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Abstract

Emotional support conversation (ESC) aims to
alleviate users’ psychological stress. Selecting
the appropriate strategy is crucial for effective
emotional support. Current strategy planner-
based methods prioritize immediate responses
while neglecting users’ future reactions. Some
studies retrieve historical examples with similar
emotions to the current utterance, then antici-
pating future emotions based on next-turn emo-
tions of historical examples. However, their
retrievals focus on the current emotion (i.e. a
single-turn emotion state), while they ignore
the evolution of user’s emotion before the cur-
rent state. We argue that retrievals considering
the whole emotional trajectories enables mod-
els to capture the dynamic emotional needs,
thereby enhancing the anticipation of future
emotions. To this end, we propose Markov-
driven emotion anticipation framework with
emotion trajectory-aware retrieval for LLM-
based ESC, which anticipates future emotion
states to guide strategy planning and achieve
sustained emotional support. First, we con-
struct a dynamic emotion memory and per-
form hierarchical retrieval that combines se-
mantic matching and emotion trajectory align-
ment. Then, we model emotional transitions
as Markov chains, leveraging trajectory-aware
retrieval to estimate future emotion. Finally, we
use the anticipated emotion to steer LLMs in
generating candidate strategies and introduce
active online learning to optimize the planner,
boosting its robustness on diverse users. Exper-
iments on two datasets with two models shows
that our method excels all baselines.

1 Introduction

As large language models (LLMs) demonstrate ad-
vanced conversational capabilities, the Emotional
Support Conversation (ESC) task has emerged as
a promising research domain (Daley et al., 2020).
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Figure 1: Our emotion trajectory retrieval and current
emotion-based retrieval for emotional support. Red
indicates a mismatch with current emotion needs and
green indicates alignment with emotion needs.

ESC aims to provide users with professional emo-
tional support to alleviate emotional distress (Liu
et al., 2021). This technology demonstrates broad
application prospects in diverse scenarios, includ-
ing social companionship, mental health support,
and customer service (Wang et al., 2025b). Cur-
rent mainstream ESC methods primarily focus on
planning the next-turn dialogue strategies to guide
LLMSs in generating empathetic responses.
Existing strategy planning approaches mainly fo-
cus on either LLM-based prompt learning or devel-
oping an external strategy planner. (1) LLM-based
prompt learning mainly designs heuristic prompts
(Caoetal., 2024; Yuet al., 2023) to stimulate LLMs
to perform self-thinking (Deng et al., 2023), self-
reflection (Zhang et al., 2025b) and critical feed-
back (Fu et al., 2023), thereby enhancing the ability
of strategy planning. These methods leverage the
inherent knowledge of LLMs. However, the pre-
training of LLMs seldom explicitly learn strategy
planning for ESC (Chen et al., 2023; Farhat, 2024;
Kang et al., 2024). Such limited planning capa-
bilities make LLMs struggle to select strategies
accurately, thus constraining their performance in
ESC. (2) Developing an external strategy plan-
ner involves training a specialized planner to select
appropriate support strategies for the current dia-
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logue state via supervised fine-tuning (Deng et al.,
2024; He et al., 2025b) or reinforcement learning
(Zhang et al., 2024; Rakib et al., 2025). This ap-
proach decouples strategy planning from the LLMs,
focusing on the improvements in the planner’s strat-
egy capabilities. While these methods select ap-
propriate strategies in ESC, they primarily plan
strategies based on the current dialogue state. This
prioritizes immediate responses while overlooking
potential user reactions in subsequent interactions,
potentially leading to a suboptimal strategy.

To address above issues, some studies (Cheng
etal., 2022; Zhao et al., 2025) have attempted to an-
ticipate users’ reactions to steer strategy planning.
Such approaches (He et al., 2024; Yang et al., 2025)
simulate future dialogues to infer potential user
feedback, thereby performing lookahead strategy
planning. To further enhance the model’s capability
to anticipate future reactions, some retrieval-based
anticipation methods (Hao and Kong, 2025; Xu
et al., 2024) retrieve historical examples with sim-
ilar emotion states to the current utterance. Then,
these methods anticipate the users’ future emotion
reaction based on the next-turn emotion within
these retrieved historical examples. However, as
shown in Fig. 1, these methods focus solely on the
emotion state in current turn, overlooking the users’
emotional evolution preceding the current turn.

We argue that it is significant to consider the
users’ emotion evolution (i.e. emotion trajectory
before the current turn) to capture the dynamic
emotion needs of users and cross-turn emotional
shifts. Thus, trajectory-based retrieval preserves
dependencies between emotion states, which helps
anticipate users’ future emotions.

In this paper, we propose emotion trajectory-
aware retrieval for Markov-driven emotion anticipa-
tion in LLM-based ESC, aiming to anticipate users’
dynamic emotional reactions and thereby enhance
strategy planning and empathetic response genera-
tion. Specifically, we construct a dynamic emotion
memory to retrieve memories with similar emo-
tional evolutions, facilitating LLMs to understand
the user’s evolving emotions. Subsequently, we
model the user’s emotional trajectory as a Markov
process. We estimate emotion change to update
the Markov transition matrix based on the retrieved
emotion trajectory. Then, we anticipate the fu-
ture emotion via the updated transition matrix,
which guides the prior LLMs to generate candidate
strategies tailored to the user’s emotional evolution.
Furthermore, we design an active online learning

based on reinforcement learning, which performs
weighted sampling of challenging user personas
to boost the planner’s robustness on diverse users.
Extensive experiments across two datasets on two
backbones show that our methods significantly out-
perform all baselines. Our contributions are three-
fold: (1) We propose emotion trajectory-aware re-
trieval for Markov-driven emotion anticipation in
LLM-based ESC, which models emotion trajecto-
ries as a Markov processes to proactively guide the
emotion change. (2) We design an emotion-driven
strategy planning for ESC that integrates future
emotion anticipation and introduces active online
learning to boost the planner’s robustness for di-
verse users. (3) Extensive experiments across two
datasets demonstrate that our method consistently
outperforms other baselines across all metrics.

2 Related Work

2.1 Emotional Support Conversation

ESC aims to provide emotional support to users
through multi-turn interactions (Liu et al., 2021).
Recent research primarily focuses on strategy plan-
ning, which can be divided into three categories: (/)
Traditional deep learning treats strategy planning
as a strategy prediction task, generating the next
strategy text span based on the current state (Zhao
et al., 2023; Lin and Chen, 2025; Wan et al., 2025).
(2) LLM-based strategy planning employs LLMs as
planners to select strategies through prompt learn-
ing (Cao et al., 2024; Yu et al., 2023; Fu et al., 2023)
or reinforcement learning (Wang et al., 2025b,a).
(3) External strategy planner trains a lightweight
model to optimize its strategy planning capabili-
ties for specialized strategy planning (Deng et al.,
2024; Zhang et al., 2024; Rakib et al., 2025). While
these methods are effective, their planning is typi-
cally based on the current dialogue state, lacking
consideration for the user’s long-term reactions.
Thus, some studies incorporate long-term con-
sideration into strategy planning by anticipating fu-
ture reactions (Cheng et al., 2022; He et al., 2024).
He et al. (2025b) construct an intrinsic user world
model to simulate personalized feedback. Yang
et al. (2025) simulate future dialogues to train a
future-oriented reward model. Rakib et al. (2025)
employ LLMs to infer users’ potential reactions
during strategy planning. However, they have not
explicitly considered the evolution of emotions
across multi-turn dialogue, thus exhibiting limi-
tations in proactively guiding emotion changes.
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Figure 2: Overview of our framework. The top left is dynamic emotion memory, covering dialogue metadata,
continuous emotion trajectory and discrete emotion state. The bottom is Markov-driven emotion anticipation,
which estimates emotion change A E based on retrieved emotion trajectory and combines personality vector to
update matrix to anticipate future emotion. The top right is strategy planning via emotion-driven active online
learning, which uses anticipated emotion to generate candidate strategies and optimizes planner via active learning.

2.2 Retrieval-augmented Generation for
Dialogues

Retrieval-Augmented Generation (RAG) enhances
a dialogue system’s knowledge awareness by in-
tegrating external information, which mainly in-
cludes two categories: (1) Integrating structured
knowledge (Tu et al., 2022; Yuet al., 2024; Xu et al.,
2024; Hao and Kong, 2025) primarily incorporate
knowledge graphs containing commonsense to en-
hance the model’s understanding of context and
user intent. (2) Incorporating personality informa-
tion (Cheng et al., 2023; Chen et al., 2025; Wu et al.,
2025) focus on leveraging personality traits such as
the Big-Five Personality (Goldberg, 1992) or com-
munication styles (Norton, 1978; Zhao et al., 2024)
to deliver personalized responses. However, these
methods primarily rely on semantic to retrieve rel-
evant knowledge, overlooking the dynamic evolu-
tion of emotions within dialogues, making it strug-
gle to align with users’ dynamic emotional needs.
Detailed related work is shown in App. A.

3 Method

3.1 Overview

We propose emotion trajectory-aware retrieval for
Markov-driven emotion anticipation to track users’
dynamic emotions in conversations. As illustrated
in Fig. 2, our framework contains three modules:

(1) Dynamic emotion memory stores users’ emo-
tional trajectories from multi-turn dialogues and
corresponding emotion states, and retrieves mem-
ories with similar emotional evolution based on
emotional trajectories. (2) Markov-driven emo-
tion anticipation estimates emotion change from
retrieved emotional trajectories to update emotion
transition probability, then anticipating the future
emotion to guide strategy planning. (3) Strategy
planning via emotion-driven active online learn-
ing steers the LLMs to generate candidate strate-
gies based on the anticipated emotion, and opti-
mizes the planner to select an appropriate strategy
via active online learning.

Given user utterance as input, we retrieve histor-
ical memories (§ 3.2) to estimate emotion change,
then anticipate the user’s future emotion (§ 3.3). Fi-
nally, guided by the anticipated emotion, we select
a near-optimal strategy with the planner to guide
the LLM to generate empathetic responses (§ 3.4).

3.2 Dynamic Emotion Memory

To enable the model to learn from historical di-
alogues with aligned emotional evolution, we
construct a dynamic emotion memory M
{(C",L",d,,T,)} comprising numerous items,
where each item contains dialogue’s metadata (di-
alogue content d,, and problem type 7,), the con-
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tinuous emotional trajectory C™, and discrete emo-
tion state L". Retrieving similar dialogues enables
the model to learn effective empathetic responses.
However, such retrieval overlooks the dynamic evo-
lution of emotions, which struggles to fulfill the
natural progression logic of human emotions. To
this end, we construct a dynamic emotion memory
to provide supplementary information with relevant
semantic and whole emotion evolution.

3.2.1 Dynamic Emotion Memory Extraction

To provide LLMs with emotion memories to draw
from, we extract continuous emotion trajectories
and discrete emotion states to construct dynamic
emotion memory. The continuous emotional trajec-
tory tracks cross-turn dynamic emotion evolution
in dialogue through vector sequences. The discrete
emotion state explicitly annotates emotion labels,
providing intuitive representations of emotions.

Continuous Emotion Trajectory. Prior studies
(Ohman et al., 2024; Teodorescu and Moham-
mad, 2023) demonstrate that lexicon-based meth-
ods achieve high reliability in capturing emotional
dynamics in narratives. Thus, we adopt sliding
window aggregation based on emotion lexicon to
construct an emotional trajectory for each dialogue
d, from the UniConv training data (Jin et al., 2025)
I with following steps: (1) For the ¢-th turn user
utterance usry = {wy, wa, ..., Wy, } in dialogue d,,,
we slide a window (size e, step size s) across the
utterances to obtain window sequences W;';, where
i =1{1,2,...,k}'} and k' denotes the total number
of windows. We select valid windows Wt* ; from
these windows based on the threshold 6 for the pro-
portion of emotional words. (2) For each valid
window W;, we retrieve the Valence-Arousal-
Dominance (VAD) vector of each word from the
NRC_VAD emotion lexicon (Mohammad, 2025),
which covers VAD vectors for numerous emotional
words. Then, we calculate the mean values of all
VAD vectors in the window to yield the window-
level emotional vector uy'; = (v, ap;, dy;). (3)
We compute the average of emotional vectors uy’;
across all valid windows for the ¢-th turn to ob-
tain the turn-level continuous emotional vector
| klg*\ Zyzll uy';. (4) We concatenate turn-level
emotional vectors e}’ in temporal order to construct
the emotional trajectory C™ = {e}, e}, ..., el }.

ey =

Discrete Emotion State. We discretize the con-
tinuous emotional space into a finite set of inter-

"Details of the UniConv dataset are provided in App. B.

vals {F1, Eo, ..., Ex} based on the valence and
arousal > dimensions via the emotion circumplex
model (Russell, 1980). Each interval corresponds
to an emotional state, represented by a feature vec-
tor E; = (v;,a;). We calculate the Euclidean
distance between the utterance’s emotional vector
el = (v}, a}') and the feature vector of each dis-
crete emotion state. Then, we assign the utterance
the discrete emotion F; with the closest distance,
which provides an explicit emotional anchor for em-
pathetic response. Finally, we obtain the discrete
emotion state sequence L" = {E7, EY, ..., E}}.

3.2.2 Dynamic Emotion Memory Retrieval

To retrieve memories with similar emotional trajec-
tories, we employ a hierarchical retrieval strategy to
combine semantic retrieval and emotion trend cor-
relation retrieval. This method first performs emo-
tional trend matching to narrow the search scope,
then retrieves memories from a refined subset based
on the semantic relevance of metadata.

We follow two steps to retrieve historical memo-
ries in a hierarchical manner: (1) Emotion trend
correlation (ETC) retrieval computes two Spear-
man correlation coefficients r, and r,. 7, and 7,
are the correlation coefficients between the valence
sequence and arousal sequence of the current di-
alogue and that of each historical dialogue in dy-
namic emotion memory M, respectively. Then, we
calculate ETC =
the similarity in emotional trend between the two
emotional trajectories, thereby retrieving the top-p
memories M, based on sorted ET'C'. (2) Seman-
tic retrieval employs an semantic encoder f(-) to
map current users’ problem and each problem in
M, to embeddings. Then, we calculate the cosine
similarity Syype = €O ( f (7N'n), f (7;)) to return the
top-g most similar retrieval items M.

% (r2 + r2), which quantifies

3.3 Markov-driven Emotion Anticipation

To anticipate the future emotions, we model the
emotion trajectory as a Markov chain and employ
the retrieved memory with similar emotion trajec-
tory to update the emotional transition probabilities.
LLMs are typically trained to passively follow user
instructions, which leads them to fail to proactively
steer users toward positive emotional shifts. To
this end, we propose a Markov emotional transition

%Arousal refers to the intensity of our emotional experi-
ence, whereas emotional valence refers to whether our emo-
tional experience is positive or negative.
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model to enable the models to shift from passive
response to proactive adaptation.

3.3.1 Formulate Emotion Trajectory via
Markov Chain

To discern trends in users’ emotions, we employ
Markov chains to model emotional trajectories,
driven by three advantages of Markov chains. First,
Markov chains with a gradual nature capture the
progressive evolution of human emotions to avoid
an unreasonable shift (Cipresso et al., 2023). Sec-
ond, the next state in Markov chains depends only
on the current state. This aligns with the short-term
emotion dependency of humans, where a user’s fu-
ture emotional state is mainly influenced by their
current emotional state. Finally, for an adjustable
transition probability matrix in a Markov Chain, we
can easily integrate personality traits and dynamic
emotion memory to control emotion anticipation.

We treat discrete emotion states as finite state
space S = {E1, Eo, ..., Ex} of the Markov pro-
cess. Thereafter, as shown in Eq. 1, we count
the number of transitions f; ; from state F; in turn
t to E; in turn ¢ + 1 based on the historical emo-
tion state sequence L" = {ET, EY, ..., E}.}, where
I(-) denotes the indicator function. We normalize
fi,j using the softmax function to obtain the initial
Markov emotion transition matrix 7.

N T-1

fig =Y D I(E} =E;NEX: =Ey), (1)

n=1 t=1

- exp(fi;)
e oL R 2
™o [7/ .7] Zj/ exp(fi,j’) ( )
3.3.2 Retrieval-Augmented Emotion

Estimation

To estimate emotion change, we obtain future turn
emotion based on retrieved emotional trajectory
and update the transition probability matrix. This
involves following steps:

Step 1: Emotional Adjustment Direction Esti-
mation. We retrieve the top-g emotional trajecto-
ries as described in § 3.2.2, denoted as M, and
align turns between retrieved trajectories and cur-
rent dialogue. Then we calculate the vector differ-
ence AE'" as emotion change between the current
emotion state and the future emotion state within
the trajectories in M,. The ¢ independent emo-
tion change A F are approximately formalized as a
Gaussian distribution N/ with mean p = (py, fta),
which represents the ideal adjustment direction dur-
ing emotion transitions. Thus, we use mean p as

the adjustment. This probabilistic modeling bal-
ances multiple valid trajectories, yielding a robust
data-driven transition.

Step 2: Personality-constrained Emotional Ad-
justment. We introduce a personality vector P =
{pjli = 1,2,..., K}, where K denotes the num-
ber of emotion states and P; represents the current
persona’s preference value for each emotion state.
This constraint ensures the adjusted emotion re-
mains consistent with the user’s traits, instead of
generic transitions. Detailed initialization of the
personality vector P is provided in the App. C.
Step 3: Updating Emotional Transition Proba-
bility Matrix. According to Eq. 3, we compute the
dot product between the emotion change A F and
the matrix W € R?*X composed of the feature
vectors for K emotional states, thereby obtaining
the projection of the emotion change onto each
emotional state. Then, we integrate the personality
vector and emotion changes into initial transition
probability matrix 7y to update the transition prob-
ability with the update rate of . We normalize the
updated matrix with row-wise softmax to maintain
a valid probability distribution for each row.

wli, j] = moli, j] +n- AE - W; - P;. 3

3.3.3 Temporal Emotion Anticipation via
Markov Chain

To anticipate potential future emotions, we lever-
age updated transition probability matrix to antici-
pate future emotions based on the Markov property,
with the user’s current emotion state F/; as the ini-
tial state. We proceed as follows: First, we extract
the representation [z, :] of current emotion state.
Then, to align the transition with the user’s traits,
we calculate a weighted average of the transition
probability to obtain emotion vector for the future
emotion e} ;| = ZJK:1 P;j - w[i, j], then mapping
the emotion vector ¢}, | to the nearest discrete emo-
tion as user’s future emotion Fy', | based on the
Euclidean distance. Finally, when the anticipated
emotion is close to the user’s true emotion, we
adaptively update personality vector to align with
the user’s traits and improve emotional transition
accuracy. The updated details are shown in App. D

3.4 Strategy Planning via Emotion-driven
Active Online Learning

To select strategies suitable for the emotional evo-
lution, we use the anticipated emotion to steer the
strategy planning and optimize the planner via ac-
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tive online learning based on multi-agent dialogue
interaction. This involves the user LLM, supporter
LLM, evaluator LLM and a language model com-
bined with a deep Q-network (DQN) as the planner.

We optimize the planner with following steps:
(1) User Profile Sampling. To address the limited
behaviors of single-user simulators, we sample di-
verse user profiles for the user LLM. Detailed user
persona design is provided in App. E.1. (2) Strat-
egy Planning. To select strategies aligned with the
emotional transition trend, we first leverage the an-
ticipated emotion to guide the LLM to compress
the strategies into high-quality candidate strategies
A, reducing decision-making complexity. The can-
didate strategy generation is detailed in App. E.2.
Second, the planner estimates the strategy value
and selects the strategy with the maximum value
a; = argmaxaeAQe(st, a). (3) Response genera-
tion. The supporter LLM generates an empathetic
response Sgy1 by incorporating the selected strat-
egy. (4) Goal-oriented rewards. Consistent with
prior studies (Deng et al., 2024; He et al., 2025b),
the evaluator LLM assesses the goal achievement
degree of current dialogue turn and yields a reward
r¢. Detailed reward feedback and agreement anal-
ysis of evaluator LLLM are shown in App. E.3 and
G. (5) Optimization. We store the dialogue tuples
(8¢, at, 1, S¢41) in the buffer, then sampling a mini-
batch to minimize the action-value loss £(6) as Eq.
4 via temporal difference. To enhance the planner’s
robustness, we introduce an active online training
to optimize the planner. We assign equal initial
sampling weights w; for all user personas, then
dynamically adjust the weights of personas based
on interaction outcomes (Eq. 5). This enables the
planner to trial more times with challenging users.

£(o) =

E<Stxatx7‘t75t+1>"‘3 [7’1

0 , 0 2 4)
+7n/12§Q (st41,0") — Q" (s¢,a)|

if dialogue is successful,
otherwise.

;= {wi—ﬂ(i—jL )

wi +1(i = 7),
4 Experiments

4.1 Experiment Setting
Datasets. We focus on two datasets: ESConv
(Liu et al., 2021) and EXTES (Zheng et al., 2023).

Baselines. We use following methods as base-
lines: LLM-based prompt methods, including

Standard, Proactive (Deng et al., 2023), ProCOT
(Deng et al., 2023) and ICL-AIF (Fu et al., 2023).
External strategy planner-based methods, in-
cluding PPDPP (Deng et al., 2024), TRIP (Zhang
et al., 2024) and DialogXpert (Rakib et al., 2025).
Retrieval-based strategy planning methods, in-
cluding DialogXpert w/ Retrieval, PRINCIPLES
(Kim et al., 2025) and PRINCIPLES w/ Retrieval.

Evaluation Metrics. Consistent with prior stud-
ies (Deng et al., 2024; He et al., 2025a), we employ
three dialogue-level metrics: Success Rate (SR)
and Soft Success Rate (SSR) and Average Turn
(AT). Following Zhang et al. (2025a), we also em-
ploy Fluency (Flu.), Professionalism (Pro.), Em-
pathy (Emp.) and Helpfulness (Hel.) to evaluate
response quality.

Details of datasets, baselines, evaluation metrics
and implementation are presented in App. F.

4.2 Main Results

The results in Tab. 1 show that our method sur-
passes all baselines across all metrics on two
datasets, achieving improvements of 4.0%-7.5%,
4.0%-14.0%, and 4.7%-16.3% in SR, AT and SSR,
respectively. Our method generates more pro-
fessional and empathetic responses. We also re-
port the results of human evaluation and time la-
tency in App. J and App. K. LLM-based prompt
planning methods generally achieve moderate SR
while requiring more dialogue turns. Responses
exhibit lower helpfulness and insufficient empathy.
This demonstrates that pure prompts struggle to
select effective support strategies. Overall, external
planner-based methods outperform prompt-based
approaches, demonstrating that a specialized plan-
ner improves strategy rationality. PRINCIPLES
achieves further improvement by retrieving histor-
ical experiences, which provides the model with
successful learning insights. Integrating our dy-
namic emotion memory into PRINCIPLES and Di-
alogXpert yields significant improvements across
most metrics. This indicates that historical scenar-
ios with similar emotion trajectories better align
with users’ dynamic emotional needs.

4.3 Ablation Study

Tab. 2 presents ablation studies of our proposed
components. Replacing emotional trajectory re-
trieval (w/o Retrieval) with only semantic retrieval
results in poor performance, highlighting the im-
portance of retrieving memories with similar emo-
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Table 1: Main results on two datasets. Bold denotes best results and underline indicates suboptimal results. Lower
values of the AT indicate better performance, while higher values indicate better performance for all other metrics.
A% denotes the percentage difference between the best and the suboptimal results. D.X. denotes DialogXpert and
PR. is PRINCIPLES. Our improvements are significant under the t-test with p < 0.05 (See details in App. H)

Dataset | Methods | GPT-40 | Qwen2.5-7B-Instruct
| | SR AT SSR |Flu. Pro. Emp. Hel.| SR AT SSR |Flu. Pro. Emp. Hel.

\ LLM-based prompt planning

Standard 64.00 8.10 61.20(3.75 3.88 335 3.88[20.77 9.63 36.00|3.98 3.85 3.52 2.03
Proactive 41.00 8.94 30.40(3.73 3.96 3.50 3.40[30.00 9.92 33.46|4.15 404 350 2.14
ProCOT 47.50 8.67 39.20[2.60 2.69 258 2.81[27.69 834 30.15|4.19 401 3.74 3.13
ICL-AIF 7440 7.43 70.90[4.00 3.96 3.67 3.35|28.46 7.43 3507|440 447 372 322
‘ External strategy planner

ESConv o hpp 7090 7.65 66.40(3.56 4.01 339 334[4692 7.55 59.61|4.63 4.65 4.03 3.32
TRIP 80.00 6.84 69.36|3.69 3.86 329 3.18|4231 8.68 48.03|4.23 462 332 271
DialogXpert 78.46 5.75 74.80(433 393 347 3.45(7692 670 61.60|4.28 465 357 2.82

Retrieval-based strategy planning

D.X. w/ Retrieval | 80.76 6.06 73.30|4.56 4.37 3.89 2.96|80.00 5.72 66.90|4.64 4.66 3.74 3.20
PRINCIPLES 73.08 6.36 64.92|4.52 437 341 3.60|46.15 838 57.82|4.65 446 4.37 3.92
PR. w/ Retrieval |74.62 7.15 66.10]4.59 4.61 3.95 3.28|60.00 7.64 62.12|4.59 4.60 4.00 3.26

Ours 86.23 5.13 79.53(4.70 490 4.40 3.68|85.38 5.32 74.75|4.72 4.70 4.48 3.97
L% 547 620 4.73 {220 5.80 9.00 1.60| 538 4.00 7.85|1.40 0.80 2.20 1.00
\ LLM-based prompt planning

Standard 66.67 7.30 53.63|4.01 4.00 3.90 3.02|58.50 7.13 56.70|3.52 395 3.25 2.76
Proactive 65.38 7.82 54.40(4.23 393 3.54 2.03|39.50 845 30.05|4.34 421 421 232
ProCOT 66.92 7.58 50.81|3.85 1.82 3.82 3.04|56.00 6.85 473 |4.68 4.66 4.24 2.71
ICL-AIF 71.54 7.37 47.40]4.62 4.13 4.02 2.95|52.00 8.56 48.79|4.58 4.73 3.96 3.43
‘ External strategy planner

EXTES

PPDPP 68.46 6.99 51.10]4.34 4.01 3.70 3.30|53.50 7.95 4257|470 476 4.18 3.60
TRIP 74.50 6.97 65.55|4.56 433 344 2.68|51.50 7.75 59.69|4.11 438 3.30 2.78
DialogXpert 76.50 5.79 70.30|4.12 3.85 3.52 2.30|74.50 6.62 65.05|4.36 432 3.57 3.54

Retrieval-based strategy planning

D.X. w/ Retrieval | 78.50 5.99 73.55|4.59 4.75 3.75 2.98|80.00 6.31 68.10[4.69 4.78 391 3.26
PRINCIPLES 83.00 5.95 67.90(4.45 4.65 328 3.25|5850 7.99 59.05[4.69 470 391 3.65
PR. w/ Retrieval |85.00 6.25 68.76|4.62 4.70 3.76 3.20|76.50 6.70 63.49|4.71 4.78 3.80 3.06

Ours 89.00 4.93 81.00 4.70 4.82 4.36 3.32|87.50 4.91 84.45|4.78 4.83 4.59 3.69
No 4.00 8.60 7.45 |1.60 140 6.80 0.40| 7.50 14.00 16.35|1.40 1.00 7.00 0.80

Table 2: Ablation studies on the ESConv. w/o Retrieval replaces emotional trajectory retrieval with only semantic
retrieval. w/o Anticipating removes the Markov emotion transition and directly prompts LLMs to anticipate
emotions. w/o Active Learning samples user profiles with equal probability. w/o RL optimizes planner without RL.
w/o PV discards the personality vector to update the transition probability matrix.

Methods | GPT-40 | Qwen2.5-7B-Instruct
| SR AT SSR |Flu. Pro. Emp. Hel.| SR AT SSR |Flu. Pro. Emp. Hel
w/o Retrieval 76.92 523 76.03|4.57 450 3.78 2.82|70.77 6.58 65.61|4.46 445 3.67 3.01

w/o Anticipating 76.15 524 67.55|4.67 479 420 3.62|70.46 556 60.81|4.70 4.56 3.77 3.68
w/o Active Learning | 85.15 5.16 75.34 |4.64 487 421 3.60|76.15 5.84 70.99|4.65 4.00 3.88 3.78

w/o RL 79.07 521 73.38|4.68 480 431 3.39|73.07 562 69.92|4.58 4.62 4.05 3.89
w/o PV 81.53 525 76.73|4.30 4.81 4.21 3.56|70.23 5.55 68.00|4.16 4.66 3.98 3.70
Ours 86.23 5.13 79.53(4.70 490 4.40 3.68|85.38 5.32 74.75|4.72 4.70 448 3.97

tional evolution. w/o Anticipating discards the  cates that Markov chains effectively anticipate emo-
Markov emotion anticipation and directly prompts  tion. w/o Active Learning sampling user profiles
the LLM to infer future emotions. The results  with equal probability degrades the model’s per-
reveal remarkable performance drop, which indi- formance, demonstrating that active learning fa-
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Figure 3: The results of different retrieval strategies.
S-E denotes semantic first strategy and E-S indicates
emotion first strategy. SE fusion denotes the combining
semantic scores and ETC scores to rank retrieval results.
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Figure 4: Average valence of user utterance across multi-
turn dialogues under different methods.

cilitates the planner to adaptively learn strategy
selection for diverse users. w/o RL without re-
inforcement learning to optimize planner yields
varying degrees of performance degradation, con-
firming that using reinforcement learning enables
more promising strategy selection. w/o PV dis-
carding the personality vector leads to a notable
performance decline, indicating that personality
vectors effectively constrain the emotion transition
to align with the user’s traits. Ablation study on
EXTES dataset is shown in App. L.

4.4 Analysis of Planning Strategies

Table 3: Distances of strategies on same personas versus
different personas.

Models | Intra-Persona| | Inter-Personat
ICL-AIF 32.13 23.45
PPDPP 17.74 20.39
TRIP 19.97 22.69
PRINCIPLES 17.29 18.02
DialogXpert 25.02 23.11
Ours | 1310 | 2988

In Tab. 3, we analyze the effectiveness of our
strategy planning for diverse users. Following
Zhang et al. (2024), we collect turn-level strategies
to form sequential strategy sequences and encode
them as an embedding vectors with BERT model

(Devlin et al., 2019), then reducing the dimension-
ality of vectors via the t-SNE. Finally, we calculate
the average distance between strategy sequences of
the same persona (Intra-Persona) and the average
distance between strategy sequences of different
personas (Inter-Persona) via Euclidean distance.
The results show that our method achieves the low-
est Intra-Persona and the highest Inter-Persona, en-
abling user-aware strategy planning.

4.5 Analysis of Emotion Memory Retrieval

Fig. 3 illustrates the results of three retrieval meth-
ods: S-E first retrieves the memories with the most
similar semantic, then re-ranking according to ETC
scores in § 3.2.2. E-S first retrieves memories with
the most similar emotional evolution based on ETC
scores, then re-ranking according to their semantic
similarity. SE fusion combines semantic scores
and ETC scores to rank and yield top retrieval
results. The results reveal that E-S achieves the
overall optimal performance, demonstrating that
retrieval methods prioritizing emotional similarity
are more effective in emotional support.

4.6 Visualization of Emotional Trajectories

The Fig. 4 illustrates the visualization of average
valence of user utterances. We extract the emo-
tional trajectory for each dialogue and calculate
the average valence for each dialogue turn in the
emotional trajectory. Valence indicates whether
the current emotion is positive or negative, with
higher values representing greater positivity (Ci-
presso et al., 2023). Results show that our method
elevates users’ emotion to the highest positive level
at the end of the conversation. While some methods
show emotion decline in later turns, our approach
effectively maintains positive emotion, indicating
its advantage in sustained emotional support.

5 Conclusion

We propose an emotion trajectory retrieval for
Markov emotion anticipation in ESC. We construct
dynamic emotion memory to capture temporal emo-
tion dynamics and retrieve memories via emotion
trajectory retrieval. We model emotional trajecto-
ries as Markov chains and estimate emotion change
via trajectory-aware retrieval for lookahead strat-
egy planning. We further introduce active online
learning to enhance the planner’s robustness for
diverse users. Experimental results on two datasets
show that our method excels all baselines.
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Limitations

Despite the remarkable performance of our ap-
proach in the emotional support conversation, there
are a few limitations that should be acknowledge:

First, our method focuses on text-based interac-
tions, limiting its applicability in real-time, multi-
modal scenarios, where audio, visual, and contex-
tual cues play a crucial role in emotion support and
response generation. Future work will try to inte-
grate multi-modal emotion interaction, improving
adaptability to diverse contexts.

Second, although our method achieves a rela-
tively high success rate in delivering emotional
support, it cannot guarantee consistent efficacy in
alleviating users’ negative emotions or providing
actionable, effective guidance in all scenario. We
advise users not to rely entirely on our method
for emotional support, while also considering the
potential ethical considerations.

Ethics Statement

We acknowledge several critical ethical consid-
erations to ensure its responsible and ethical de-
ployment in practical scenarios. In this study, we
employ publicly available datasets and pre-trained
models and provide corresponding citations. All
datasets are without incorporating any identifiable
personal information. For the human evaluation
involved in our work, we perform proactive ethical
safeguards by explicitly informing all annotators in
advance that the content to be labeled may contain
expressions of negative emotions. As for the Al
assistant, we utilize ChatGPT to identify textual er-
rors and polish paper. Moreover, our method aims
to provide convenient emotional support in daily
conversational settings. This is not intended to re-
place professional human psychological counseling
or clinical treatment services.
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A Detailed Related Work

A.1 Emotional Support Conversation

ESC aims to provide emotional support to users
through multi-turn interactions to alleviate their
psychological stress.(Liu et al., 2021). Recent ESC
research primarily focuses on strategy planning
methods, which can be divided into three cate-
gories: (1) Traditional deep learning treats strategy
planning as a strategy prediction task, generating
the next strategy text span based on the current state
(Zhao et al., 2023; Lin and Chen, 2025; Wan et al.,
2025). Lin and Chen (2025) employ pre-trained
models to encode history dialogue and integrate
three supporter-related features from the dialogue
to predict support strategies. Wan et al. (2025)
use a heterogeneous graph to capture the discourse
dynamics between user emotions and system strate-
gies to predict strategies. (2) LLM-based strategy
planning employs LLMs as planners to select strate-
gies through prompt learning (Cao et al., 2024; Yu
et al., 2023; Fu et al., 2023) or reinforcement learn-
ing (Wang et al., 2025b,a). Zhang et al. (2025b)
prompt LLMs to infer the emotion intentions of
users and map them to appropriate strategies. Wang
et al. (2025a) serve LLMs as a value-based strategy
planner and adopt Q-learning to optimize the ability
to select the optimal strategy. (3) External strategy
planner trains a lightweight model to optimize its
strategy planning capabilities for specialized strat-
egy planning (Deng et al., 2024; Zhang et al., 2024).
Deng et al. (2024) fine-tune a strategy planner with
supervised learning and reinforcement learning to
predict the strategy for the next turn, and then they
merge the strategy planner and LLMs to generate
dialogue. While these methods are effective, their
planning is typically based on the current dialogue
state, lacking consideration for the user’s long-term
reactions.

Thus, some studies incorporate long-term con-
sideration into strategy planning by anticipating
future reactions (Cheng et al., 2022; He et al., 2024,
Tian et al., 2020). He et al. (2025b) construct an
intrinsic user world model to simulate personalized
feedback. Yang et al. (2025) utilize a multi-agent
framework to simulate future dialogues to train a
future-oriented reward model. Rakib et al. (2025)
employ LLMs to infer users’ potential reactions
during strategy planning. Although these methods
perform strategy planning with a prospective per-
spective, they have not explicitly considered the
evolution of user emotional states across multi-turn

dialogue, thus exhibiting limitations in proactively
and precisely guiding emotion changes.

A.2 Retrieval-augmented Generation for
Dialogues

Retrieval-Augmented Generation (RAG) enhances
a dialogue system’s knowledge awareness by in-
tegrating external information, which mainly in-
cludes two categories: (1) Integrating structured
knowledge (Tu et al., 2022; Yu et al., 2024; Xu
et al., 2024; Zhao et al., 2024) primarily incorpo-
rate knowledge graphs containing commonsense
to enhance the model’s understanding of context
and user intent. (Hao and Kong, 2025) select
commonsense knowledge aligned with the seman-
tic of user discourse to enhance the empathetic
response generation. Jia et al. (2024) collect
knowledge-enriched dialogue context and select
context-related concepts from ConceptNet to gener-
ate responses. (2) Incorporating personality infor-
mation (Cheng et al., 2023; Chen et al., 2025; Zhu
et al., 2025) focus on leveraging personality traits
such as the Big-Five Personality (Goldberg, 1992)
or communication styles (Norton, 1978) to deliver
personalized responses. Cheng et al. (2023) extract
personality information and then train the model to
infer the user’s personality based on historical con-
versations, thereby generating responses consistent
with that personality. Wu et al. (2025) incorpo-
rate persona traits into LLMs based on established
psychological frameworks, then generating emo-
tional support responses. However, these methods
primarily rely on semantic matching to retrieve rel-
evant knowledge. Semantic retrieval overlooks the
dynamic evolution of emotions within dialogues,
making it struggle to align with users’ dynamic
emotional needs.

B Details of UniConv Dataset

We collect the UniConv dataset > (Jin et al., 2025)
for personalized emotional support conversation
and construct dynamic emotion memory based on
dialogues from training data. This dataset cov-
ers a wide range of real-world personal scenarios
and contains rich content. This dataset consists
of multi-turn dialogues generated by a multi-agent
role-playing framework. After quality filtering and
manual verification, it comprises 1,500 dialogues:
1,200 for the training set, 150 for the validation set,
and 150 for the test set. Thus, our dynamic emotion

3https://github.com/Jin-zd/NLPCC-2025-Shared-Task$8
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memory covers 1,200 dialogues from training set.
Specifically, each dialogue consists of 10 turns, cov-
ering user profiles, emotion types, problem types
and situation.

C Personality Vector Initialize

Motivated by (Tang et al., 2025; Huang et al.,
2024), we initialize the personality vector P for
each user persona by prompting LLMs. Specifi-
cally, we provide detailed descriptions of the user
persona’s background, preferences, and behaviors,
and prompt the LLM to output structured weights
that represent the degree of match between the
persona personality and different emotion states.
Subsequently, we normalize the values of the per-
sonality vector to constrain the dynamic emotion
transition according to user traits, thereby maintain-
ing emotional coherence. The initialization results
of the personality vector for each user persona are
illustrated in Fig. 5.

D Adaptive Update of Personality Vector

To align the personality vector’s matching feature
for different emotions with the user’s traits, we
adaptively adjust the personality vector P when
the anticipated emotion is close to the user’s true
emotion. During training, we take the user’s real-
time utterance as input and employ a classifier to
identify the true emotion. As shown in Eq. 6, we
strengthen the dimension jg,e in the personality
vector P that matches the user’s true emotions and
weaken the weights of the mismatched dimensions.
This adaptively updates the personality vector P
to enhance alignment with the user’s personality
traits. To ensure optimization stability, we set a
minimum weight threshold P; > 7 (7 = 0.05)
to prevent users from failing to express a particu-
lar emotion state. Additionally, we maintain the
sum of weights at 1. This data-driven optimization
approach enhances emotional transition accuracy
while preserving consistent character personality.

lf] = jtruea

Py = :
otherwise.

(6)

Pj+a(1if)]’)7
Pj—Osz

E Active Online Learning

E.1 User Persona Designing

To simulate the diverse users in real-world sce-
narios, we design user personas based on three
key dimensions of the Big Five personality model

(Goldberg, 1992): extroversion, openness, and neu-
roticism. Each dimension comprises two distinct at-
tributes: [Extravert, Introvert], [Adventurous, Con-
servative], and [Rational, Neurotic]. By combining
attributes across these dimensions, we design eight
distinct user types. Similar to (Zhang et al., 2024),
we employ LLMs to generate eight detailed user
profile descriptions for each persona type with in-
structions, encompassing occupation, background,
age, and other relevant information. The detailed
instructions for generating profile description are
shown in the Tab. 4. Ultimately, we obtain a total
of 64 user profile descriptions, where 40 profile
descriptions are used for the user simulator during
the training process, 8 profile descriptions are allo-
cated for validation, and 8 profile descriptions are
reserved for testing.

E.2 Candidate Strategy Generation

To select strategies aligned with the user’s current
emotional evolution, we utilize anticipated emo-
tions to guide the LLM to generate a high-quality
candidate strategy set. This compresses the action
space into a small number of high-quality candi-
date strategies, thereby reducing decision-making
complexity. Given a predefined action space A’,
we employ a prior LLM to infer potential strategies
based on the current conversational state s; and an-
ticipated future emotional state £, |, generating
strategies as free-form text. Then, we use rule-
based functions P to parse open text strategies into
valid actions. As shown in Eq. 7, we construct an
action probability distribution p(als;, £}, ;) using
the logit probabilities of the generated text, select-
ing the top-k strategies that are semantically coher-
ent with the current state and align with the user’s
dynamic emotional evolution as the candidate strat-
egy set \A. This narrows the action space into a
small number of high-quality candidate strategies.

plalse, Bxy1) = Z LLM(o | s¢, Epyr, A)  (T)
0:P(o)=a

E.3 Evaluation Workflow

Consistent with (Deng et al., 2024; Kim et al.,
2025), for each dialogue turn, we employ GPT-
40-mini with temperature=1.0 as an evaluator to de-
termine the completion status of the emotional sup-
port goal. The evaluator classifies the each dialogue
turn state based on the dialogue history and user
emotional trajectory into one of four categories:
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Figure 5: Visualization of initialization weights for personality vectors.

Table 4: The instruction used to generate the detailed user profile description.

You need to incorporate the following persona attributes and generate a cohesive persona description.

Note: Each persona description must include two core elements:

1. Identity background: A plausible fictional identity (e.g., ‘35-year-old male entrepreneur’, ‘29-year-old female teacher’);
2. Personality trait interpretation: Translating attributes into specific behaviours (e.g., ‘Neurotic personality — Prone to
anxiety under pressure; requires reassurance when seeking emotion support’);

Personality: [User Persona]
An Example:

You are a 28-year-old female software developer. You are extrovert, which means you can express yourself clearly. Your
personality characterized by adventurous to experience, which means you are willing to try new things. And you are rational,
in your occupation, you excel at analyzing problems and finding logical solutions.

Persona description: ...

[solved, better, same, worse]. Each category corre-
sponds to a scalar reward value [1.0, 0.5, -0.5, -1.0].
To ensure the robustness of evaluation, we perform
10 independent judgment for each dialogue turn
and calculate mean scores as the reward value 7;.
We consider the dialogue goal to be fulfilled when
the reward value r; exceeds a threshold of 0.5.

E.4 Prompts for Multi-agent Interaction

In multi-agent interactions, we prompt the LLMs
to engage in dialogues as a user, supporter, and
evaluator, as illustrated in the Fig. 6, Fig. 7 and
Fig. 8.

F Experiment Setting Details

F.1 Dataset Details

We conduct experiments on two emotional support
conversation datasets:

* ESConv dataset (Liu et al., 2021): This con-
sists of 1,300 crowd-sourced dialogues and
annotations of user problem types, emotion
types, and situation descriptions. This dataset
contains 8 distinct emotional support strate-
gies. For the ESConv dataset, we adopt its
official data split.

* ExTES dataset (Zheng et al., 2023): This
comprises 11,177 dialogues generated by
ChatGPT and validated by human annotators,
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covering 16 emotional support strategies. We
partition this dataset into train/dev/test using
arandom 8:1:1 split ratio.

F.2 Baseline Details

We compare our approach with four LLM-based
prompt methods:

» Standard: This directly invokes LLMs for
zero-shot response generation without strate-
gies.

* Proactive (Deng et al., 2023): This instructs
LLMs to select the most appropriate strategy
to guide response generation.

* ProCOT (Deng et al., 2023): This introduces
a chain-of-thought reasoning into the strategy
planning.

* ICL-AIF (Fu et al., 2023): This provides real-
time feedback to the LLMs to determine dia-
logue strategy before response generation.

We also compare our approach with three external
strategy planner-based methods:

* PPDPP (Deng et al., 2024): This designs a
specialized strategy planner to select dialogue
strategies.

* TRIP (Zhang et al., 2024): This trains a strat-
egy planner by introducing diverse user simu-
lators.

¢ DialogXpert (Rakib et al., 2025): This inte-
grates prior LLMs with a trainable Q-adapter
to learn strategy planning.

We also compare our approach with three retrieval-
based strategy planning methods:

* DialogXpert w/ Retrieval: This integrates
our dynamic emotion memory and generates
empathetic responses by retrieving similar ex-
amples based on emotion trajectories.

* PRINCIPLES (Kim et al., 2025): This con-
structs a synthetic strategy memory bank and
retrieves similar principles to guide strategy
planning.

* PRINCIPLES w/ Retrieval: This replaces
the static strategy memory bank with our dy-
namic emotion memory, and retrieves exam-
ples with similar emotional evolution to gen-
erate response.

F.3 Details of Evaluation Metrics

Consistent with prior studies (Deng et al., 2024;
He et al., 2025a), we employ three dialogue-level
metrics: Success Rate (SR), Average Turn (AT),
and Soft Success Rate (SSR). SR evaluates the
performance of achieving a goal and is defined as
the ratio of the number of successful cases to the
total number of test cases. In practice, we employ
LLM-based evaluator to assess dialogue comple-
tion status and return rewards. Rewards exceeding
the threshold of 0.5 are deemed successful. AT
measures the efficiency of goal completion by cal-
culating the average dialogue turns of all test cases.
SSR complements the SR to more accurately eval-
uate effectiveness by averaging final turn rewards
for all test cases. Following Zhang et al. (2025a),
we also measure the quality of generated response
following four metrics: Fluency (Flu.), Profession-
alism (Pro.), Empathy (Emp.) and Helpfulness
(Hel.). We employ GPT-40 with temperature=0 to
evaluate the response on these four metrics. Specif-
ically, we prompt LLMs three times using a 5-point
Likert scale instruction and calculate the average
scores. The detailed instructions are presented in
the Table 8.

F.4 Implementation Details

We conduct all experiments on an AS00 GPU with
80GB memory. In § 3.2.1, we adopt the NRC
VAD Lexicon v2 (Mohammad, 2025), covering
over 55,000 English words. We set the sliding
window size to 10 and the stride to 1 to construct
dynamic emotion memory. We filter out invalid
windows with an emotional word ratio below 0.2.
In the Markov emotion anticipation, we set 12 dis-
tinct emotion states. Each emotional state coordi-
nates in the valence-arousal space is shown in the
App. F5. We update the transition matrix with
a learning rate of 0.5 and update the personality
vector with a learning rate of 0.1. For the emo-
tional trajectory retrieval, the numbers p and ¢ of
retrieved examples are 10 and 5, respectively. Con-
sistent with prior research (Kim et al., 2025), for
the multi-agent interaction, we employ GPT-40 and
Qwen2.5-7B-Instruct as backbones to simulate sup-
porters, and consistently adopt GPT-40 to simulate
users. We also prompt GPT-40-mini to serve as an
evaluator to determine the completion status of the
emotional support goal. The agreement analysis of
evaluator LLM is shown in App. G. More detailed
prompts for user LLM, supporter LLM and evalu-
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Table 5: The p values of t-test on our method with baselines. The p values are all smaller than 0.05, indicating the

significance of our improvements.

Datasets | t-test

SR AT SSR Flu. Pro. Emp. Hel.
ESConv 4.80e-7 1.00e-5 1.00e-8 1.76e-2 9.18e-6 1.45e-6 1.65e-5
EXTES 4.01e-12  1.32e-6  1.50e-7 6.32e-4 1.96e-5 3.79¢e-6 9.02e-3

Table 6: Human evaluation results comparing our methods with the baselines across five metrics.

Ours Fluency Empathy Suggestion  Identification Overall
Vs Win Lose Win Lose Win Lose Win Lose Win Lose
Standard 80% 20% 8% 22% 60% 40% TA% 26% 90% 10%
Proactive 100% 0% 74% 26% 72% 28% 98% 2% 94% 6%
ProCOT 92% 8%  T0% 30% 60% 40% 64% 36% 86% 14%
ICL-AIF 8% 22% 80% 20% T2% 28% 82% 18% 84% 16%
PPDPP 94% 6% 94% 6% 80% 20% T8% 22% 88% 12%
TRIP 0% 30% T8% 22% T2% 28% T12% 28% 82% 18%
PRINCIPLES 2% 28% 94% 6% 62% 38% 60% 40% T2% 28%
PRINCIPLES w/ retrieval  60% 40% 60% 40% 54% 46% 68% 32% 64% 36%
DialogXpert 76% 24% 82% 18% 10% 30% 56% 44% T14%  26%
DialogXpert w/ retrieval 0% 30% 84% 16% 68% 32% 60% 40% 70% 30%

ator LLM are presented in the Fig. 6, Fig. 7 and
Fig. 8. We employ a pretrained ROBERTa # (Liu
et al., 2019) followed by a lightweight adaptor net-
work (4-layer MLP) as the plug-and-play strategy
planner and train the Q-network for 5 epochs with
a learning rate of le-6, a discount factor of 0.999,
and a maximum conversation turn of 10.

F.5 Discrete Emotional Coordinates

Following Russell (1980), as shown in Tab. 7, we
establish the coordinates of 12 emotional states
in the emotional space based on the twelve equal
divisions of the unit circle, ensuring each state
aligns with the definition of the emotion circumplex
model. This aims to construct an ideal emotional
space for emotion states, facilitating a Markov
chain modeling and guaranteeing the smoothness
and controllability of Markov transitions.

G Agreement Analysis

To validate the reliability of the LLM-based eval-
uator, we perform an alignment analysis against
human preferences. Specifically, we randomly sam-
ple 100 dialogues from the ESConv dataset. Then,
we require three human annotators with a psychol-
ogy background, as well as the LLM-based evalua-
tor, to independently evaluate whether the patient’s
emotional issues had been resolved, adhering to

*https://huggingface.co/Facebook Al/roberta-
base/tree/main

Table 7: valence-arousal coordinates for each emotion
state in the valence-arousal space.

Emotion State | Coordinate(Valence, Arousal)
Surprised (0.383, 0.924)
Happy (0.707, 0.707)
Pleased (0.924, 0.383)
Fearful (-0.383, 0.924)
Angry (-0.707, 0.707)
Grieved (-0.924, 0.383)
Sad (-0.924, -0.383)
Disgusted (-0.707, -0.707)
Depressed (-0.383, -0.924)
Tired (0.383, -0.924)
Calm (0.707, -0.707)
Relieved (0.924, -0.383)

unified assessment criteria. Our analysis demon-
strates strong inter-rater agreement among human
annotators (Krippendorff’s o = 0.792; Spearman’s
p = 0.784). Additionally, the LLM-based evalu-
ator exhibits a high degree of alignment with the
human majority vote (Krippendorff’s a = 0.806;
Spearman’s p = 0.789, p < 0.0001). These findings
indicate that the feedback generated by the LLM
evaluator is highly consistent with the judgments
of human evaluators.

H Statistic Significance Test

We conduct a t-test (Bartlett, 1937) to exam
whether the improvement in our method is statis-
tically significant. The p-values in Tab. 5 are all
less than 0.05, indicating that our improvement is
statistically significant.
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Table 8: Response quality evaluation criteria across four dimensions.

Dimension Description Criterion Score
1.1 Unclear expression; patient may struggle to grasp the |
meaning.

Fluency evaluates whether 1.2 Some parts are confusing, though the main point can be ’
Fluency language expression is natural, inferred.
coherent, and comprehensible. 1.3 Mostly clear and coherent with minor ambiguities. 3
1.4 Fluent and well-structured; logically organized and easy 4
to follow.
1.5 Concise and impactful language; precise and elegant com- 5
munication that conveys ideas efficiently.
Professionalism evaluates whether 2.1 Shows serious mi§und§rstanding or mist.lse of psychologi- |
cal concepts, or provides inappropriate advice. .
the model demonstrates . . . . .
. 2.2 Minor factual inaccuracies or advice that lacks evidence,
. . psychological knowledge, follows . 2
Professionalism . T . but does not pose direct harm.
ethical principles, and avoids . .
. . . . 2.3 No major errors; advice is acceptable and somewhat
misleading or inappropriate . . . . 3
advice aligned with psychological principles.
’ 2.4 Demonstrates solid understanding of psychological con- 4
cepts and appropriate intervention techniques.
2.5 Highly professional, reflects strong psychological insight,
maintains boundaries, and communicates in a grounded, ethi- 5
cal manner.
3.1 Fails to provide emotional comfort or assist the patient in |
lyzing thei lems.
Empathy evaluates whether the ana yzing their prob ems .
. 3.2 Either lacks emotional comfort or fails to support problem
model genuinely understands the . 2
Empathy user’s emotions, expresses care analysis.
S » CXPresses > 3.3 No significant issues, but empathy and analysisremain
and provides emotional support. surface-level 3
3.4 Demonstrates a warm, human-like tone—Ilike a 4
friend—offering both emotional relief and analytical support.
3.5 Deep emotional insight with sincere and stable empathy, 5
conveyed through attentive and flexible language.
Helpfulness evaluates the 4.1 Irrelevant, misleading, or potentially harmful suggestions. 1
effectiveness of an Al assistant’s 4.2 Ineffective or generic advice that does not respond to the ’

Helpfulness suggestions by considering both patient’s needs.

P the number of recommendations 4.3 Weakly relevant suggestions with limited practical value. 3
provided per interaction and the 4.4 Somewhat helpful; suggestions are relevant and usable, 4

relevance or usefulness of each
suggestion in addressing the
user’s question.

but some of them are ineffective.
4.5 There are many clear and practical suggestions that align
well with the user’s issue,and all of them are effective.

I Detailed Ablation Study

As shown in Tab. 9, we investigate the contribution
of our proposed components on the EXTES dataset.
Replacing emotional trajectory retrieval (w/o Re-
trieval) with semantic retrieval results in poor per-
formance, specifically lower empathy and helpful-
ness for responses, highlighting the importance of
retrieving memories with similar emotional evolu-
tion. w/o Anticipating discards the Markov emo-
tion anticipation and directly prompts the LLM to
infer future emotions based on the user’s current
state. The results reveal noticeable performance
drop across all metrics on both models, which indi-
cates that Markov chains effectively capture tem-
poral dependencies in dynamic emotional trajec-
tories, providing clear evolutionary logic for emo-
tion anticipation. w/o Active Learning sampling

user profiles with equal probability distribution dur-
ing training degrades the emotional support per-
formance. This demonstrates that active online
training facilitates the planner to adaptively learn
strategy selection for challenging users, enhanc-
ing its robustness. w/o RL without reinforcement
learning to optimize planner yields varying degrees
of performance degradation, confirming that us-
ing reinforcement learning to optimize an external
strategy planner enables more promising strategy
selection.

J Human Evaluation

J.1 Instruction for Human Evaluation

We recruit six annotators with backgrounds in psy-
chology and compare the responses generated by
our method and the baseline following these in-
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User Prompt

Now enter the role-playing mode. In the following conversation, you will play as a patient in a counseling conversation
with a therapist. You are seeking help from the therapist, because you are dealing with emotional issues related to
[emotion_type] regarding [situation].

Your Persona:...
You must follow the instructions below during chat.

1.Your utterances and seeking behavior need to strictly follow your persona. Varying your wording and avoid repeating
yourself verbatim!

2.You can decide to your emotion state flexibly based on your persona and the conversation. If you feel support and the
issue has been resolved, please indicate that the emotion issue has been settled.

Full conversation:...
The therapist just said: ...

Express how you feel in a natural, emotional way. Please reply with only one short and succinct sentence.

Figure 6: User prompt in the multi-turn emotional support conversation dialogues.

Supporter Prompt

You are role playing as a therapist in a counseling conversation with a patient. Your goal is to help the patient resolve their
emotional issues and assist them in understanding and working through their challenges.

This is an example dialogue: ***[example J***
Current conversation: ...
The patient just said: ...
Based on the Patient’s input, follow these steps:

1.Read the dialogue between the therapist and patient in the example to identify how the therapist facilitates problem-
solving and provides support for the patient.

2.The anticipated next emotion about patient is [next_emotion]. You should provide a response that helps mitigate this
potential negative emotion state (or move towards or maintain positive emotion state) and offers support.

3.Respond the patient with the strategy: [strategy]. You can refer to the example when replying to the patient, including
emotions and tone.

Your response must start with 'Response:” and be a short, concise sentence, no extra explanation.

(Example: Response: ...)

Figure 7: System prompt in the multi-turn emotional support conversation dialogues.

Table 9: Ablation studies on the EXTES. w/o Retrieval replaces emotional trajectory retrieval with only semantic
retrieval. w/o Anticipating removes the Markov emotion transition and directly prompts LLMs to anticipate
emotions. w/o Active Learning samples user profiles with equal probability. w/o RL optimizes planner without RL.

Methods | GPT-40 | Qwen2.5-7B-Instruct
| SR AT SSR |Flu. Pro. Emp. Hel.| SR AT SSR |Flu. Pro. Emp. Hel
w/o Retrieval 76.88 5.36 75.50[4.05 4.47 4.01 3.21|74.50 5.35 76.00|4.10 449 3.99 347

w/o Anticipating 78.39 540 76.10|4.23 4.69 4.12 3.05|76.38 534 7541|421 476 4.03 3.39
w/o Active Learning | 79.90 5.17 79.44 |4.26 474 4.11 3.15|79.39 538 80.70|4.12 470 4.06 3.44

w/o RL 80.21 5.09 76.65|4.17 4.61 4.14 3.19|82.00 5.12 74.60|4.40 4.56 4.01 3.52
Ours 89.00 4.93 81.00 | 4.70 4.82 436 3.32|87.50 491 84.45|4.78 4.83 4.59 3.69
structions: smooth sentence flow?
* Fluency: Which model produces the response * Empathy: Which model responds with greater
that is more natural, well-structured, and log- emotional understanding, showing warmth,
ically coherent, with correct grammar and compassion, or concern that aligns with the
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Evaluator Prompt

The following is a conversation:...
User’s emotion history:...

Question: What’s the Patient’s current emotion state?

Same: The patient’s feelings remain unchanged.

Requirement: You can ONLY reply with ONE of the following 4 descriptive levels WITHOUT EXPLANATION:

Solved: The patient’s feelings show clear positive changes, indicating that the issue has been resolved.

Better: The patient feels slightly better, but a small improvement.

Worse: The patient feels an increase in tension and is more worried, with noticeable decline.

Figure 8: Evaluator prompt in the multi-turn emotional support conversation dialogues.

user’s feelings?

* Identification: Which model explores the
user’s situation more effectively to identify
the problem?

* Suggestion: Which model offers more rele-
vant, practical, and emotionally sensitive sug-
gestions that could help the user cope or take
action?

* Overall: Overall, which model provides better
emotional support, considering empathy, un-
derstanding, helpfulness, and communication
quality?

J.2 Results Analysis of Human Evaluation

Consistent with prior studies (Deng et al., 2024;
Yang et al., 2025), we conduct a human evaluation
on 100 randomly sampled dialogues from the ES-
Conv dataset. Three annotators with psychology
backgrounds are recruited to compare our method’s
generated responses against baselines across five
dimensions. As shown in Tab. 6, our approach
outperforms all baselines on all human evaluation
metrics. This demonstrates our method generates
more effective emotional support responses, par-
ticularly excelling in empathy, fluency, problem
identification, and providing suggestions to help
users overcome emotional challenges.

K Comparison of Time Consumption

Tab. 10 presents the time consumption of various
baselines and our proposed method when deployed
on the GPT-40 model. To ensure a fair compari-
son, mitigating effects from variations in generated
text length, we report two metrics: (1) the average

inference latency (in seconds) required to gener-
ate per token, (2) the relative latency ratio of each
method normalized to the Standard baseline. Our
results demonstrate that our method incurs only
marginal overhead in inference time. specifically,
its per-token latency is merely 0.004 seconds higher
than the average latency of the Standard baseline,
which is well within acceptable limits for practical
deployment.

Table 10: Time consumption of baselines and our
method on GPT-40.

Methods Seconds per Token Relative Ratio
Standard 0.023 1x
Proactive 0.029 1.26x
ProCOT 0.026 1.13x
ICL-AIF 0.022 0.96x
PPDPP 0.025 1.09x
TRIP 0.026 1.13x%
DialogXpert 0.024 1.04x
D.X. w/ Retrieval 0.026 1.13x
PRINCIPLES 0.068 2.95%
PR. w/ Retrieval 0.030 1.30x
Ours 0.027 1.17x
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