+ CEPL Wins Tie Sibyl Wins

19.3 67.1 13.6

35.9 43.2 20.9

36.5 42.7 20.8

38.6 35.2 26.2

30.8 47.4 21.8

+ CEPL Wins Tie GPT-4o Wins

29.5 54.0 16.5

37.7 37.6 24.7

38.1 35.2 26.7

55.9 20.8 23.3

36.6 35.3 28.1

+ CEPL Wins Tie GLHG Wins

30.7 50.6 18.7

53.6 18.5 27.9

46.1 28.4 25.5

38.0 30.2 31.8

47.9 25.8 26.3

+ CEPL Wins Tie KEMP Wins

33.9 43.5 22.6

58.6 8.1 33.3

47.2 19.6 33.2

43.4 25.7 30.9

45.3 20.5 34.2

+ CEPL Wins Tie MISC Wins

Figure 4: Human A/B test on ESConv (%) dataset.

Method BLEU-2 BLEU-4 Dist-1 Dist-2 Rou-L MET.

GPT-4o
Causal-ESC 9.54 4.07 8.25 40.86 22.15 10.23

w/o Empathetic Policy 8.45 3.83 6.43 31.39 18.86 8.5
w/o Stylized Rewriting 9.27 3.95 6.45 31.75 19.26 9.2

DeepSeek-R1
Causal-ESC 9.26 3.89 7.94 37.25 21.67 9.4

w/o Empathetic Policy 8.32 3.71 6.16 28.67 17.16 8.1
w/o Stylized Rewriting 8.61 3.85 6.15 28.82 18.44 8.9

Table 4: The ablation experiment results on GPT-4o and DeepSeek.

on the ESConv dataset. We compared Causal-ESC527

with SOTA baselines using five metrics adapted528

from (Peng et al., 2022): Fluency (Flu.), Comfort-529

ing (Com.), Supportive (Sup.), Suggestion (Sug.),530

and Overall (All.). For this evaluation, we ran-531

domly selected 50 dialogue samples, which were532

assessed by five professional annotators. The re-533

sults show statistically significant improvements534

(p = 0.023 < 0.05) with a Kappa coefficient535

of 0.43, reflecting moderate inter-annotator agree-536

ment. The results indicate a substantial proportion537

of ties when comparing our model with large mod-538

els like Sibyl and GPT-4o. Despite this, Causal-539

ESC still outperforms them overall by margins of540

7.7% and 9%, respectively. In contrast, against541

GLHG, KEMP, and MISC, the frequency of ties542

notably diminishes, translating into a more dis-543

tinct winning advantage. Furthermore, Causal-ESC544

demonstrates consistent superiority across all eval-545

uated metrics.546

5.6 Ablation Experiment547

To investigate the effectiveness of individual com-548

ponents within Causal-ESC, we conducted an ab-549

lation study by removing the Empathetic Policy550

and Stylized Rewriting modules, respectively. We551

utilized both GPT-4o and DeepSeek as backbones552

to verify the generalizability of our results. As553

shown in Table 4, the variant without the Empa-554

thetic Policy exhibits a significant performance555

degradation across all metrics, demonstrating that556

explicit strategy inference is crucial for effective557

empathetic dialogue. Furthermore, removing the558

Stylized Rewriting module leads to a notable de-559

cline in diversity metrics (Dist-1/2). This indicates560

that relying solely on policy guidance tends to 561

result in monotonous responses, highlighting the 562

importance of stylization for generating diverse 563

replies. 564

6 Conclusion 565

In this paper, we presented Causal-ESC, a novel 566

framework designed to address the interpretabil- 567

ity and robustness challenges inherent in current 568

Emotional Support Conversation systems. Mov- 569

ing beyond the "black box" paradigm of increasing 570

architectural complexity, we introduced a causal 571

inference perspective to the field. By employing 572

Doubly Robust learning, we explicitly modeled 573

the causal mechanisms between dialogue features 574

and strategy selection, effectively mitigating the 575

biases and distribution shifts common in offline 576

learning scenarios. Furthermore, we bridged the 577

gap between abstract causal strategies and natu- 578

ral conversation through an LLM-based stylized 579

rewriting mechanism. 580

Our comprehensive experiments, supported by 581

rigorous statistical verification (e.g., Outcome R2) 582

and human evaluation, confirm that Causal-ESC 583

not only outperforms state-of-the-art baselines in 584

terms of empathy and helpfulness but also ensures 585

theoretical validity. By quantifying the causal 586

drivers of effective support, this work provides 587

a transparent, mathematically grounded solution 588

to affective computing, marking a significant step 589

towards "de-black-boxing" empathic dialogue sys- 590

tems. 591
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Limitations592

Despite the contributions of this work, several lim-593

itations remain. First, while our method aims to594

enhance the interpretability of empathic dialogue595

through causal inference, the intrinsic subjectiv-596

ity of human conversation implies that statistical597

causal metrics cannot achieve absolute determinis-598

tic correlations. Consequently, our results should599

be interpreted as a relative enhancement in causal600

grounding compared to prior methods, rather than601

establishing a perfect causal link.602

Second, the heterogeneity of user needs poses a603

significant challenge. In emotional support scenar-604

ios, different users may require distinct comforting605

strategies even when facing identical problems. A606

finite offline dataset cannot exhaustively represent607

the true distribution of real-world help-seekers or608

cover every nuanced emotional context. Address-609

ing this gap between limited training data and the610

infinite diversity of human emotion remains a per-611

sistent challenge for the entire field, which we aim612

to explore further in future work.613

7 Ethics Statement614

The datasets utilized in our experiments are ex-615

clusively derived from the open-source datasets616

ESConv (Liu et al., 2021) and ED (Rashkin et al.,617

2019). As these are publicly available datasets,618

there are no issues regarding personal privacy or619

personally identifiable information. For our hu-620

man evaluation, we recruited crowdsourced work-621

ers who possess prior experience in assessing the622

quality of responses generated by empathetic dia-623

logue systems. All participants were fully informed624

about the nature and content of the evaluation tasks.625

Furthermore, all participants received fair and ap-626

propriate compensation for their annotation work.627
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A Doubly Robust Empathetic Policy836

Learning837

This section presents the algorithm flow of Doubly838

Robust Policy Optimization as shown in Algorithm839

1 and Algorithm 2. The overall algorithm consists840

of 2 steps: 1) Pre-training the propensity network841

and reward network; 2) Policy learning using dou-842

bly robust estimation.843

B Prompt Template Design844

This section presents the prompts designed in the845

Context-Aware Content Generation and Prompt-846

Based Stylized Rewriting parts of Strategy-Stylized847

Response Generation, as shown in Tables 5 and 6.848

C Implementation Details849

To construct the state representation x, we utilize850

Instructor-Large (Su et al., 2023) and E5-Large851

(Wang et al., 2022) to generate high-quality se-852

mantic embeddings for the dialogue context and853

problem description. For the Doubly Robust Policy854

Prompt

### Instruction:
You are an intelligent dialogue planning agent.

Your task is to generate a response draft based on the dia-
logue history and the target strategy provided below.

Requirements:
1. Ensure the response is logically consistent with the
context.
2. Strictly reflect the intent of the target strategy.
3. Focus on semantics (what to say) rather than style.

### Input:

Dialogue History: {{Dialogue_History_C}}
Target Strategy: {{Best_Strategy_d_best}}

### Output:

Draft Response: {{draft_response}}

Table 5: Prompt template for Stage I: Context-Aware
Content Generation.

Prompt

### Instruction:
You are an expert text style editor.

Your task is to rewrite the provided draft response to match
a specific strategic style, without changing the original
semantic meaning.

Refer to the style demonstrations below to understand the
tone and sentence structure.

# Style Demonstrations:

Strategy: {{Best_Strategy}}
{{Demo_Text}}
(Top-K retrieved examples)

### Input:

Target Strategy: {{Best_Strategy_d_best}}
Draft Response: {{Base_Response_r_content}}

### Output:

Stylized Response: {{final_response}}

Table 6: Prompt template for Stage II: Prompt-Based
Stylized Rewriting using retrieved exemplars.
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Algorithm 1: Supervised Pre-training for Propensity and Reward Models

input :Logged dataset S = {(xi, di, yi)}Ni=1, Strategy space D = {1, ...,K} where K = 8,
Propensity Network fβ , Reward Network fϕ, Learning rates αβ , αϕ, Batch size B

output :Pre-trained parameters β∗ and ϕ∗

// Train Propensity Network fβ
1 Initialize parameters β;
2 while loss convergence do
3 Sample a mini-batch {(xj , dj)}Bj=1 from S;
4 Compute predicted probability distribution π̂b(xj) = Softmax(fβ(xj));
5 Calculate Cross-Entropy Loss: Lprop(β) = − 1

B

∑B
j=1 log (π̂b(dj |xj));

6 Update β ← β − αβ∇βLprop(β);
7 end
8 β∗ ← β;
// Train Reward Network fϕ

9 Initialize parameters ϕ;
10 while loss convergence do
11 Sample a mini-batch {(xj , dj , yj)}Bj=1 from S;
12 Compute predicted reward Q̂(xj , dj) = fϕ(xj , dj);

13 Calculate MSE Loss: Lreward(ϕ) =
1
B

∑B
j=1

(
yj − Q̂(xj , dj)

)2
;

14 Update ϕ← ϕ− αϕ∇ϕLreward(ϕ);
15 end
16 ϕ∗ ← ϕ;
17 return β∗, ϕ∗;

Learning phase, we optimize the networks using855

the Adam optimizer with a batch size of 68. Dis-856

tinct learning rates are assigned to ensure stability:857

αβ = 1e − 4, αϕ = 1e − 4, αθ = 1e − 5 . To858

mitigate high variance in IPW, we apply propen-859

sity clipping within the range [0.05, 0.95]. Finally,860

for the Strategy-Stylized Response Generation, we861

leverage the APIs of state-of-the-art LLMs, specifi-862

cally GPT-4o (OpenAI, 2023) and DeepSeek (Guo863

et al., 2025), to generate empathetic responses con-864

ditioned on the strategies selected by our policy865

model.866

For the ESConv dataset, we randomly selected867

20% for policy training and the construction of the868

Style Demonstration Pool, while the ED dataset869

was entirely used for testing.870

D More Experiment871

Figure 5 supplements the human evaluation exper-872

iment on the ED dataset. It can be observed that873

compared to ESConv, the probability of ties has874

increased. We believe this is due to the shorter875

conversation, which result in less clarity in the di-876

rection of the conversation.877

E Annotation Guidelines 878

Table 7 presents the annotation guidelines that we 879

provided to the assessors during the human evalua- 880

tion stage. 881
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Algorithm 2: Doubly Robust Empathetic Policy Learning
input :Logged dataset S , Strategy space D size K, Pre-trained parameters β∗, ϕ∗ (Fixed), Policy

Network πθ, Clipping threshold δ, Learning rate αθ

output :Optimized Policy Network πθ∗

1 Initialize policy parameters θ;
2 for M epochs do
3 for each mini-batch B = {(xj , dj , yj)}Bj=1 in S do
4 Initialize batch gradient∇θJ = 0;

// Pre-calculate nuisance parameters
5 Compute propensity scores π̂b(k|xj) for all strategies k ∈ D using fβ∗ ;
6 Apply clipping: π̂clip(k|xj) = max(π̂b(k|xj), δ);
7 Compute reward estimates Q̂(xj , k) for all strategies k ∈ D using fϕ∗ ;

// Construct Doubly Robust Reward Vector
8 for each sample j ∈ {1..B} do
9 for each possible strategy k ∈ D do

10 r̂DR(xj , k)← Q̂(xj , k) +
I(dj=k)

π̂clip(k|xj)
· (yj − Q̂(xj , k));

11 end
12 end

// Policy Optimization
13 Compute target policy distribution πθ(xj) = Softmax(πθ(xj));
14 Calculate Policy Objective (Maximize Expected Reward):

J (θ) = 1
B

∑B
j=1

∑K
k=1 πθ(k|xj) · r̂DR(xj , k);

15 θ ← θ + αθ∇θJ (θ);
16 end
17 end
18 return πθ∗

Flu.

Com.

Sup.

Sug.

All

12.2 77.5 10.3

32.4 47.0 20.6

35.4 41.4 23.2

34.6 39.6 25.8

27.5 48.9 23.6

+ CEPL Wins Tie Sibyl Wins

15.5 70.2 14.3

35.6 42.8 21.6

37.1 40.4 22.5

36.6 34.8 28.6

35.4 46.2 18.4

+ CEPL Wins Tie GPT-4o Wins

20.8 59.7 19.5

35.4 36.6 28.0

35.8 37.6 26.6

50.3 22.3 27.4

36.6 36.5 26.9

+ CEPL Wins Tie GLHG Wins

27.3 54.1 18.6

48.7 19.2 32.1

45.2 29.5 25.3

36.2 32.8 31.0

46.1 24.6 29.3

+ CEPL Wins Tie KEMP Wins

29.6 48.7 21.7

51.3 12.6 36.1

49.8 10.5 39.7

42.9 24.2 32.9

42.5 25.1 32.4

+ CEPL Wins Tie MISC Wins

Figure 5: Human A/B test on ED (%) dataset.
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Annotation Guidelines for Emotional Support Dialogue Systems

Task Overview:

You will be presented with a Dialogue History (a conversation between a user seeking help and a supporter) and a
Candidate Response generated by an AI system. Your task is to evaluate the quality of the response based on 5 specific
metrics. For each metric, please rate the response on a scale of 1 to 5.

Metric Definitions:

1. Fluency (Flu.)
• Definition: Evaluating the model based on the fluency of its response.
• 1 = Unreadable / Broken English.
• 5 = Perfect grammar and natural flow.

2. Comforting (Com.)
• Definition: Assessing the model’s skill in providing comfort.
• 1 = Cold, indifferent, or makes the user feel worse.
• 5 = Very warm, empathetic, and makes the user feel deeply understood.

3. Supportive (Sup.)
• Definition: Determining to what extent the model offers supportive or helpful responses.
• 1 = Dismissive or unhelpful.
• 5 = Highly encouraging and demonstrates a strong willingness to help.

4. Suggestion (Sug.)
• Definition: Assessing if the bot gave helpful suggestions for the user’s problems.
• 1 = Irrelevant, harmful, or nonsensical advice.
• 5 = Very practical, actionable, and wise advice.

5. Overall (All.)
• Definition: Analyzing which model provides more effective overall emotional support.
• 1 = A terrible response.
• 5 = An ideal response.

Table 7: Annotation guidelines for human evaluation.
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