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Abstract

While Large Language Models (LLMs) have
significantly advanced the fluency of Emotional
Support Conversation (ESC) systems, current
research predominantly focuses on engineer-
ing increasingly complex architectures—from
intricate reasoning chains to multi-agent col-
laborations. While these advancements (e.g.,
CoT) offer semantic traces of reasoning, they
remain mechanistically opaque, obscuring the
fundamental causal mechanisms between dia-
logue features and effective empathic strategies,
leading to poor interpretability and susceptibil-
ity to distribution shifts in offline learning. To
address these limitations, we propose a novel
framework Causal-ESC. Departing from con-
ventional paradigms that directly utilize raw
dialogue history as input, our approach intro-
duces Doubly Robust (DR) learning to explic-
itly model the causal effect of utterance features
on strategy selection, effectively mitigating the
biases and counterfactual unobservability in-
herent in offline datasets. We further integrate
an LLM-based stylized rewriting mechanism
to translate these rigorously learned causal
strategies into natural, context-consistent re-
sponses. Comprehensive experiments, sup-
ported by statistical verification (e.g., Outcome
R?) and human-like evaluation, demonstrate
that our framework not only significantly out-
performs state-of-the-art baselines in empathy
and helpfulness but also provides a theoreti-
cally grounded, interpretable solution to the
mechanistic interpretability dilemma in affec-
tive computing.

1 Introduction

Empathy, defined as the ability to understand
and share the feelings of others, serves as the
cornerstone of effective human communication
(Decety and Jackson, 2004; Cohen and Strayer,
1996; Yuan et al., 2024). In the realm of Human-
Computer Interaction (HCI) (Paiva et al., 2017;
Zhang et al., 2017, 2021) Emotional Support Con-
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Figure 1: Causal-ESC learns strategies by analyzing
the causal relationship between strategies and specific
features, and generates corresponding responses.

versation (ESC) represents a more advanced and
challenging task. Pioneered by the release of the
ESConv dataset (Liu et al., 2021), ESC aims not
only to express empathy but also to reduce the
user’s emotional distress through specific counsel-
ing strategies (e.g., questioning, reflection, and sug-
gestion) within a multi-turn interaction.

Early research in ESC primarily relied on
pipeline approaches (Liu et al., 2021) or joint learn-
ing frameworks (Tu et al., 2022; Peng et al., 2022)
based on Pre-trained Language Models (PLMs)
like BART (Lewis et al., 2020) or BlenderBot
(Roller et al., 2021). These methods typically
treated strategy prediction and response genera-
tion as auxiliary tasks. Recently, the paradigm
has shifted towards utilizing Large Language Mod-
els (LLMs) for ESC (Deng et al., 2023; Zheng
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etal., 2022; Hua et al., 2025), leveraging their emer-
gent reasoning and instruction-following capabili-
ties. Researchers have explored Chain-of-Thought
(CoT) (Wei et al., 2022) prompting to explicitly
guide LLMs through the cognitive process of psy-
chological counseling.

Nevertheless, a critical methodological limita-
tion persists: current approaches are predominantly
oriented towards engineering increasingly complex
architectures that, while sometimes offering se-
mantic reasoning traces, remain mechanistically
opaque, rather than attempting to deconstruct or
minimize the causal ambiguity of the generation
process. Instead of isolating the causal drivers of
empathy to simplify model inference, recent works
continue to stack intricate reasoning modules and
multi-agent interactions to force performance gains.
This trajectory exacerbates the disconnection be-
tween input features and the final empathic out-
come, leaving the fundamental question of why
a specific strategy yields a superior result unan-
swered. Such a lack of interpretability not only hin-
ders effective error analysis but also raises serious
concerns regarding system reliability in sensitive
mental health contexts. Furthermore, the practi-
cal deployment of these systems faces significant
hurdles: researchers are often caught in a dilemma
between the susceptibility of offline learning to se-
vere overfitting (Fujimoto et al., 2019; Levine et al.,
2020) and the prohibitive costs associated with on-
line training—particularly when employing RLHF
(Ouyang et al., 2022), while the inherent subjectiv-
ity of the empathy task makes it intrinsically chal-
lenging to define a universal "gold standard" for
optimization (Yang et al., 2024; Liu et al., 2016).

To address these issues, we propose a novel
framework Causal-ESC. Unlike previous methods
that treat strategy selection as an opaque mapping
task driven by surface-level correlations, our work
introduces Doubly Robust (DR) learning (Bang and
Robins, 2005) to explicitly model the causal mech-
anism between dialogue utterance features and the
deployment of emotional strategies. As shown in
Figure 1, this approach enhances the interpretabil-
ity of the system by isolating the true causal drivers
of empathy from spurious correlations. Further-
more, to bridge the gap between abstract strategy
formulation and natural language generation, we
employ an LLM-based stylized rewriting mecha-
nism. This module generates responses that are
strictly aligned with the identified causal strategies
while maintaining high content consistency. To

rigorously validate the credibility of our learned
strategies, we pose a fundamental research ques-
tion:

RQ) Are these features genuinely causally re-
lated to empathy strategies, and what is the strength
of this relationship?

We answer this through comprehensive statisti-
cal analyses—including Outcome R? and propen-
sity score distribution examinations—thereby veri-
fying the validity of the causal links.

In summary, the contributions of our work are as
follows:

(1) We pioneer the application of causal analysis
to empathic policy learning, effectively reducing
the mechanistic opacity of the model and enhancing
causal interpretability. By statistically quantifying
the impact of specific features on strategy selection,
we provide a mathematical and theoretical founda-
tion for the mechanics of empathic dialogue.

(2) We propose a pipeline framework combin-
ing Doubly Robust learning with LLM-based styl-
ized generation, which effectively mitigates com-
mon challenges in offline policy learning, such as
distribution shift and unobservable counterfactu-
als. Additionally, the two-stage stylized generation
framework can alleviate part of the subjectivity in
generative process.

(3) Extensive experiments demonstrate that our
causality-grounded policy model is statistically
more reliable and achieves significant performance
improvements over both traditional and SOTA
LLM-based empathic dialogue methods. Hu-
man evaluation results further confirm that our
method generates more appropriate and support-
ive responses compared to existing baselines.

2 Related Work

Existing research on ESC can be broadly catego-
rized into two paradigms based on how they han-
dle counseling strategies: Explicit Policy Learning,
which treats strategy selection as a distinct classifi-
cation task prior to generation, and Implicit Policy
Learning, which models empathy and strategy la-
tently within an end-to-end generation process.

2.1 Explicit Policy Learning Methods

Explicit methods operate on a pipeline where the
model first predicts a specific support strategy (e.g.,
Question, Reflection) to guide response generation.
Traditional approaches like the ESConv baseline
(Liu et al., 2021) and graph-based models such
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as MISC (Tu et al., 2022) and KEMP (Li et al.,
2022) utilized commonsense knowledge and aux-
iliary classification tasks to predict strategy labels,
though they often suffered from error propagation.
In the era of Large Language Models (LLMs),
this paradigm has evolved into "Planning-based"
generation using Chain-of-Thought (CoT). Recent
works like MultiESC (Cheng et al., 2022) and Cog-
nitive Prompting (Majumder et al., 2022) lever-
age the instruction-following capabilities of LLMs
to explicitly generate a "thought" process or plan
the strategy before producing the final utterance,
thereby making the decision-making step more in-
terpretable.

2.2 Implicit Policy Learning Methods

Implicit methods aim to internalize the logic of
emotional support without relying on hard strat-
egy labels during inference. Early neural mod-
els such as MIME (Majumder et al., 2020) and
GLHG (Peng et al., 2022) focused on learning la-
tent representations of emotion and hierarchical
dialogue structures to naturally weave empathy
into responses. With the shift to LLMs, implicit
learning has manifested through data augmenta-
tion and multi-agent collaboration. For instance,
AugESC (Zheng et al., 2022) fine-tunes models
on LL.M-augmented data to learn support patterns
implicitly, while Chatcounselor (Liu et al., 2023)
has fine-tuned its prompts based on the actual con-
versations between clients and professional psy-
chologists. These approaches rely on the emergent
reasoning of LLMs to handle empathetic nuances
as a latent byproduct of high-quality generation,
rather than through rigid classification.

3 Problem Formulation

The empathetic dialogue task is defined as a con-
ditional text generation problem within a specific
scenario. It aims not only to understand the se-
mantic content of the conversation but also to ac-
curately perceive the user’s emotional state and
generate responses that are emotionally appropri-
ate (e.g., comforting, encouraging, empathetic) and
contextually coherent (Rashkin et al., 2019; Zhou
et al., 2018). Formally, a dialogue session con-
sists of " turns. In the ¢-th turn, the Speaker (user)
initiates or continues the conversation describing
their situation, and the Listener (system) responds.
Let C; = {uy,r1,ug,79,...,u;} denote the dia-
logue context history up to the current turn, where

u represents the user’s utterance and r represents
the system’s response. The goal of the task is to
learn a generation probability distribution p(r|C}).
To enhance interpretability and emotional control,
we explicitly decompose the traditional end-to-end
generation task into two stages: Policy Decision
and Response Generation. The generation proba-
bility is formulated as:

p(rlC) = 32 plrld.C) - p(dICy) ()
deD

where d represents a latent action selected from a
predefined space of empathetic strategies D.

4 Method

Our method consists of two sub-tasks: Empathetic
Policy Learning and Strategy-styled Response Gen-
eration. First, the Policy Learning Module lever-
ages Doubly Robust (DR) learning to infer the opti-
mal empathetic strategy d* from offline logs based
on the dialogue state. Second, the Response Gener-
ation Module generates a response r conditioned
on both the selected strategy d* and the context
Ct. Finally, the two modules are combined to com-
plete the empathetic dialogue generation. Figure
2 illustrates the overall workflow of our proposed
method. This section focuses on the DR-based
policy learning framework.

4.1 Empathetic Policy Learning

We employ a Doubly Robust learning approach to
train the policy network offline. The core objective
of this sub-task is to learn a Target Policy my(d|z)
that maximizes the Expected Cumulative Senti-
ment Gain (Y') across the user population (Dudik
et al., 2011). The objective function is defined as:

J(70) = EpnP(a) drormg (o) [T (2 d)] (2)

where x represents the dialogue context features,
d is the empathetic strategy adopted, and r(z, d)
denotes the observed reward generated by the strat-

cgy.

4.1.1 Feature Extraction and State
Representation

Traditional empathetic dialogue models typically
encode raw dialogue text directly via Transformer
encoders as input embeddings. However, since the
noise processing within attention mechanisms is
implicit and difficult to control, using raw embed-
dings alone can lead to unstable policy learning.
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Figure 2: The overall framework of Causal-ESC. The left part is Empathetic Policy Learning, which generates the
optimal strategy dp.s¢. The right part is Strategy-Stylized Response Generation, which generates the final response

based on dpest.

Following (Sharma et al., 2020), we explicitly ex-
tract features strongly correlated with empathy to
construct a robust state vector z. The state x is con-
structed by concatenating the historical semantic
embedding with five explicit feature components:

xr = [hcontewt@hdesc@hinit@hturn@hcuur@hprev]

3)
The components are defined as follows: Context
Embedding (hoptert): The semantic vector of the
dialogue history encoded by a pre-trained language
model (e.g., Transformer). Problem Description
Embedding (hg.s.): Represents the background
and topic of the conversation (e.g., "job crisis",
"sleep problems"). Initial Emotion State (h;,;;):
The user’s emotion vector at the beginning of the
session, serving as a baseline for emotional change.
Tuarn Information (h;y,»): The normalized dia-
logue turn index t/T},,., indicating the stage of
the conversation (e.g., greeting strategies are fre-
quent in early stages, while suggestions appear
later). Current Sentiment (h.,,,): A vector quan-
tifying the sentiment intensity of the current ut-
terance, extracted using a sentiment analysis tool
(Zhou et al., 2023). Previous Strategy (/i,,c0):
The one-hot encoding of the system’s strategy d;_1
from the previous turn, used to maintain policy
continuity.

4.1.2 Action Space and Reward Function

Empathetic Strategy Space (D): Following the tax-
onomy in the ESConv dataset (Liu et al., 2021), we

categorize the listener’s strategies into K = 8 dis-
tinct types, denoted as D = {d;, do, ...,dx } (e.g.,
Affirmation, Reflection; see Appendix for details).
Observed Reward (y): Based on the theory of emo-
tional regulation in psychology (Gross, 1998), we
quantify the effectiveness of a strategy by calculat-
ing the change in user sentiment before and after
the response. Let f(-) be a sentiment scoring func-
tion, which is implemented by the scorer according
to (Hartmann, 2022). the reward is defined as:

y=Ae= f(ur1) — flu) “)

The rationale behind the setting of y is detailed in
the Experiments section.

4.1.3 Doubly Robust Policy Optimization

We learn from an observational dataset S =
{(xi,d;,y;) }I¥.,, where actions d; were generated
by a Behavior Policy (i.e., human counselors), de-
noted as 7 (d|x) . This introduces selection bias.
To address this while maintaining low variance, we
adopt the Doubly Robust (DR) estimator to evalu-
ate and optimize the new policy my.

Direct Method (DM) Trains a regression model
(Reward Model) Q¢(:v, d) to fit the observed re-
wards, predicting the expected sentiment change
for a given state-action pair:

Vour (m9) = Bs | Y mo(d | 2)Qg(w,d)|  (5)
deD

Inverse Propensity Weighting (IPW) Trains a
classification model to estimate the propensity
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score 7y, (d|z) of the behavior policy and weights
the observed data to simulate a randomized experi-
ment.

iyl (dl ‘ {L‘Z)

1% =E
Pw (7o) S [frb @ )

yi:| (6)
The Doubly Robust (DR) Estimator uses the re-
gression model Q as a baseline to reduce the vari-
ance of IPW, while using the IPW term to correct
the bias of the regression model. For each sam-
ple (z,d,y), the estimated DR reward vector for
the target policy g across the full action space is
defined as:

I (dops = k)
(k| @) (7)
(yobs - Qqﬁ(xv k))

Where I (d,ps = k) is an indicator function, mean-
ing that if the actual action d; in the historical data
exactly matches the current action, the value will
be 1. To efficiently learn the empathetic policy, we
first pre-train the propensity network 7 and the
reward network Q¢ via supervised learning. Dur-
ing the policy learning phase, we freeze these two
networks and optimize the policy network mg by
minimizing the negative expected DR reward:

Por(z,d=k) = Qu(z, k) +

| DK )
L) = N ZZW@ (k| ;) (Q¢> (i, k) +

=1 k=1
I(d; = k) .
Fo (o120 (i = Qo (@i, 1))

(8)
To improve numerical stability, following (Swami-
nathan and Joachims, 2015), we apply Propensity
Clipping. We set a threshold 6 > 0 and use max
(7p(d|x), ) in the denominator to prevent gradient
explosion caused by extremely small probabilities.
(See Appendix for the detailed algorithm).

4.1.4 Causal Analysis

This section introduces several metrics for causal
analysis to validate the effectiveness and suitability
of the proposed features. Based on the Inverse
Probability Weighting (IPW) equation 6, we define
the importance weight as p; = %ﬁ;ig. Using this
defined weights, the following diagnostic metrics
are reported:

Outcome RR? and Propensity R?: These quan-
tify the goodness-of-fit for the reward model and
the behavior policy, respectively. While Outcome
R? measures predictive accuracy, Propensity R? is

crucial for checking if the model captures the under-
lying treatment assignment mechanism (Voloshin
et al., 2019).

Effective Sample Size (ESS): Adapted from
Kish’s approximation (Freeman, 1966), ESS mea-
sures the effective number of samples supporting
the counterfactual estimate, defined as:

2

(sz\il Pi) ©)

Zi]\il PZZ
A low ESS implies that the estimator is dominated
by a few data points with extreme weights, signal-
ing severe positivity violations.

IPW Variance: Calculated as Var(p), high
variance indicates instability in the weighting pro-
cess and susceptibility to distribution shifts.

ESS ~

4.2 Strategy-Stylized Response Generation

Upon determining the optimal strategy dpst, We
formulate the response generation as a strategy-
driven stylized rewriting task. To endow the
response with distinct strategic stylistic features
while maintaining conversational logical consis-
tency, we propose a two-stage framework based on
the "generate-then-rewrite" paradigm.

4.2.1 Construction of Style Demonstration
Pool

To provide high-quality stylistic references during
prompt construction while mitigating the risk of
overfitting caused by excessive reliance on redun-
dant data, we adopt a sparse sampling strategy to
construct the demonstration pool. Specifically, we
randomly sample a subset containing v = 20%
of the original training data to construct a set of
strategy-response pairs, denoted as the demonstra-
tion pool Q001 = {(d;, 7;)}_,. This compact pool
001 serves as the sole source for retrieving few-
shot examples in the subsequent rewriting stage.
By limiting the scale of the demonstration pool, we
aim to encourage the model to capture the general
distributional features of the strategic styles rather
than mechanically memorizing specific training
samples.

4.2.2 Stage I: Context-Aware Content
Generation

The objective of this stage is to generate a content
draft that is semantically accurate and highly rele-
vant to the context. Given the dialogue history C
and the predicted optimal strategy dpes:, we first uti-
lize the LLM to generate an intermediate response
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R? and DR Policy Value.

Teontent that satisfies the strategic intent but is not

explicitly constrained by stylistic features.
This generation process is modeled as maximiz-
ing the following conditional probability:
Teontent = argmax Py (T|C> dbest) (10)

T

Here, 7content €nsures the coherence of the re-
sponse with respect to the context C' at the logical

level, providing a solid semantic foundation for the
subsequent stylization.

4.2.3 Stage I1: Prompt-Based Stylized
Rewriting

In the second stage, the focus shifts to the align-
ment of linguistic style. We design a rewriting
prompt to guide the model in mapping the interme-
diate response 7content into the target strategic style
space. Based on the current strategy dps¢, We re-
trieve the [ most relevant samples from the demon-
stration pool €2, as in-context exemplars. The
final stylized response 7 f;yq 18 generated through
the following rewriting process:

Tcontent = argmax P¢(T’Tcontentazrewritea
r

TOpK(dbest> onol))
(1)
where Z,crite Tepresents the style transfer instruc-
tion, and T'opK (-) denotes the retrieval of stylistic
exemplars based on semantic similarity. Through
this process, the model reconstructs the syntax,
tone, and wording of 7¢opient to align with the tar-
get style while preserving its core semantics. !

5 Experimentals

5.1 Datasets

We conduct experiments on EmpatheticDialogues
(Rashkin et al., 2019) and ESConv (Liu et al., 2021).

!The detailed prompt is shown in the appendix.

Metric instructor-larg eS-large
History Causal History Causal
Only ESC Only ESC
DR Policy 0796 0814 0759  0.786
Value
QOutcome
Model 2 0.851 0.865 0.842 0.856
Propensity
Model &’ 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.

EmpatheticDialogues contains 25k open-domain
conversations grounded in 32 fine-grained emo-
tions. ESConv focuses on Emotional Support Con-
versation, consisting of long-range dialogues incor-
porating specific support strategies to alleviate user
distress.

5.2 Baseline Methods & Automatic Metrics

We compare the Causal-ESC against several state-
of-the-art baselines, categorized into explicit and
implicit strategy methods.

Explicit Strategy Methods: MISC (Tu et al.,
2022) incorporates fine-grained emotion detection
and strategy selection within a unified framework.
KEMP (Li et al., 2022) enhances context under-
standing by leveraging ConceptNet to model emo-
tional dependencies explicitly. Multi-ESC (Cheng
et al., 2022) utilizes multi-turn context to predict
specific emotional strategies, steering the model to
generate strategy-aware responses.

Implicit Strategy Methods: MIME (Majumder
et al., 2020) mimics human empathetic behavior
by clustering emotions into positive and negative
groups to influence generation. GLHG (Peng et al.,
2022) constructs a global-local hierarchical graph
to capture subtle interaction dynamics and con-
text implicitly. Sibyl (Wang et al., 2025) focuses
on capturing latent conversational topics and sen-
timent shifts to provide diverse and contextually
relevant responses without explicit strategy con-
straints. CFEG (Chen et al., 2024) employs Chain-
of-Thought (CoT) fine-tuning to explicitly infer the
underlying causes of users’ emotions prior to gen-
erating empathetic responses. EmpCRL (Cai et al.,
2024) utilizes in-context commonsense reasoning
combined with reinforcement learning to achieve
controllable empathetic generation. TOOL-ED
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Method ACC. BLEU-2 BLEU-4 Dist-1 Dist-2 Rou-L MET.
Exolicit Strategy  MISC 31.61 731 2.20 441 1971 1791  5.16
Xph‘étho 0 8  KEMP 39.31 7.82 2.34 487 2255 1869  6.42
Muti-ESC ~ 42.01 9.18 3.09 534 2590 2041  8.84
MIME R 5.23 1.17 211 1094 1474 643
Implicit Strategy GLHG . 7.57 2.13 350 2161 1637  7.52
Methods GPT-40 - 8.45 3.93 643 3139 1886 85
Sibyl . 9.02 4.10 6.52 3209 1920  9.65
Causal-ESC 5353  9.54 4.07 825 40.86 2215 1023
Table 2: Automatic Evaluation Results on ESConv.
Method BLEU-2 BLEU-4 Dist-1 Dist-2 Rou-L MET.
Explicit Strategy MISC 7.63 2.56 457 2018 1765 621
Methods KEMP 8.05 2.79 504 2350 19.17  7.08
MIME 6.42 2.36 294 1258 1521  6.80
GLHG 8.51 3.62 491 2575 1546  8.63
TOOL-ED 9.61 3.60 289 1395  17.93 -
Implicit Strategy EmpCRL - - 4.27 16.11 - -
Methods GPT-4o 9.73 5.62 1423 3897 1401  10.66
MultiAgentESC  9.82 5.73 9.84 3675 1756  10.26
Sibyl 10.25 7.57 970  39.86 2120  10.09
CFEG 10.54 5.17 296  19.52 - -
Causal-ESC 10.74 7.10 1025 4269 2574 1148

Table 3: Automatic Evaluation Results on Empathetic Dialogues.

(Cao et al., 2025) leverages the tool-calling capa-
bilities of LLMs to dynamically integrate external
knowledge and supportive strategies. Finally, Mul-
tiAgentESC (Xu et al., 2025) constructs a multi-
agent collaboration framework, simulating interac-
tions among different specialized roles to iteratively
refine the emotional support conversation.

For the evaluation metrics, we utilize Accuracy
(Acc.) to measure the correctness of explicit strat-
egy selection. For the generated responses, we
employ BLEU (Papineni et al., 2002), ROUGE-L
(ROU-L.) (Lin, 2004), METEOR (MET.) (Baner-
jee and Lavie, 2004), and Distinct-n (Dist-n) (Li
et al., 2016) to assess the generation quality.

5.3 DR Estimator Validation and Stability
Analysis

Table 1 compares our feature selection method
(Sec.4.1.1) with raw embedding baselines
(instructor-large (Su et al., 2023) and e5-large
(Wang et al., 2022)). Reported values are averaged
over multiple runs using 20% data samples with
varying random seeds. It can be observed that
using e5-large as the encoder yields overall
performance inferior to instructor-large, which can
be attributed to the encoder size, as the T5-based
model demonstrates a stronger ability to capture
textual features. Under the same encoder setting,

although History Only achieves high Policy Value
and Outcome R?, both the Propensity and ESS
remain very low. This indicates that the raw history
embeddings function as a "black box"—they can
overfit the reward signal (high Outcome R?) but
fail to disentangle the causal factors driving strat-
egy selection (low Propensity R?). The near-zero
ESS confirms that the baseline suffers from severe
positivity violations, meaning the learned policy
relies almost entirely on extrapolation rather than
valid causal overlap.

5.4 Necessity of Feature Representation

While Section 4.1.1 theoretically grounded the con-
struction of our feature set (hgesc @ ... © Apres)
in psychological principles, we now provide em-
pirical statistical validation to verify their neces-
sity and quantify their individual contributions. To
empirically measure the influence and "weight"
of each component, we conduct an ablation study
by individually removing specific features from
the full input vector and observing the subsequent
performance degradation. Figure 3 shows the im-
pact of these exclusions on two critical dimen-
sions(Propensity R? and DR Policy Value), We ob-
serve distinct functional roles across features: emo-
tional intensity (heyrr) acts as the primary causal
anchor for strategy selection (dominant Propensity
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Figure 4: Human A/B test on ESConv (%) dataset.

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

Causal-ESC 9.54 4.07 8.25 40.86 22.15 10.23
GPT-40 w/o Empathetic Policy  8.34 3.83 6.43 3237 1745 8.3
w/o Stylized Rewriting  9.27 3.95 6.45 31.75  19.26 9.2
Causal-ESC 9.26 3.89 7.94 37.25  21.67 9.4
DeepSeek-R1  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-40 and DeepSeek.

drop, A = 0.25), and simultaneously, semantic
content (hcontert) and temporal dynamics (Agyrn)
serve as the decisive drivers for response quality
(major DR Value drops, A = 0.17 and 0.14). This
confirms that emotion triggers the intent, and con-
currently, precise context and timing dictate the
outcome. Concurrently, the significant degradation
in these metrics upon feature removal also validates
the rationality of our reward signal y in Equation4,
confirming its sensitivity to contextually vital infor-
mation.

5.5 Main Result

We evaluated the Causal-ESC against state-of-the-
art baselines on both the ESConv and ED datasets,
with the comparative results summarized in Table
2 and 3. The generally higher scores on ED are due
to its shorter dialogue turns and lower complexity
relative to ESConv. Regarding generation quality,
while our BLEU-4 score is marginally lower than
the optimal baseline, the BLEU-2 score is higher.
This trade-off implies that our model aligns well
with ground-truth keywords while avoiding over-
fitting, thereby generating more diverse responses.
This improved richness is also evidenced by the
significant gains in the Distinct (Dist) metrics.
Figure 4 presents the human evaluation results
on the ESConv dataset. We compared Causal-ESC
with SOTA baselines using five metrics adapted
from (Peng et al., 2022): Fluency (Flu.), Comfort-
ing (Com.), Supportive (Sup.), Suggestion (Sug.),
and Overall (All.). For this evaluation, we ran-
domly selected 100 dialogue samples, which were
assessed by five professional annotators. The re-
sults show statistically significant improvements

Method ACC
DR 53.53
PPO 41.26
Dueling 38.54
Q-Learning 34.21

Table 5: Comparison between DR and classic reinforce-
ment learning methods.

(p = 0.031 < 0.05) with a Kappa coefficient
of 0.43, reflecting moderate inter-annotator agree-
ment. The results indicate a substantial proportion
of ties when comparing our model with large mod-
els like Sibyl and GPT-40. Despite this, Causal-
ESC still outperforms them overall by margins of
7.7% and 9%, respectively. In contrast, against
GLHG, KEMP, and MISC, the frequency of ties
notably diminishes, translating into a more dis-
tinct winning advantage. Furthermore, Causal-ESC
demonstrates consistent superiority across all eval-
uated metrics.

5.6 Policy Learning Analysis

Figure 5 illustrates the comparison between the
predicted and ground-truth strategy distributions.
It can be observed that the method optimized via
Doubly Robust learning aligns much more closely
with the true distribution. Furthermore, while the
history-only baseline leans towards the "Others"
category—opting for safety over efficacy compared
to the ground truth—Causal-ESC demonstrates a
distinct shift from "Reflection of feelings" to "Self-
disclosure.” This indicates that our model adopts
a more proactive approach to empathetic engage-
ment.
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Figure 5: Comparison between the predicted and
ground-truth strategy distributions.

Furthermore, we compared DR against several
classic reinforcement learning methods. As shown
in Table 5, DR consistently outperforms these tra-
ditional RL baselines.

5.7 Ablation Experiment

To investigate the effectiveness of individual com-
ponents within Causal-ESC, we conducted an ab-
lation study by removing the Empathetic Policy
and Stylized Rewriting modules, respectively. We
utilized both GPT-40 and DeepSecek as backbones
to verify the generalizability of our results. As
shown in Table 4, the variant without the Empa-
thetic Policy exhibits a significant performance
degradation across all metrics, demonstrating that
explicit strategy inference is crucial for effective
empathetic dialogue. Furthermore, removing the
Stylized Rewriting module leads to a notable de-
cline in diversity metrics (Dist-1/2). This indicates
that relying solely on policy guidance tends to
result in monotonous responses, highlighting the
importance of stylization for generating diverse
replies.

In Table 6, we present the ablation study con-
cerning the DM and IPW components within the
DR framework. The results indicate that while
IPW achieves a comparable average policy value,
it suffers from significantly higher variance and
a markedly lower Effective Sample Size (ESS).
Conversely, although the DM method exhibits low
variance, its average policy value is poor. Con-
sequently, the Accuracy (ACC) for both isolated
methods is lower than that of the full DR approach.

6 Conclusion

In this paper, we presented Causal-ESC, a novel
framework designed to address the interpretabil-
ity and robustness challenges inherent in current

Method Policy Value Std ESS ACC
DR 0.814 147 1.653 53.53
DM 0.765 1.87 - 49.78
IPW 0.809 475 1265 51.03

Table 6: Comparison of ablation experiment results
between DM and IPW

Emotional Support Conversation systems. Mov-
ing beyond the mechanistically opaque paradigm
of increasing architectural complexity, we intro-
duced a causal inference perspective to the field.
By employing Doubly Robust learning, we explic-
itly modeled the causal mechanisms between di-
alogue features and strategy selection, effectively
mitigating the biases and distribution shifts com-
mon in offline learning scenarios. Furthermore, we
bridged the gap between abstract causal strategies
and natural conversation through an LLM-based
stylized rewriting mechanism.

Our comprehensive experiments, supported by
rigorous statistical verification (e.g., Outcome R?)
and human evaluation, confirm that Causal-ESC
not only outperforms state-of-the-art baselines in
terms of empathy and helpfulness but also ensures
theoretical validity. By quantifying the causal
drivers of effective support, this work provides
a transparent, mathematically grounded solution
to affective computing, marking a significant step
towards achieving causal and mechanistic trans-
parency in empathic dialogue systems.

Limitations

Despite the contributions of this work, several lim-
itations remain. First, while our method aims to
enhance the interpretability of empathic dialogue
through causal inference, the intrinsic subjectiv-
ity of human conversation implies that statistical
causal metrics cannot achieve absolute determinis-
tic correlations. Consequently, our results should
be interpreted as a relative enhancement in causal
grounding compared to prior methods, rather than
establishing a perfect causal link.

Second, the heterogeneity of user needs poses a
significant challenge. In emotional support scenar-
ios, different users may require distinct comforting
strategies even when facing identical problems. A
finite offline dataset cannot exhaustively represent
the true distribution of real-world help-seekers or
cover every nuanced emotional context. Address-
ing this gap between limited training data and the
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infinite diversity of human emotion remains a per-
sistent challenge for the entire field, which we aim
to explore further in future work.

7 Ethics Statement

The datasets utilized in our experiments are ex-
clusively derived from the open-source datasets
ESConv (Liu et al., 2021) and ED (Rashkin et al.,
2019). As these are publicly available datasets,
there are no issues regarding personal privacy or
personally identifiable information. For our hu-
man evaluation, we recruited crowdsourced work-
ers who possess prior experience in assessing the
quality of responses generated by empathetic dia-
logue systems. All participants were fully informed
about the nature and content of the evaluation tasks.
Furthermore, all participants received fair and ap-
propriate compensation for their annotation work.
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A Doubly Robust Empathetic Policy
Learning

This section presents the algorithm flow of Doubly
Robust Policy Optimization as shown in Algorithm
1 and Algorithm 2. The overall algorithm consists
of 2 steps: 1) Pre-training the propensity network
and reward network; 2) Policy learning using dou-
bly robust estimation.

B Prompt Template Design

This section presents the prompts designed in the
Context-Aware Content Generation and Prompt-
Based Stylized Rewriting parts of Strategy-Stylized
Response Generation, as shown in Tables 7 and 8.

C Implementation Details

To construct the state representation x, we utilize
Instructor-Large (Su et al., 2023) and E5-Large
(Wang et al., 2022) to generate high-quality se-
mantic embeddings for the dialogue context and
problem description. For the Doubly Robust Policy
Learning phase, we optimize the networks using
the Adam optimizer with a batch size of 68. Dis-
tinct learning rates are assigned to ensure stability:
ag =le—4,ayp = le —4, a9 = le = 5. To
mitigate high variance in IPW, we apply propen-
sity clipping within the range [0.05,0.95]. Finally,
for the Strategy-Stylized Response Generation, we
leverage the APIs of state-of-the-art LLMs, specifi-
cally GPT-40 (OpenAl, 2023) and DeepSeek (Guo
et al., 2025), to generate empathetic responses con-
ditioned on the strategies selected by our policy
model.

For the ESConv dataset, we randomly selected
20% for policy training and the construction of the
Style Demonstration Pool, while the ED dataset
was entirely used for testing.

D More Experiment

Figure 6 supplements the human evaluation exper-
iment on the ED dataset. It can be observed that
compared to ESConv, the probability of ties has
increased. We believe this is due to the shorter
conversation, which result in less clarity in the di-
rection of the conversation.

Figure 9 shows the impact of hyperparameter ~.
The Dist and ROUGE-L scores increase with -y but
eventually exhibit diminishing returns, suggesting
that a larger style pool helps the model reach op-
timal diversity faster. Conversely, BLEU does not

Prompt

#i## 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.

#i## Input:

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

### Output:

Draft Response: {{draft_response} }

Table 7: Prompt template for Stage I: Context-Aware
Content Generation.

Prompt

#it# 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 8: 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 = {(;,d;, y;)})\,, Strategy space D = {1, ..., K} where K = 8,
Propensity Network f, Reward Network f4, Learning rates ag, o, Batch size B

output : Pre-trained parameters 5* and ¢*
// Train Propensity Network f3
1 Initialize parameters 3;
2 while loss convergence do
3 Sample a mini-batch {(z;, dj)}f:1 from S;

4 Compute predicted probability distribution 7, (x;) = Softmax(f3(z;));
5 Calculate Cross-Entropy Loss: Lpyop(3) = —% Z}‘Zl log (7t5(dj]z5));

s | Update 3 < B — agVgLprop(B);
7 end
8 0"« B
// Train Reward Network f
9 Initialize parameters ¢;
10 while loss convergence do
1 Sample a mini-batch {(z;, d;, yj)}le from S;

12 Compute predicted reward Q(z;, d;) = fo(xj,dy);
R 2
13 Calculate MSE Loss: L, eward(¢) = % Z}B:l (yj - Q(xj, dj)) ;

14 Update ¢ < ¢ — agVyLycward(®);
15 end

16 * — ¢;

17 return 5%, ¢*;

scale monotonically with pool size and peaks at
~ = 20. To strike a balance across all metrics, we
choose v = 20.

E Annotation Guidelines

Table 10 presents the annotation guidelines that
we provided to the assessors during the human
evaluation stage.

F Case Study

We randomly selected an annotator and asked him
to familiarize themselves with the empathetic re-
sponses in the dataset. We then constructed a spe-
cific scenario and required both the annotator and
Causal-ESC to generate a response. The compar-
ative results are shown in Table 11. As observed,
compared to the human annotator’s choice, our
model selected a more contextually appropriate
strategy.
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Algorithm 2: Doubly Robust Empathetic Policy Learning

input :Logged dataset S, Strategy space D size K, Pre-trained parameters 5*, ¢* (Fixed), Policy

Network 7y, Clipping threshold §, Learning rate cg

output : Optimized Policy Network 7y~
1 Initialize policy parameters 0;
2 for M epochs do
3 | for each mini-batch B = {(z;, d;, yj)}jB:1 inS do
Initialize batch gradient Vo7 = 0;
// Pre-calculate nuisance parameters
Compute propensity scores 7y (k|x;) for all strategies k& € D using fg+;
Apply clipping: Teip(k|z;) = max (7, (k|z;5),0);

4

10

11
12

13
14

15

16
17 end

Compute reward estimates Q(x]—, k) for all strategies k € D using fg+;
// Construct Doubly Robust Reward Vector
for each sample j € {1..B} do

for each possible strategy k € D do

| pr(e)k) < Qs k) +

end
end

// Policy Optimization

Compute target policy distribution 7y (z;) = Softmax(mg(x;));

Calculate Policy Objective (Maximize Expected Reward):
B .

T(O0) = 5 300 Y mo(kl;) - or(s, b);

0+ 0+ aeng(Q);

end

18 return 7y«

I(d;=F) '
ﬁclip](k‘xj) (Y

— Q(xj,k));

Figure 6: Human A/B test on ED (%) dataset.

~v Value(%) BLEU-2 BLEU-4 Dist-1 Dist-2 Rou-L. MET.
0 9.27 3.95 6.45 31.75 19.26 9.2
10 9.38 4.05 7.34 36.28 2092 10.05
20 9.54 4.07 8.25 40.86 22.15 10.23
30 9.52 4.05 8.28 41.37 2223 10.19
40 9.47 3.98 8.31 4175 2230 10.15
50 9.32 3.87 8.33 41.82  22.32  10.08
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Table 9: The impact of the demonstration pool sampled rate v(%) on the experimental results.




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 Al 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.

Maetric 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.
¢ ] = 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.
¢ | = Irrelevant, harmful, or nonsensical advice.
* 5 = Very practical, actionable, and wise advice.

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

Table 10: Annotation guidelines for human evaluation.

User Input: "I'm so terrified about my presentation tomorrow. I feel like I'm going to freeze up and fail."
Initial Emotion: Fear/Anxiety

Role Strategy Response Text Analysis
Behavior Reflection of "It sounds like you are really nervous about Bias: The human follows the statistical
Policy feelings the presentation. That is a scary feeling." correlation in the dataset, choosing a "safe"

reflection. While empathetic, it merely
validates the fear without offering relief,
leading to a sub-optimal outcome (user
remains anxious).

Causal- Self- "I completely understand. I used to get stage ~ Win: Our model analyzes the Initial Context

ESC disclosure fright before every speech too, but I realized and identifies that mere reflection provides
that once I started talking, the fear went away. low utility here. It correctly estimates that
You’ve got this!" Self-disclosure (sharing a vulnerability)

creates a bond and offers reassurance, leading
to a higher predicted emotional improvement.

Table 11: Case study comparing the Behavior Policy and our proposed Causal-ESC.
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