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Abstract

Emotional Support Conversation (ESC) sys-
tems aim to provide holistic support by balanc-
ing professional therapeutic competence with
natural empathy. However, existing methods
struggle to simultaneously achieve structured,
stage-aware reasoning and seamless empathy-
expertise alignment, often resulting in an artifi-
cial splicing of clinical strategies and generic
reassurance. To overcome these limitations,
we propose ESCRAG-R1, a unified frame-
work that integrates retrieval-based psycho-
logical guidance into Group Relative Policy
Optimization (GRPO). By incorporating re-
trieval into the reinforcement learning loop,
ESCRAG-RI1 transforms external knowledge
into a robust learning signal that stimulates ex-
plicit internal reasoning prior to generation and
fundamentally reshapes the model’s internal
policy. To provide the reliable supervision
required for this optimization, we construct
ESC-PREFERENCE, a high-quality dataset
based on a Client—Counselor—Judge evalua-
tion framework that delivers precise, empathy-
aware reward signals. Extensive experiments
demonstrate that ESCRAG-R1 significantly
outperforms existing baselines by mitigating
superficial splicing and realizing a natural in-
tegration of professional guidance and empa-
thetic expression. Code and datasets are re-
leased at https://github.com/Matcha-Liu/
ESCRAG-R1.

1 Introduction

Driven by growing psychological needs and LLM
advancements (Yi et al., 2025), Emotional Support
Conversation (ESC) systems have become vital re-
sources for users seeking comfort and guidance
(DeepSeek-Al, 2024; OpenAl, 2025; Comanici
et al., 2025). In real-world scenarios, users of-
ten share their experiences and emotional states
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integrating retrieved guidance into GRPO, ESCRAG-R1
produces more grounded and empathetic responses.
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with ESC systems, expecting empathetic and con-
structive responses (Rashkin et al., 2019; Lin et al.,
2019). The development of ESC systems is advanc-
ing toward deeper Emotional Intelligence, aiming
to provide users with comprehensive emotional
support that balances professional competence and
empathy (Zhong et al., 2021; Wang et al., 2023).

To achieve deep emotional intelligence, an effec-
tive ESC system must possess two core capabili-
ties. The first is structured, stage-aware reasoning.
Because emotional support is inherently process-
oriented, generating a high-quality response re-
quires inferring the client’s counseling stage, as-
sessing their psychological state, and selecting ap-
propriate interventions (Beck, 2020; Hayes et al.,
2006; Elliott, 2002). This explicit reasoning en-
sures that empathy and guidance emerge from
a coherent framework rather than isolated, reac-
tive utterances. The second capability is empathy-
expertise alignment. Psychologically grounded
guidance must be delivered in a supportive, non-
didactic manner. Responses that are emotionally
warm but clinically ungrounded offer only superfi-
cial reassurance, while technically accurate yet af-
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fectively detached replies risk alienating vulnerable
users (Nienhuis et al., 2018). Ultimately, effective
support hinges on seamlessly integrating rigorous
psychological reasoning with carefully calibrated
empathetic language.

Existing ESC research generally follows two
paradigms, both struggling to simultaneously ful-
fill these ideal capabilities. (i) Parameter-based
approaches use supervised fine-tuning (Chen et al.,
2023; Zhang et al., 2024a) or reinforcement learn-
ing (Zhao et al., 2025; Wang et al., 2026a) to mimic
empathetic patterns. However, they critically lack
explicit guidance for structured, stage-aware rea-
soning, relying on surface-level imitation rather
than dynamically adapting to the client’s evolv-
ing psychological state. (ii) Inference-augmented
approaches incorporate agents (Zhou et al., 2025;
Zhang et al., 2024b) or retrieval-augmented gener-
ation (Hu et al., 2024; Guo et al., 2024) to inject
psychological knowledge. Yet, this knowledge typ-
ically serves merely as external auxiliary guidance
at inference time, rather than a definitive learning
signal reshaping the model’s internal policy. Con-
sequently, avoiding this artificial splicing requires a
unified framework that integrates explicit reasoning
guidance directly into the model’s internal policy.

To overcome these limitations, we propose
ESCRAG-R1, a unified framework that inte-
grates retrieval-based psychological guidance into
Group Relative Policy Optimization (GRPO), as
shown in Figure 1. ESCRAG-R1 leverages re-
trieved counseling strategies to stimulate explicit,
stage-aware reasoning prior to generation, ensur-
ing the model conducts an internal psychologi-
cal assessment rather than surface-level imitation.
Furthermore, by incorporating this retrieval pro-
cess into the GRPO loop, external knowledge
acts as a robust learning signal that reshapes the
model’s internal policy, seamlessly integrating pro-
fessional therapeutic strategies with empathetic
expression. To provide reliable reward supervi-
sion for this optimization, we construct a Client—
Counselor—Judge evaluation framework and build
ESC-PREFERENCE. This dataset delivers precise
reward signals for GRPO, while its preferred re-
sponses serve as practice-grounded exemplars in
the retrieval corpus for both training and inference.

Our contributions are summarized as:

* We propose ESCRAG-R1, a retrieval-
augmented reinforcement learning framework
that incorporates psychological guidance into

GRPO for stage-aware emotional support.

* We construct ESC-PREFERENCE based on
a three-dimensional Client—Counselor—Judge
evaluation framework, supporting both reward
modeling and retrieval grounding.

* Extensive experiments show that ESCRAG-
R1 improves empathy-expertise alignment
and generates more grounded, supportive, and
therapeutically appropriate responses.

2 Related Work

Parameter-based ESC Systems. Parameter-
based approaches internalize supportive behaviors
through optimization on specialized datasets. As
the foundation for training, studies propose psy-
chological counseling dialogue datasets with di-
verse topics and strategies to support subsequent
model training (Zhang et al., 2024a; Liu et al.,
2021; Zheng et al., 2023). Many works adopt super-
vised fine-tuning (SFT) on counseling dialogues,
enabling models to learn therapeutic patterns from
the data and thereby deliver better services (Chen
et al., 2023; Zhou et al., 2025). In reinforcement
learning, some studies construct preference pair
data and employ Direct Preference Optimization
(DPO) (Rafailov et al., 2023) to align models with
human preferences (Zhao et al., 2025). With the
emergence of Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), several works have
conducted preliminary explorations, though these
attempts rely entirely on LLMs to explore strate-
gies autonomously, lacking external guidance or
structured intervention (Wang et al., 2026b; Yang
et al., 2025; Wang et al., 2026a). However, these
parameter-based methods mainly learn supportive
patterns from fixed training data, without explic-
itly incorporating practice-grounded counseling
knowledge into policy optimization. As a result,
they may lack guidance for stage-aware reasoning
and context-sensitive intervention, motivating our
retrieval-augmented reinforcement learning frame-
work.

Inference-augmented ESC Systems. Inference-
augmented approaches enhance ESC systems by
introducing external knowledge or structured rea-
soning during inference without modifying model
parameters. For example, some studies develop di-
alogue agent frameworks to construct ESC systems
that are more empathetic and helpful (Zhang et al.,
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Figure 2: The left panel shows the stage-aware annotation pipeline for ESC-Preference, and the right panel illustrates
how retrieval-augmented guidance is integrated into GRPO to optimize grounded, empathetic support responses.

2024b, 2025; Li et al., 2024). Beyond reasoning-
focused approaches, a growing body of research
draws upon established psychological theories to
ground system behavior in clinically validated prin-
ciples (Xiao et al., 2024; Xu et al., 2025). Addition-
ally, recent studies adopt retrieval-augmented gen-
eration (RAG) frameworks to incorporate external
knowledge or relevant dialogue exemplars during
inference (Hu et al., 2024; Guo et al., 2024; Liu
etal., 2026). Despite their strengths, the augmented
information in these approaches often remains pe-
ripheral to the model’s core decision-making, serv-
ing as auxiliary input rather than actively shaping
the underlying intervention policy. This motivates
us to integrate retrieval-based psychological guid-
ance into reinforcement learning, so that external
counseling knowledge can participate in policy op-
timization rather than only assisting inference.

3 Method

The overall framework of ESCRAG-R1 consists
of two main components: ESC-Preference Con-
struction and Retrieval-Guided Policy Optimiza-
tion, as shown in Figure 2. ESC-Preference is
constructed to provide both preference supervi-
sion for reward modeling and high-quality coun-
seling exemplars for retrieval grounding. Based
on this dataset, we first train a multi-perspective
reward model, and then optimize the ESC pol-
icy through supervised fine-tuning and retrieval-
augmented GRPO.

3.1 Task Definition

Emotional Support Conversation (ESC) is formu-
lated as a turn-level counselor response gener-
ation task. A dialogue consists of alternating
user and counselor utterances, denoted as D =
{u1,c1,ua,co,...,up,cr}, where u; is the i-th
user utterance, ¢; is the corresponding counselor
response, and 7' is the number of counselor turns.
At the 7-th counselor turn, the model observes the
dialogue history H; = {ul, Cly.o.yUi—1,Ci—1, ul}
and generates a response ¢; according to the coun-
selor policy 7y (- | H;), where 6 denotes the policy
parameters.

The goal is to learn a counselor policy 7y that
maximizes the expected reward of generated re-
sponses over observed dialogue histories:

Ty = argn}r%X g, cimm(12,) [B(His )], (1)

where R(H,;, ¢;) denotes the reward function that
evaluates the emotional support quality of response
¢; under dialogue history H;.

3.2 ESC-Preference Construction

To obtain reward signals that balance professional
competence and empathetic quality, as well as
practice-grounded guidance for both training and
inference, we construct the ESC-Preference dataset,
which provides multi-perspective preference pairs
and high-quality counseling exemplars. Based on
ESConv (Liu et al., 2021), we simulate multi-turn
client—counselor interactions to construct counsel-
ing dialogues. As shown in Figure 2, candidate
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models perform three-stage counseling inference
to build contrasting reasoning paths, from which
reliable preference pairs are obtained through stage-
wise selection and final preference filtering. The
prompts are provided in Appendix A.

Stage-wise Response Reasoning. Given a dia-
logue history, we construct candidate responses
through a three-stage counseling reasoning frame-
work. This design follows the progressive na-
ture of counseling interactions, where the coun-
selor first understands the counseling context, then
assesses the client’s psychological state, and fi-
nally selects an intervention strategy. This pro-
cess grounds response generation in counseling-
oriented reasoning rather than relying only on sur-
face dialogue context. To obtain contrasting re-
sponse candidates, three candidate models, includ-
ing GPT-40 (OpenAl, 2024), Gemini-2.5-Pro (Co-
manici et al., 2025), and DeepSeek-V3 (DeepSeek-
Al 2024), independently perform the three-stage
inference. At each stage, intermediate selection is
applied to retain both high- and low-quality rea-
soning states. These selected states are propagated
through the subsequent stages, producing two con-
trasting reasoning trajectories, which are then used
by GPT-40 to generate paired counselor responses.

Multi-perspective Preference Evaluation. To
evaluate the paired responses beyond a single over-
all score, we use GPT-5-chat (OpenAl, 2025) as
the evaluator and adopt a multi-perspective eval-
uation framework covering the client, counselor,
and judge viewpoints. The client perspective fo-
cuses on perceived emotional support quality, the
counselor perspective evaluates therapeutic coher-
ence and professional grounding, and the judge
perspective assesses whether the response fits the
client’s state and targets the core problem. Based
on these evaluation results, we apply a dominance-
based filtering criterion: the preferred response
must achieve non-negative improvement across all
metrics and strictly outperform the alternative re-
sponse in at least three dimensions. Only pairs
satisfying these conditions are retained. Through
this process, we obtain 3,667 high-confidence pref-
erence pairs, containing 7,334 responses in total.

3.3 Retrieval-Guided Policy Optimization

To move beyond inference-only guidance and en-
able retrieved counseling knowledge to shape the
model policy, we use ESC-Preference to guide pol-
icy optimization. The preference pairs are used to

train a reward model, and the preferred responses
are organized as a retrieval corpus to provide coun-
seling guidance. We first initialize the policy with
a supervised reasoning-response pattern, and then
integrate retrieval augmentation into GRPO. In this
way, retrieved counseling exemplars are used dur-
ing both policy optimization and inference, rather
than serving only as inference-time guidance.

Preference-Guided Reward Learning. To pro-
vide reward signals for policy optimization, we
train a reward model on the preference pairs in
ESC-Preference. Each preference pair is repre-
sented as (H,, c;r, c; ), where c;r and c;” denote the
preferred and rejected responses under the same
dialogue state ‘H;, respectively. The reward model
estimates the relative quality of candidate responses
by mapping each dialogue state and response to a
scalar reward score. Specifically, it consists of a
pretrained backbone fy(-) and a linear scoring head
gy (+), and the reward score r*™ for a candidate
response is computed as:

ri™M = gy (fo(Hi i) .- (2)

During training, the backbone parameters 6 are
frozen and only the scoring head parameters v are
optimized. For each preference pair, the reward
model produces scores riRM = 9o ( fo(H,i, cj))
and /"M% = g, (fo(Hi, ;")) for the preferred and
rejected responses respectively. The loss function
of the reward model is defined as:

N
_ 1 B RM+ _ _RM-—
Lpy = N ; [ log o (r; T ) )

-H\(TZBM+ + rlRMf)z} ,

where o(+) denotes the sigmoid function and A is
a regularization coefficient. The first term encour-
ages the reward model to assign higher scores to
preferred responses, while the second term con-
strains the reward scale to prevent score drifting
during training.

During policy optimization, we further introduce
an auxiliary format reward to encourage the pol-
icy model to follow the structured output format.
Instead of directly generating the final counselor
response, the model is expected to first organize
its counseling reasoning and then provide the final
supportive response. The format reward rlf ormat i
defined as:

Jormat _ {1, if format satisfied; @

! 0, otherwise.
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The final reward r; used during reinforcement
learning is defined as:
Ty = TZRM + rzf ormat &)
Supervised Pattern Initialization. Before rein-
forcement learning, we initialize the policy model
using a supervised fine-tuning (SFT) stage to es-
tablish a structured reasoning pattern for emo-
tional support responses. Specifically, we gener-
ate 500 cold-start demonstrations using GPT-40
(OpenAl, 2024). Following the prompt design in
Appendix B.2, each demonstration consists of a rea-
soning segment and a final response, formatted as
<think></think> and <response></response>.
Given a dialogue state H;, let y; denote the target
structured output in the cold-start demonstration,
which contains both the reasoning segment and the
final response. The policy model 7y is trained to
generate y; conditioned on H;. The supervised
fine-tuning objective is defined as:

Lsir = ~Ep, ) log mo(yi | )] (©)

This stage enables the model to learn the reason-
ing-response output format and provides a stable
initialization for subsequent reinforcement learning
with GRPO.

Retrieval-Augmented GRPO. After supervised
pattern initialization, we further optimize the coun-
selor policy using GRPO with retrieval augmenta-
tion. Different from inference-only RAG, our goal
is to expose the policy to retrieved counseling ex-
emplars during the rollout process, so that retrieval-
based guidance can influence both response gen-
eration and policy updates. Given a dialogue state
‘Hi, the policy first generates an initial response ¢;:

i~ mo(- | Hai)- (N

The initial response is used as a query to retrieve
relevant counseling exemplars from the retrieval
corpus constructed during dataset generation. Let
& ={e1,...,er} denote the retrieved exemplars.
The policy then generates the final response con-
ditioned on the dialogue state, the initial response,
and the retrieved exemplars:

ci ~mo(- | Hi, €, E). ®)

During training, for each dialogue state H;, the
current policy samples a group of N retrieval-

augmented candidate responses {c’ W =1, and each

response is evaluated using the reward signal de-
fined above. The group-relative advantage A’ for
each sampled response is computed as:

r NZklz
2
\/Zkl Nlez) €

where rf denotes the reward of the j-th sampled
response, while rf is used as the summation term
over all responses in the same group. The constant
€ is used for numerical stability.

)

We define the importance sampling ratio pg be-
tween the current policy and the old policy for the
j-th sampled response as:

; | Hiéi, &
- SR E) )
(CJ‘H’MC’M Z)

old

where pf measures how the likelihood of the sam-
pled response changes under the current policy 7y
compared with the old policy mg_,.

Based on the importance sampling ratio pf and
the group-relative advantage Ag , the policy is opti-
mized with the following clipped GRPO objective:

N
Larpo(0) = —Byy (iyn [ >
=1 (11)

51+ 5)Aﬂ) ,

min (pgAg, Clip(pz,

where clip(p{ ,1 — 0,1 4+ 9) constrains the pol-
icy ratio within [1 — 6,1 + ], and 0 is a clip-
ping coefficient that limits excessively large pol-
icy updates. The overall procedure of retrieval-
augmented GRPO and RAG inference is summa-
rized in Appendix C.

4 Experiment

4.1 Experiment Settings

Dataset. We conduct experiments on ES-
Conv (Liu et al., 2021) using its default training and
test split. The training set contains 910 dialogues
with 10,939 turns, which are used for reward model
training, retrieval corpus construction, and GRPO-
based policy optimization. During evaluation, we
assess model performance on the test split, which
contains 195 dialogues with a total of 2,505 turns.
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Client

Counselor

Judge

Model Avg
EI NE TA SC TH SF PT
General-Purpose Models (Raw)
GPT-40 8.19 8.61 8.07 887 790 840 7.56 8.23
GPT-40 with RAG 8.79 896 856 895 8.13 8.76 796 8.59
Llama-3.1-8B-Instruct 820 848 806 871 7.78 827 17.65 8.16
Llama-3.1-8B-Instruct with RAG 8.73 8.50 8.59 8.09 7.71 829 7.57 821
Qwen-2.5-7B-Instruct 7.62 7.63 751 849 736 7.63 692 7.59
Qwen-2.5-7B-Instruct with RAG 831 8.50 8.12 822 749 8.00 7.18 797
Specialized ESC models
ChatCounselor-7B 6.22 559 625 7.06 6.07 6.09 556 6.12
PsyLLM-8B 859 9.18 834 8.68 7.87 855 7.65 841
ESCRAG-RI1
ESCRAG-R1-3B with RAG 8.68 9.31 855 880 802 858 7.56 8.50
ESCRAG-R1-7B with RAG 8.74 9.60 8.68 8.98 8.09 8.66 7.65 8.63

Table 1: Evaluation results from three perspectives. Client: EI (Emotional Impact), NE (Non-Lecturing Empathy),
TA (Therapeutic Alliance); Counselor: SC (Strategic Coherence), TH (Theoretical Application); Judge: SF (Strategy-
Client Fit), PT (Problem Targeting). The best and second-best results are bolded and underlined, respectively.

Evaluation Metrics. We evaluate model perfor-
mance from three complementary perspectives:
Client, Counselor, and Judge. For automatic eval-
uation, we use GPT-5-chat as the evaluator under
a unified scoring prompt. Detailed descriptions of
the metrics are provided in Appendix A.3.

Implementation Details. For reward model, we
adopt Qwen-2.5-7B (Yang et al., 2024; Team, 2024)
as the backbone. For policy optimization, we use
Qwen-2.5-3B-Instruct and Qwen-2.5-7B-Instruct
as the backbone policy models. For the retrieval
component, we use bge-m3 (Chen et al., 2024) to
encode dialogue chunks and construct the vector
database. For fairness, all RAG-based experiments
use the same retrieval number, with N = 3 re-
trieved exemplars. Detailed hyperparameter set-
tings are provided in Appendix D.

Baselines. We compare our method against two
categories of baselines: general-purpose large lan-
guage models and specialized emotional support
dialogue models. The general-purpose models
include GPT-40 (OpenAl, 2024), Llama-3.1-8B-
Instruct (Grattafiori et al., 2024), and Qwen-2.5-
7B-Instruct(Yang et al., 2024; Team, 2024), while
the specialized models include ChatCounselor-7B
(Liu et al., 2023) and PsyLLM-8B (Hu et al., 2025).
Considering the different architectures and usage
settings of the models, we additionally evaluate the
RAG setting only for general-purpose models.

4.2 Main Results

Table 1 presents the overall comparison results
from the Client, Counselor, and Judge perspec-
tives. The first key finding is that ESCRAG-R1
achieves the strongest overall performance among
all compared models. Specifically, ESCRAG-R1-
7B with RAG obtains the highest average score
of 8.63, while ESCRAG-R1-3B with RAG also
achieves a competitive score of 8.50. These results
demonstrate that the proposed framework is effec-
tive across different model scales and consistently
improves the overall quality of ESC responses.

The second key finding is that ESCRAG-R1
achieves a better balance between empathetic ex-
pression and professional grounding. Compared
with GPT-40 with RAG, ESCRAG-R1-7B obtains
a substantially higher score on Non-Lecturing Em-
pathy (9.60 vs. 8.96) and a higher score on Ther-
apeutic Alliance (8.68 vs. 8.56), indicating that
our model produces responses that are perceived as
more supportive and less didactic even when com-
pared with a strong retrieval-augmented general-
purpose model. Meanwhile, ESCRAG-R1-7B also
maintains strong Counselor-side performance, with
8.98 on Strategic Coherence and 8.09 on Theoreti-
cal Application. These results show that ESCRAG-
R1 improves empathetic expression while preserv-
ing professional therapeutic reasoning, thereby bet-
ter supporting empathy-expertise alignment.

The third key finding is that specialized ESC
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Client

Counselor Judge

Model Avg
EI NE TA SC TH SF PT

Ablation on Framework Components

Qwen-2.5-3B-Instruct 7.18 7.20 7.18 797 692 7.08 6.31 7.12
Qwen-2.5-3B-Instruct with RAG 793 8.16 7.81 7.18 690 7.00 6.12 7.30710.18
Cold-Start SFT 8.14 846 8.00 8.88 7.88 8.21 743 8.14711.02
+ Vanilla-GRPO 8.19 9.06 8.13 9.00 8.02 852 755 835711.23
+ Vanilla-GRPO + RAG Inference 849 930 835 896 8.03 846 7.52 8.44711.32
ESCRAG-R1-3B + RAG Inference 8.68 9.31 855 8.80 8.02 858 7.56 850711.38

Table 2: Ablation on framework components. Vanilla-GRPO uses standard GRPO training, RAG Inference applies
retrieval augmentation only at test time, and ESCRAG-R1-3B uses our full joint training framework with retrieval

augmentation during both training and test time.

models still show limitations in jointly maintaining
empathy and professional grounding. Although
PsyLLM-8B achieves a strong average score of
8.41 and performs well on empathy-related met-
rics, ESCRAG-R1-7B further improves all three
Client-side metrics and achieves higher Counselor-
side scores, increasing Strategic Coherence from
8.68 to 8.98 and Theoretical Application from 7.87
to 8.09. Meanwhile, ChatCounselor-7B obtains a
much lower average score of 6.12, with weak per-
formance across both Client and Judge dimensions.
These results suggest that counseling-oriented train-
ing alone may be insufficient to consistently pro-
duce responses that are both empathetic and strate-
gically appropriate, highlighting the importance
of integrating structured reasoning and preference-
based policy optimization.

4.3 Ablation Analysis

Table 2 reports the ablation study on the core com-
ponents of the framework, examining how each
module contributes to the overall performance. Fig-
ure 3 further investigates how varying the number
of retrieved exemplars affects model performance.

Ablation on Framework Components. Table 2
shows that each component of ESCRAG-R1 con-
tributes to the overall performance. Starting from
the backbone, Qwen-2.5-3B-Instruct achieves an
average score of 7.12, and adding RAG brings a
modest improvement to 7.30, suggesting that re-
trieved exemplars provide useful supportive cues
but are insufficient when used only as external
inference-time context. After Cold-Start SFT estab-
lishes a structured reasoning-and-response pattern,
Vanilla-GRPO further improves the average score
from 8.14 to 8.35, showing that reinforcement

learning can enhance the general quality of emo-
tional support generation. Adding RAG Inference
on top of Vanilla-GRPO further raises the score to
8.44, indicating that retrieved examples can pro-
vide additional guidance during generation. The
full ESCRAG-R1-3B framework achieves the best
overall score of 8.50, outperforming both Vanilla-
GRPO and Vanilla-GRPO + RAG Inference. No-
tably, compared with Vanilla-GRPO + RAG Infer-
ence, ESCRAG-R1 further improves the Client-
side metrics such as Emotional Impact and Thera-
peutic Alliance, as well as the Judge-side metrics of
Strategy—Client Fit and Problem Targeting. These
improvements suggest that integrating retrieval into
policy optimization helps the model better internal-
ize practice-grounded counseling strategies, lead-
ing to more supportive responses that are better
aligned with the client’s state and core problem.

9.6 . n=2 (Avg=8.44)
n=3 (Avg=8.63)
s n=4 (Avg=8.61)

El NE TA sC TH SF PT
Metric

Figure 3: Performance of ESCRAG-R1-7B with differ-
ent retrieval numbers across evaluation dimensions.

Ablation on Retrieval Number. Figure 3 illus-
trates the effect of different retrieval numbers on
ESCRAG-R1-7B. Overall, increasing the retrieval
number from n = 2 to n = 3 leads to consistent
improvements across all evaluation dimensions,
raising the average score from 8.44 to 8.63. This
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Client: I feel like my friend group judges me for simply being myself. Although they are probably joking, I sometimes

take their words personally, and it makes me upset.

Counselor: It sounds like your friends’ jokes can feel judgmental to you, and even if they do not mean harm, their words

still end up hurting you.

Client: Should I still hang out with them if they keep making me feel this way?

Initial Response (Vanilla-GRPO)

It sounds like this situation is really tough
for you. It’s understandable that you feel
upset when people you care about are not

being supportive.
Response

moving forward?

Maybe we can explore together what being
in this situation feels like for you and what
boundaries, if any, you might want to set.
Would you be comfortable discussing how
you want to approach your friend group

Final Response (ESCRAG-R1)

It sounds like this situation is really affecting
you, and

. It makes sense that you feel upset
when people you care about say things that hurt,
even if they are joking.
Would you like to talk more about

?7 We can take our time to understand

your feelings and what matters most to you. Re-
member, ,and

as you explore your options.

[Chunk 1] History: The client is hurt and confused after a friend said she hated them while
they were also dealing with family problems.
Response: The counselor validates the client’s pain and confusion, encourages them to process

Retrieved Chunks

feelings at their own pace, and reassures them that they do not have to go through this alone.

[Chunk 2] History: The client feels rejected because friends are cold and unwilling to meet,

then asks what they should do.

Response: The counselor acknowledges the hurt, avoids direct advice, invites the client to
explore how the coldness affects them, and supports taking things one step at a time.

Table 3: Case study of ESCRAG-R1. Retrieved chunks guide the model to produce a more supportive final response,
with highlighted text showing improved counseling behaviors. During training, the reward of such retrieval-guided
responses is used to update the policy, allowing external guidance to shape model parameters.

suggests that using too few retrieved exemplars
may provide insufficient counseling guidance for
response refinement. When the retrieval number
further increases to n = 4, the overall performance
remains competitive but slightly decreases to 8.61,
indicating that additional retrieved examples do not
necessarily bring further gains and may introduce
redundant or less focused guidance.

80
W ESCRAG-7B w/ RAG Win
ESCRAG-7B w/ RAG Lose

63

54

46
43

Count
s
5

37

o

GPT-40 w/ RAG PsyLLM-8B w/o RAG  Llama-3.1-8B-Instruct w/ RAG

Figure 4: Human evaluation results on 100 sampled
dialogue contexts from the ESConv test set.

4.4 Human Evaluation

We further conduct human evaluation on 100 ran-
domly sampled dialogue contexts from the ES-
Conv test set. As shown in Figure 4, ESCRAG-
R1-7B with RAG consistently achieves more wins
than losses against all three baselines, obtaining 57

wins against GPT-40 with RAG, 54 wins against
PsyLLM-8B without RAG, and 63 wins against
Llama-3.1-8B-Instruct with RAG. Interestingly, al-
though GPT-40 with RAG performs strongly in
LLM-as-Judge evaluation, human annotators still
prefer ESCRAG-R1 in more cases, and the com-
parison with PsyLLLLM-8B is relatively close. This
suggests that models whose policies are updated
with psychological counseling data may produce
responses that better match human expectations.

4.5 Case Study

Table 3 illustrates how retrieval augmentation helps
ESCRAG-RI1 refine its response. Compared with
the initial response, the final response provides
warmer emotional validation, avoids premature ad-
vice, and maintains a more supportive stance. The
retrieved chunks guide the model to acknowledge
the client’s hurt and encourage further exploration
rather than directly prescribing solutions. Since
retrieval-guided responses are evaluated during
GRPO training, such guidance can further shape
the policy beyond inference-time generation.

5 Conclusion

In this paper, we propose ESCRAG-R1, a
retrieval-augmented reinforcement learning frame-
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work for emotional support conversation. We
construct ESC-PREFERENCE with a multi-
perspective evaluation framework to support re-
ward modeling and retrieval grounding. Experi-
mental results show that ESCRAG-R1 improves
emotional support quality across model scales
and achieves stronger empathy-expertise alignment
than general-purpose and specialized ESC models.

6 Limitations

Despite the effectiveness of ESCRAG-R1, this
work still has several limitations. First, due to com-
putational resource constraints, our experiments
are mainly conducted on 3B and 7B policy mod-
els. Although the results demonstrate consistent
improvements across different model scales, we
have not fully investigated how the proposed frame-
work performs on larger-scale LLMs. Second, this
work focuses on text-only Emotional Support Con-
versation. However, real-world emotional support
often involves multimodal signals, such as facial ex-
pressions, speech tone, and other behavioral cues,
which may provide important information about
the user’s emotional state.

7 Ethical Considerations

This work aims to improve the performance of
Emotional Support Conversation (ESC) models
and is intended for research purposes only. All
data and models used in this work are based on
publicly available and open-source resources, and
our experiments do not involve private user data or
personally identifiable information.

During dataset construction, we carefully de-
sign the annotation and generation pipeline to re-
duce the risk of producing harmful or inappropriate
content. The prompts used for client simulation,
counselor reasoning, and response evaluation are
designed to guide the models toward supportive,
non-harmful, and therapeutically appropriate inter-
actions, as detailed in Appendix A. Nevertheless,
we acknowledge that automatically generated emo-
tional support responses may still carry potential
risks if used in real-world settings without proper
safeguards.

Therefore, ESCRAG-R1 and the constructed
dataset are intended only for academic research.
They should not be directly used as a substitute for
professional psychological counselors or mental
health services. Any future practical deployment
should include strict safety mechanisms, human

oversight, and clear instructions for users to seek
professional help in high-risk situations.
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A Prompt Design for ESC-Preference
Construction

A.1 Client Simulator Prompt

We design a role-playing prompt to simulate the
client as a patient seeking emotional support. The
prompt enforces the client to remain consistent
with the given emotional and situational context,
respond naturally to the therapist, and generate only
one short and succinct sentence for the next turn
without additional explanation. The prompt design
can be seen in Figure 5.

## Client Simulation Prompt

Now enter the role-playing mode. In the following conversation, you will play as a patient
in a counselling conversation with a therapist.

IYou are the patient who is looking for the help from the therapist, because you have the
lemotional issue about {emotion_type} regarding {experience_type}. Please reply with
only one short and succinct sentence. You are currently facing problem {problem_type}
and are in situation {situation}.

Here is the existing dialogue between you and the therapist:
{dialogue}

Based on the above information, please provide your next turn of response.

Figure 5: Client role-playing prompt.

A.2 Counselor Simulator Prompt

We design a stage-aware prompting framework that
decomposes the counselor’s reasoning into three
stages, each implemented with a dedicated prompt.

Counseling stage identification. The model in-
fers the client’s current counseling phase based on
the dialogue context. The prompt design can be
seen in Figure 6.

## Stage 1: Cu ing Phase

‘ou are an experienced psychological counselor.

our task: Determine which counseling process stage the client is currently in, based on the
dialogue.

Possible stages:

1. Relationship-building and goal assessment (Early stage)

2. Problem exploration and clarification - Conceptualization (Early middle stage)
3. Cognitive intervention and action promotion (Late middle stage)

f4. Consolidation and termination (Late stage)

Use the conversation below to infer the current counseling stage.
[Conversation History]

K conversation_history}

Output strictly in the following format:

iStage number: [1-4]

IStage name: [corresponding name]

IReasoning: [A short paragraph explaining your reasoning, including the client’s focus,
icommunication tone, and therapeutic process stage]

Figure 6: Counselor role-playing prompt for counseling
stage identification.

Psychological state assessment. The model eval-
uates the client’s psychological state in terms of
distress, resilience, and motivation. The prompt
design can be seen in Figure 7.
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l## Stage 2: ical State
‘ou are an experienced psychological counselor.

‘ou have already determined the client's current counseling stage from Stage 1.

[Stage 1 Result]
{stage1_output}

[Conversation History] Fragile but eager for change - Skill development and confidence building

{ conversation_history} Possible strategies:
Reality testing: Adjusting expectations + Accumulating small successes

INow, based on the conversation and the above stage assessment, determine the client's Behavioral activation: Assigning progressive tasks + Encouraging behavioral experiments

psychological state using the categories below: ISelf-efficacy enhancement: Identifying strengths + Specific feedback and reinforcement of
behaviors

1. Low distress, low resilience, low motivation

2. High distress, low resilience, high motivation

Be H!gh d‘.StreSS’ |°.W res".'?"ce' low mor".'at“.’" Ideal working state - In-depth intervention and core work

4. High distress, high resilience, low motivation B

. S IPossible strategies:

5. Low distress, low resilience, high motivation a ) . .

6. High distress, high resilience, high motivation Experiential exploration: Role-playing + Emotion-focused + Body awareness

7. Low distress, high resilience, high motivation ICognitive restructuring: Belief testing + Thought recording

8. Low distress, high resilience, low motivation Relationship pattern analysis: Transference exploration + Schema identification

[Output strictly in the following format:
IGrowth-oriented counseling - Optimization and potential development

[Category number: [1-8] Possible strategies:

(Category description: [corresponding description] ICognitive flexibility training: Guiding multi-angle thinking + Challenging cognitive rigidity
Reasoning: [Explain emotional distress level, resilience, and motivation to change, and why Behavioral optimization: Habit reshaping plan + Effectiveness improvement strategies
[this matches the category] Meaning exploration: Value clarification exercises + Life narrative reconstruction

IStaying in the comfort zone - Developmental catalysis and meaning stimulation

: : IP¢ ble strats 5
Flgul‘e 7: Counselor role—playlng prompt for psyChOlOg— E?{lssst‘enen;\rlasseuge‘sesexp\orat\on: Meaning exploration + Responsibility and freedom discussion
. Future-oriented intervention: Vision building + Staircase goal setting
lcal state assessment. (Challenging support: Gentle confrontation + Subtle potential stimulation

INow, considering the client’s emotional state, resilience, and motivation, choose the
strategies that best suit this client’s needs.

Output strictly in the following format:

Therapeutic strategy selection. The model se-  Ferawssvaoms s ve ey o) o commnes st 000
: . . .. =g

lects appropriate counseling strategies conditioned process st20e]

on the inferred stage and psychological state. The

prompt can be seen in Figure 8 and Figure 9. Figure 9: Counselor role-playing prompt for therapeutic
strategy selection (part 2).

l## Stage 3: Therapeutic Strategy Selection
‘ou are an experienced psychological counselor.

ou have already determined the client's current counseling stage from Stage 1.
[Stage 1 Result]
{stage1_output}

‘ou have determined the client’s current psychological state based on Stage 2.
[Stage 2 Result]
Kstage2_output}

[Conversation History]
{ conversation_history}
## Evaluation Prompt
our task: Select the most appropriate counseling strategies from the following table based

lon the client’s state. You are a psychotherapy process evaluator. Your task is to assess the COUNSELOR's

) performance based on the given dialogue history and the counselor's latest dialogue
Stage 3: Strategy Selection segment. The evaluation should focus on the counselor's response quality and therapeutic
Choose the appropriate strategy based on the client's state: process in the context of the current stage of therapy.

Fragile state maintenance - Supportive accompaniment and resource activation
Possible strategies:

Supportive empathy: Emotional reflection + Positive attention

Resource activation: Support system reinforcement + Strengths review .
Psychological education: Normalization of the problem + Resilience building [Counselor's Latest Dialogue Segment]:
{latest_dialogue_segment}

[Dialogue History]:
{dialogue_history}

Urgent help-seeking in crisis - Stabilization and structuring [Evaluation Dimensions & Scoring]:

Possible strategies: Provide a comprehensive evaluation from the following three perspectives. Please provide a
[Emotional stabilization: Relaxation training + Emotional labeling + Safe imagery score for each sub-item using the following scale:

Structured sessions: Agenda setting + Psychological education + Goal breakdown Scoring Scale: 0-10 (where 10 = Excellent/Perfect, 5 = Average, 0 = Poor/Missing or

Skill training: Stress tolerance techniques + Emotional regulation exercises Completely Inadequate)

Perspective 1: Client's Perspective

Resistance in crisis state - Safety establishment and motivation cultivation Emotional Impact (Score: ): Did the response help the client feel better, validated, and

Possible strategies:
[Emotional containment: Accepting listening + Non-invasive accompaniment acerEteody

Motivation enhancement: Encouraging small changes + Respecting autonomy Empathy vs. Lecturing (Score: ): Did the counselor demonstrate empathy and attunement,
Relationship building: Trust reinforcement + Strengthening cooperation alliance or resort to lecturing or premature advice? .

[Therapeutic Alliance (Score: ): Did the response reduce power distance and foster
collaboration and trust?

Resources available but lacking motivation - Motivation awakening and value connection

Possible strategies: Perspective 2: Counselor's Perspective

Motivational interviewing: Exploring ambivalence about change + Decision balance analysis Strategic Coherence (Score: ): Was there a clear logical connection between the counselor's
(pros and cons of change) strategy, reasoning, and final response?

\Value clarification: Value prioritization + Behavior-value connection Theoretical Application (Score: ): Was the application of psychological theory accurate and
Motivation activation: Stress relief + Intrinsic motivation guidance appropriate?

Perspective 3: Judge's Perspective
Strategy-Client Fit (Score: ): Does the chosen strategy match the client's issues and current
stage of therapy?

Figure 8: Counselor role_playing prompt fOr therapeutic fhrioshl)eori\:]tT?argetlng (Score: ): Did the response address the client's most pressing problem at|
strategy selection (part 1). [Output Format]:
Return the evaluation in JSON format:
json
{«

"Emotional Impact": [score],
"Empathy vs. Lecturing": [score],
"Therapeutic Alliance": [score],
"Strategic Coherence": [score],

A.3 Evaluator Simulator Prompt "Theoretical Application’: [score],
"Strategy-Client Fit": [score],
"Problem Targeting": [score]
. 193
We design an evaluator prompt to evaluate can- !
After scoring, please provide a brief overall summary of the counselor's strengths and areas

didate responses from multiple perspectives and [Pt
provide reliable preference signals. During auto-
matic evaluation, we also adopt the same multi-
perspective criteria in the LLM-as-a-Judge setting.
The prompt design can be seen in Figure 10.

Figure 10: Evaluator role-playing prompt.
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B Prompt Design for ESCRAG-R1
Training Framework

B.1 Reward Model Prompt

The reward model is trained to evaluate whether
a counselor response effectively addresses the
client’s emotional problem under a given conversa-
tion history. The prompt is designed to guide the
model to assess response quality from the perspec-
tive of emotional support effectiveness.

Instruction: You are a helpful assistant tasked with
evaluating whether a patient’s emotional problem has
been effectively addressed following a conversation
with a therapist.

Conversation History:

{conversation_history }

Candidate Response:

{candidate_response}

B.2 Policy Model Prompt

The policy model is prompted to generate re-
sponses in a structured reasoning—response format.
During retrieval-augmented generation, the model
receives the dialogue history, an initial response,
and retrieved dialogue exemplars from the external
corpus, and then generates the final counselor re-
sponse. For the non-RAG inference setting and the
SFT stage, the same structured reasoning—response
format is used, but the prompt only contains the
dialogue history, without the initial response or
retrieved chunks.

System Prompt:

Now enter the role-playing mode. In the fol-
lowing conversation, you will play as a thera-
pist in a counselling conversation with a patient.
Your goal is to help the patient reduce their emo-
tional distress and support them working through
their challenges. You first think about the rea-
soning process in the mind and then provide the
patient with the response. The reasoning pro-
cess and response are enclosed within <think>
</think> and <response> </response> tags, re-
spectively, i.e., <think> reasoning process here
</think> <response> supportive response
here </response>.

User Prompt:

You are an empathetic and helpful assistant. Given
the following dialogue context, your initial response
and response guidelines retrieved from an external
library, your task is to generate a final response to the
user. This response should incorporate empathy and
understanding, provide helpful guidance or sugges-
tions, and be conversational and natural.

[Dialogue History]:

{dialogue_history}

[Initial Response]:

{initial_response}

[Retrieved Chunks from External Library]:
{retrieved_dialogue}

C Retrieval-Augmented GRPO and RAG
Inference

Algorithm 1 summarizes how retrieval is used in
ESCRAG-R1 during both training and inference.
In retrieval-augmented GRPO, retrieved counseling
exemplars are incorporated into the rollout process,
and the reward of retrieval-guided responses is used
to update the policy. In RAG inference, the opti-
mized policy uses the same retrieval-augmented
generation process to produce the final response,
but no parameter update is performed. Thus, re-
trieval serves as a learning signal during training
and as generation guidance during inference.

Algorithm 1 Retrieval-Augmented GRPO and

RAG Inference of ESCRAG-R1

Require: Training set Dirain = {Hi}iL,, test set Dyesy =
{#:}M', policy model y, old policy s
model 2y, retriever R, group size N

Ensure: Optimized policy parameters 6 and final responses

felmy ey
Retrieval-Augmented GRPO

1> Teward

1: for each training step do

2: Sample a dialogue state H; from Dsrain

3: for j = 1to N do i

4: Generate an initial response & ~ mo(- | H;)

5: Retrieve relevant exemplars &/ < R(¢)

6: Generate a retrieval-augmented response c{ ~
mo(- | M e],€])

7: Compute reward 7/ < Ry(Hi,c))

8: end for )

9: Compute group-relative advantages { A} }f;l from
rewards {r] }7_;

10: Compute importance sampling ratios {p? }}_, with

respect to g4
11: Compute the clipped GRPO loss Lerpo(9)
12: Update policy parameters 6 by optimizing Lerpo(0)
13: end for
14: Obtain the optimized policy gy
RAG Inference
15: for each dialogue state H; in Diesy do
16: Generate an initial response ¢&; ~ o (- | H;)
17: Retrieve relevant exemplars & < R(¢&;)
18: Generate the final response ¢ ~ mq (- | Hs, &, &)
19: end for ,
20: return 6 and {c**'} 4,

D Parameter Setting

Table 4 summarizes the main parameter settings
used for reward model training and Retrieval-
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Augmented GRPO. The reward model is built
on Qwen-2.5-7B and trained using two A800
GPUs. For policy optimization, ESCRAG-R1-3B
is trained on two A800 GPUs, while ESCRAG-
R1-7B is trained on four A800 GPUs.

Parameter Value
Reward Model Training

Epochs 5
Per-device batch size 1

Gradient accumulation steps 16

Learning rate 5x 107
Reward centering coefficient ~ 0.01
Retrieval-Augmented GRPO

Batch size 128
Epochs 2
Learning rate 1x10°6
KL coefficient 0.05

Number of sample generation 4
Number of retrieved chunks 3
Temperature 0.9
Top-p 0.95

Table 4: Hyperparameter settings for reward model train-
ing and Retrieval-Augmented GRPO.

E Inference Efficiency Analysis

The draft-driven retrieval process introduces an ad-
ditional generation stage compared with conven-
tional single-stage response generation. To quan-
tify this overhead, we measure the average latency
of each component of ESCRAG-R1-7B on the com-
plete ESConv test set under the same inference con-
figuration. As shown in Table 5, the initial response
generation and final response generation take 3.07
and 3.15 seconds on average, respectively, whereas
retrieving counseling exemplars introduces only
0.024 seconds of additional latency. Therefore, the
inference overhead mainly comes from the second
generation stage rather than the retrieval operation.

Component Average Latency (s)
Initial Response Generation 3.07
Retrieval 0.024
Final Response Generation 3.15
End-to-end Inference 6.24

Table 5: Average latency of different inference compo-
nents of ESCRAG-R1-7B on the complete ESConv test
set.

We further compare the end-to-end efficiency of

ESCRAG-R1-7B with its backbone model, Qwen-
2.5-7B-Instruct. As shown in Table 6, ESCRAG-
R1-7B increases the average inference latency from
3.06 to 6.24 seconds because of its additional
retrieval-guided refinement stage. Meanwhile, it
improves the average evaluation score from 7.59
to 8.63. These results demonstrate that ESCRAG-
R1 achieves substantially better emotional support
performance at the cost of additional generation la-
tency, revealing a clear quality—efficiency trade-off.
Future work will explore more efficient generation
strategies to reduce the additional latency and im-
prove the feasibility of real-time deployment.

Model Latency (s) Score
Qwen-2.5-7B-Instruct w/o RAG 3.06 7.59
ESCRAG-R1-7B w/ RAG 6.24 8.63

Table 6: End-to-end inference latency and performance
comparison between ESCRAG-R1-7B and Qwen-2.5-
7B-Instruct. Latency is averaged over the complete
ESConv test set.

F Human Evaluation

To complement automatic evaluation, we conduct a
human evaluation to assess the quality of generated
responses. We recruit three students with back-
grounds in psychology as human annotators and
provide them with training before the annotation
process. During training, annotators are introduced
to the evaluation criteria and the scoring prompt
used in our study, ensuring that they understand the
meaning of each evaluation dimension and apply
the criteria consistently.

For each dialogue context, annotators are pre-
sented with a blind pair of responses generated by
different models, where the model identities are
hidden to reduce potential bias. Following the eval-
uation prompt, annotators score each response from
the Client—-Counselor—Judge perspectives, covering
emotional support quality, therapeutic coherence,
and contextual appropriateness. After annotation,
we compare the scores assigned to each response
in the blind pair and determine model preference
according to the higher overall score.
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