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Abstract

Emotional support conversation (ESC) aims to
alleviate distress through empathetic dialogue,
yet large language models (LLMs) face chal-
lenges in delivering effective ESC due to low
accuracy in strategy planning. Moreover, there
is a considerable preference bias towards spe-
cific strategies. Prior methods using fine-tuned
strategy planners have shown potential in reduc-
ing such bias, while the underlying causes of
the preference bias have not well been studied.
In this work, we present an empirical analysis
showing that strategy preference bias correlates
with regions of low model confidence in strat-
egy prediction. Based on this observation, we
propose a boundary-aware reward to mitigate
the bias by reinforcement learning, which opti-
mizes strategy planning via both accuracy and
entropy-based confidence for each region ac-
cording to the estimated uncertainty. Exper-
iments on the ESConv and EXTES datasets
across multiple LLM backbones show that our
approach consistently improves strategy selec-
tion accuracy while significantly reducing pref-
erence bias, without requiring external prefer-
ence data or auxiliary modules.

1 Introduction

Emotional support conversation (ESC) aims to re-
duce distress through empathetic dialogue, support-
ing individuals facing personal challenges (Lang-
ford et al., 1997; Greene and Burleson, 2003;
Heaney and Israel, 2008). Effective ESC not only
requires nuanced strategy selection to generate con-
textually appropriate responses but also avoids low-
quality responses that could lead to unintended
psychological issues (Burleson, 2003). In recent
years, large language models (LLMs), with their
advanced conversational abilities, have been in-
creasingly integrated into various dialogue systems
(Jia et al., 2023; Lee et al., 2023). There is growing
interest in harnessing LLMs for emotional support
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Figure 1: Examples of an LLM-based supporter with
knowledge boundaries in emotional support. Weakly
known areas reflect partial knowledge; unknown areas
lie outside its correct knowledge boundaries.

and professional counseling (Chen et al., 2023a;
Zheng et al., 2023).

ESC tasks involve both strategy selection and
constrained response generation, where appropriate
strategy choice is critical (Liu et al., 2021). Despite
their strengths, LLMs often struggle to provide
high-quality ESC due to limitations in strategy plan-
ning (Friedman et al., 2023; Chen et al., 2023b).
First, LLMs exhibit low accuracy in strategy se-
lection, frequently failing to identify contextually
appropriate support strategies (Zhao et al., 2023;
Farhat, 2024). Second, LLMs display a severe
strategy preference bias, rigidly favoring certain
general or familiar strategies over others (Kang
et al., 2024; Zhao et al., 2025). Previous methods
have introduced fine-tuned strategy planners to re-
duce bias in LLMs (Kang et al., 2024), or applied
reinforcement learning with external preference
datasets to improve strategy selection (Zhao et al.,



2025). Whereas, these methods rely on additional
modules or external data to mitigate preference
bias, and the underlying causes of strategy prefer-
ence bias in LLMs have not well been studied.

Recent research has begun to investigate the lim-
itations of LLMs by examining the internal knowl-
edge distributions learned, which offers a new per-
spective to understand the origins of the prefer-
ence bias. Previous studies show that the knowl-
edge boundaries of LLMs are often ambiguous,
encompassing substantial weakly known informa-
tion (Gekhman et al., 2024) (depicted as the light
green area in the spectrum, Figure 1). As a result,
LLMs may struggle to confidently generate accu-
rate response even when relevant information is
present for the weakly known areas (Zhang et al.,
2024b). In contrast, in the unknown areas out of the
knowledge scope of LLMs (represented by the gray
area in the spectrum, Figure 1), they usually exhibit
overconfidence on the fabricated content (Zhang
et al., 2024a). Furthermore, as LLLMs incremen-
tally learn new knowledge through unknown sam-
ples, their susceptibility to producing ungrounded
content tends to increase (Gekhman et al., 2024).
Inspired by these findings, we hypothesize that pref-
erence bias in ESC correlates with regions where
LLMs exhibit low confidence in strategy predic-
tion. As shown in Figure 1, the preference bias of
strategies reflects a confidence calibration based on
the strength of underlying knowledge. Therefore,
we aim to approximate uncertainty regions aligned
with strategy predictability of LLMs for ESC, and
leverage this internal structure to mitigate strategy
preference bias.

In this paper, we propose an approach that lever-
ages uncertainty estimation to explicitly model
model task-specific uncertainty regions aligned
with strategy predictability in ESC, which im-
proves strategy planning by mitigating the pref-
erence bias. We first identify and characterize the
distinct regions within LLMs’ knowledge distribu-
tions. Building on this, we employ reinforcement
learning following supervised fine-tuning (SFT)
with a dual reward function combining strategy
accuracy and entropy confidence measures. This
enables the model to optimize strategy planning
across varying levels of knowledge certainty, priori-
tizing grounded responses while avoiding excessive
dependence on overused strategies. Experiments
on the ESConv and ExXTES datasets demonstrate
that our approach effectively improves the perfor-
mance of LLMs in strategy planning for ESC. The

main contributions of this paper are as follows:

* We provide an empirical analysis by linking
task-specific uncertainty to strategy prefer-
ence bias in ESC, and highlight the role of
weakly known samples in bias mitigation.

* We propose an approach that models different
knowledge regions with different rewards to
balance strategy accuracy and diversity with-
out requiring external preference data.

* We conduct extensive experiments and analy-
ses on two benchmark datasets, demonstrating
consistent improvements in both strategy pro-
ficiency and preference balance across multi-
ple LLM backbones.

2 Related Work

2.1 Emotional Support Conversation

Emotional support conversation (ESC) involves in-
teractions between a seeker experiencing emotional
distress and a supporter aiming to alleviate it (Liu
et al., 2021). Early approaches include global-to-
local hierarchical graph networks to model dia-
logue context (Peng et al., 2022), incorporating
commonsense knowledge for empathetic responses
(Tu et al., 2022), and modeling emotions and se-
mantics to enhance response relevance (Zhao et al.,
2023). With the rise of LLMs, recent work lever-
ages their conversational capabilities and apply
SFT the LLM with ESC task specialized dialogues,
which outperforms general-purpose LLMs (Chen
et al., 2023b; Qiu et al., 2024). However, previous
studies have suggested that they often struggle with
selecting the correct strategy and a notable pref-
erence for a specific strategy (Kang et al., 2024).
To make LL.Ms better emotional supporting, (Kang
et al., 2024) use fine-tuned strategy planners reduce
bias in both closed- and open-source LL.Ms and
(Zhao et al., 2025) optimize strategy selection with
external preference dataset. Unlike these methods,
our approach do not require any additional plugs
or data to improve LLMs’ performance in strategy
selection and response generation.

2.2 Knowledge Boundary

Knowledge boundaries of LLMs is critical for iden-
tifying their limitations in accurately expressing
factual knowledge that they learned from the pre-
training stage. While models are equipped with
extensive parametric knowledge, some studies in-
dicate their inability to discern the knowledge they
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Figure 2: Overview of our approach. (a) illustrates the SFT and RL process for LLMs to enable strategy selection
and empathetic response generation for ESC. (b) shows the delineation of knowledge boundaries into highly known,
weakly known, and unknown knowledge areas. (c) presents the calculation of reward score, combining strategy
selection accuracy and entropy confidence, tailored to distinct sample types relative to knowledge boundaries.

possess from what they lack, thus failing to artic-
ulate their knowledge boundary (Yin et al., 2023;
Ren et al., 2025). To enhance a model’s awareness
of its knowledge boundary, prior work focus two
areas: utilizing inherent knowledge to reduce the
ratio of the model’s “Unknown Knows” (Wei et al.,
2022; Li et al., 2023; Tian et al., 2023) and acknowl-
edging the knowledge it lacks to minimize the ratio
of the model’s “Unknown Unknows” (Zhang et al.,
2024a; Yang et al., 2024). (Gekhman et al., 2024)
find that LLMs struggle to acquire new factual
knowledge through fine-tuning and that LLMs lin-
early increase the model’s tendency to hallucinate
by learning the examples with new knowledge. Fo-
cused on this aspect, our work investigates how to
enable models to express the area of knows consis-
tently, while also considering exploration uknows
in knowledge boundaries.

3 Method

Figure 2 illustrates the overall procedure of our
proposed approach. The framework for mitigating
strategy preference bias is shown in Figure 2(a),
which consists of two stages. In the first stage,
we perform supervised fine-tuning (SFT) on a pre-
trained LLM using the full dataset. In the second
stage, reinforcement learning (RL) is applied to
the finetuned model using different samples catego-
rized according to the model’s knowledge bound-

aries. Details about the ESC task and our method
are presented as follows.

3.1 Problem Formulation

Following prior work (Liu et al., 2021), the effec-
tiveness of ESC by LLMs largely depends on the
selection of an appropriate support strategy. We
formalize the ESC task as a generation problem for
a pre-trained LLM M, where the model directly
produces a response that incorporates the intended
support strategy. Given a flattened dialogue his-
tory h, the model generates a response ¢ consisting
of a special strategys followed by the actual utter-
ance y, formalizedas § = s @y ~ P(y | h; ),
where s corresponds to a predefined strategy in
S = {s1, 82, -, 8n}, and O denotes the param-
eters of the model. This formulation allows the
model to implicitly select and express a strategy as
part of the response generation process. As ESC
is a strategy-centric task, (Kang et al., 2024) sug-
gest that a good supporter LLM should satisfy two
key properties: Proficiency, the ability to select
appropriate strategies; and Preference, the ability
to avoid overusing specific strategies.

3.2 Knowledge Boundaries Delineation

To categorize samples relative to the model’s
knowledge boundary, we define three regions:
highly known, weakly known, and unknown. As
illustrated in Figure 2(b), we estimate the location
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Figure 3: Preference bias separately within the weakly
known and unknown regions.

of each dialogue history h; within this boundary by
analyzing the model’s output probabilities. We em-
phasize that the proposed delineation does not aim
to recover true knowledge boundaries of LLMs.
Instead, it provides a pragmatic partition of dia-
logue histories into uncertainty regions based on
observable strategy prediction consistency.

Response Sampling. To capture the variability
in the model’s behavior, we generate multiple re-
sponses for each dialogue history. Given a dataset
D = {(hi,g)i)}f\il, where §; = s; ® y; denotes
the ground-truth strategy s; and corresponding re-
sponse content y;, we employ few-shot prompting
to balance response accuracy and diversity while
mitigating prompt sensitivity. The prompt set P
includes K distinct one-shot examples to facilitate
in-context learning.

For each dialogue history h;, the k-th sampling
iteration combines a few-shot example p;, € P
with h; to prompt the model M, producing the k-th
response gjf. Repeating this process K times yields
a response set Y; = {gF}X . Corresponding la-
bels Z; = {2F}£ | are assigned by comparing
each generated strategy within response gf with
the ground-truth ¢;, where zlk € 0,1 (1 indicates
a correct response, and O indicates an incorrect
one). This results in a data tuple (h;,Y;, Z;, ;) to
calculate response accuracy subsequently.

Deriving Knowledge Categories. To assess the
model’s proficiency for each dialogue history h;,
we compute an accuracy-based confidence score
¢;, defined as the proportion of responses with the
correct strategy:

¢ = %Zn(sf = 5), (1)

where 1(-) is the indicator function. Based on ¢;,
we categorize each example as follows:

* ¢; = 1: Highly known samples, where all
generated strategies are correct.

* ¢; = 0: Unknown samples, where no gener-
ated strategies are correct.

* 0 < ¢; < 1: Weakly known samples, exhibit-
ing partial correctness in strategy predictions.

Strategy Preference Bias. Having categorized
dialogue histories into different knowledge bound-
ary regions, we next investigate how strategy pref-
erence bias manifests within these regions. We
adopt the Bradley—Terry model (Bradley and Terry,
1952), which has been widely used for preference
estimation. To capture the overall imbalance of
strategy usage, the preference bias B is defined as
the standard deviation of preference scores (Kang
et al., 2024), where a larger preference bias reflects
a stronger skew toward specific strategies.

By computing preference bias separately within
the weakly known and unknown regions, we empir-
ically test our hypothesis that strategy preference
bias is more severe in low-confidence regions. As
shown in Figure 3, our results show that B is signif-
icantly higher in the unknown regions compared to
the weakly known region, confirming that knowl-
edge boundaries play a crucial role in the formation
of strategy bias, which provides a solid foundation
for the boundary-aware mitigation approach.

3.3 Mitigating Preference Bias

Supervised Fine-tuning. SFT is a widely used
approach to adapt LLMs to specific tasks. To
improve the proficiency of the LLM M in ESC,
we first perform SFT using a curated dataset
D = {(hi, §:;)}}¥, consisting of dialogue history-
response pairs. To ensure the model clearly under-
stands the task, we prepend both a task description
and a strategy description as a part of the prompt.
Additionally, beyond the dialogue history, we in-
clude dialogue background, which encompasses
the seeker’s problem, emotion, and situation gath-
ered from a pre-chat survey. The model is finetuned
by minimizing the negative log-likelihood:

N
Lspr =—» log Py, (Gi | hi). ()
i=1
This objective encourages the model to generate re-
sponses containing appropriate emotional support
strategies.



However, there are some examples that intro-
duce new knowledge for LLMs, and LLMs strug-
gle to acquire new knowledge through fine-tuning,
as fine-tuning examples that introduce new knowl-
edge are learned lower than those consistent with
the model’s knowledge. Moreover, as the exam-
ples with new knowledge are learned, it becomes
prone to generating off-strategy responses. In the
following subsections, we present our RL approach
incorporating strategy accuracy-based and entropy-
based rewards to reduce this limitation.

Reinforcement Learning. Inspired by recent in-
sights on knowledge boundaries, we propose adapt-
ing dynamic rewards to different regions of the
model’s knowledge boundary. Unlike prior meth-
ods that apply a uniform reward function across all
samples, our approach directs the model toward dis-
tinct learning objectives based on samples falling
within different knowledge regions.

Our goal is to guild the LLM’s generation toward
desirable responses by maximizing an alignment
objective R, which can take various forms such as
format measures. Formally, we aim to maximize
the expected reward:

Enp gnrpy,  (|h) [R(h, )] 3)

We formulate this as an RL problem. We use the
fine-tuned model to initialize the policy network
as 19 = Iy,, and update it using group relative
policy optimization (GRPO). The token generation
process for a response ¢ can be seen as a Markov
Decision Process (MDP) (S, A, r, P) with a state
space S, action space A, reward function r, and
state-transition probability P. At each time step ¢,
the agent (LLM) selects the next token from the
vocabulary V based on the current policy network
7(g|h, J<¢). The episode ends upon generation
an end-of-sequence token, producing the complete
response y. We can fine-tune the policy network m
by maximizing the expected reward 7:

Ex[r] = Epp grr(n) [7(hs )] 4)

Recall that our goal is to maximize the profi-
ciency of the model M and minimize its preference
bias. For each input dialogue history h;, we seek
high confidence correct predictions, while also al-
lowing for controlled exploration via alternative
responses. To this end, we propose a reward esti-
mation approach that dynamically adjusts the re-
ward function r according to the model’s estimated
knowledge boundary for each input h;.

3.4 Reward Estimation

The confidence score c; serves as a reward signal
to encourage the model toward higher strategy se-
lection proficiency. To further promote consistency,
we incorporate an entropy-based metric that quanti-
fies the diversity of strategies expressed across the
sampled responses. Specifically, we estimate the
empirical distribution over strategies by computing
the relative frequency of each strategy s € S:

1 K
pls|hi) =3 st =s), O
k=1

where 1(-) is the indicator function. The corre-
sponding strategy entropy e; is calculated as:

ei=—) p(s|hi)logp(s|hi), (6

ses

which measures the degree of strategy variation
in the model’s outputs. To tailor reward optimiza-
tion to different regions of the model’s knowledge
boundary, we define region-specific reward func-
tions.

For highly known and weakly known samples,
where the model exhibits full or partial proficiency,
we prioritize consistency by a reward that empha-
sizes low diversity:
€;

1— )

n(hi, ¥i) = ;
Tknow ( y) 10g(‘5’)

where |S| is the number of predefined strategies.
This encourages the model to converge toward the
correct strategy with minimal variability.

Conversely, for unknown samples, where the
model lacks proficiency, we encourage exploration
to discover potentially correct responses. The re-
ward function for these samples promotes high di-
versity:

€

" log(|S])’

Tunknow (hu gz) (8)
which incentivizes the generation of a wider range
of strategies that may lead to discovery of effective
responses.

To keep the policy network 7 from moving too
far from the initial model P, we also add a KL-
divergence penalty reward. Therefore, the final
reward becomes:

m(gilhi)
P9M (ij|hz) ’
)

r(hiv gl) = Ci+rregion(hi> gl)_ﬁ log



where 7.cgion 18 €ither Tr,own OF Tynknow based
on the sample’s classification, and the hyperpa-
rameter [ is the coefficient of KL-penalty. This
composite reward structure ensures that the model
balances proficiency, consistency, and exploration
while maintaining stability during optimization.

4 Experimental Setup

4.1 Datasets

We conduct experiments on two emotional support
datasets: ESConv (Liu et al., 2021) and EXxTES
(Zheng et al., 2024b). ESConv collected through
crowdworkers acting as help-seekers and support-
ers, categorizes emotional support strategies into 8
distinct types. EXTES generated iteratively using
ChatGPT, leverages dialogue examples from au-
thoritative emotional support datasets, which clas-
sify strategies into 16 types. For ESConv, we uti-
lize the training set introduced by (Liu et al., 2021)
for model training and knowledge boundary delin-
eation. For evaluation, we employ the test set pro-
posed by (Kang et al., 2024). For EXTES, we adopt
an 8:2 split for training and test sets, respectively,
and follow the test set construction methodology
outlined in (Kang et al., 2024) for the test set to
ensure consistency and comparability.

4.2 Evaluation Metrics

As described in prior studies (Kang et al., 2024), a
good supporter LLM should satisfy two properties:
Proficiency and Preference. For proficiency, we
focus on strategy selection accuracy, measured by
macro F1 score O and weighted F1 score Q).
For preference, we select strategy preference bias
B as metric, which quantifies the deviation between
the model’s selected strategies and the ideal strat-
egy preferences. Additionally, ROUGE-L (R-L)
is also adopted to evaluate the semantic aspects of
the generated response.

4.3 Baselines

To evaluate the effectiveness of our approach, we
benchmark it against several baselines that de-
signed to mitigate preference biases in LLMs us-
ing self-contact techniques. We implement three
self-contact methods: (1) Direct-Refine, where the
LLM iteratively refines its initial response; (2) Self-
Refine (Madaan et al., 2023), which improves the
initial response through self-generated feedback;
and (3) Few-Shots, which samples some example
from training sets to guide response generation.

Given the prevalence of SFT in enhancing ESC ca-
pabilities, we also compare against full-parameters
SFT models. Additionally, we evaluate a baseline
using GRPO (Shao et al., 2024) with rewards based
on response format and correctness to isolate the
impact of general RL tuning from our region-aware
reward design.

4.4 Implementation Details

We implement our method on LLaMA-3.1-8B-
Instruct (Grattafiori et al., 2024) and Qwen2.5-7B-
Instruct (Team, 2024). For SFT, we train the model
via LLaMA-Factory (Zheng et al., 2024a) with full
parameters. The input format follows the official
chat templates. The models are trained for 2 epochs
with a learning rate of 1 x e~°. For RL, we train
the fine-tuned model via VERL (Sheng et al., 2024)
for 300 episodes, a batch size of 256, and a learn-
ing rate of 1 x e~ . The KL-penalty coefficient
is set to 0.001. All experiments are conducted on
2 NVIDIA Tesla A800 GPUs. We set maximum
input length to 1024 tokens and maximum target
length of 256 tokens across all backbones.

5 Results and Analyses
5.1 Main Results

Table 1 presents the performance comparison be-
tween our proposed method and several baselines.
Our approach consistently improves strategy selec-
tion accuracy while effectively reducing strategy
preference bias across all evaluated models. Specif-
ically, while SFT and GRPO without explicit pref-
erence optimization enhance strategy selection ac-
curacy, they simultaneously increase strategy pref-
erence bias, limiting their adaptability to seeker’s
diverse emotional needs. In contrast, our approach
mitigates preference bias while enhancing accu-
racy, underscoring the importance of incorporat-
ing preference-aware optimization in ESC tasks.
Moreover, Our method also enhances ESC perfor-
mance across all backbone models, regardless of
their initial capabilities. It enhances strategy accu-
racy and reduces bias in both Qwen2.5-7B-Instruct
and LLaMA-3.1-8B-Instruct, demonstrating its ver-
satility and robustness.

Our results also highlight the limitations of self-
contact methods, which cannot achieve a steady
increase in strategy accuracy. Although their strat-
egy bias is low, they cannot accurately select the
right strategy. This is slightly different from previ-
ous work (Kang et al., 2024), which have shown



Method ESConv ExTES

Qt Bl 9wt R-L?t Qt Bl 9wt R-L?t

Qwen-2.5-7B-Instruct
Standard Prompting 8.13 222 849 13.56 13.57 3.87 2474 20.15
Few-Shot (2-shot) 1241 1.19 13.84 1347 11.78 3.83 20.75 2041
Direct-Refine 12.51 122 1455 13.78 13.31 3.86 2438 19.75
Self-Refine 13.36 1.16 15.38 13.54 11.81 3.86 2098 19.75
SFT 22.10 1.79 22.80 19.07 4048 1.06 57.74 27.78
GRPO 2626 1.73 2646 19.12 4596 0.65 61.27 28.62
Ours 26.16 1.12 2824 19.86 4751 0.64 63.79 29.60
LLaMA-3.1-8B-Instruct

Standard Prompting 7.59 234 796 11.76 6.84 385 1142 16.26
Few-Shot (2-shot) 12.61 1.81 12.00 12.98 1198 3.81 19.29 19.52
Direct-Refine 945 1.69 10.04 1241 6.75 3.85 11.51 16.82
Self-Refine 10.87 1.36 11.89 1297 6.89 3.80 11.02 17.79
SFT 21.79 1.30 23.67 15.70 4134 0.83 57.22 36.06
GRPO 2269 127 2574 15.79 4583 0.75 60.04 37.69
Ours 24.27 1.03 27.37 15.84 48.79 0.73 64.74 39.84

Table 1: Automatic evaluation results on the ESConv and ExTES datasets using Qwen-2.5-7B-Instruct and LLaMA-
3.1-8B-Instruct as backbones. 1 indicates higher is better, | indicates lower is better. The best results are highlighted

in bold. The second-best results are underlined.

Ours vs. GRPO Win Lose Tie k

Acceptance 4133 26.00 32.66 0.611
Effectiveness 38.67 27.33 34.00 0.650
Sensitivity 40.00 26.00 34.00 0.669
Satisfaction 41.33 24.67 34.00 0.729

Table 2: Human evaluation results. Cohen’s kappa (k)
indicates inter-annotator agreement.

that self-contact methods can cause increased pol-
icy bias and decreased policy accuracy.

5.2 Human Evaluation Results

Table 2 presents the human evaluation results com-
paring our method with GRPO on 50 dialogue sam-
ples from the ESConv dataset. Three annotators
rated each response pair across four criteria: Ac-
ceptance, Effectiveness, Sensitivity, and Satisfac-
tion. Our method consistently outperforms GRPO,
achieving higher win rates across all dimensions,
ranging from 38.67% to 41.33%. These results
suggest that our responses are generally perceived
as more satisfying by human evaluators. The inter-
annotator agreement ranges from 0.611 to 0.729,
indicating substantial agreement among annotators.
This reinforces the robustness of our method in
improving emotional support quality.

5.3 Ablation Study

Effect of Knowledge Boundary Delineation.
We conduct an ablation study to assess the effective-

ness of knowledge boundary delineation. Specifi-
cally, we compare three configurations: (1) our full
method with dynamic rewards based on knowledge
regions, (2) a baseline without boundary awareness,
and (3) a variant that trains on weakly known sam-
ples using uniform rewards, simulating a coarse
partition. All models are trained via SFT on the
ESConv dataset and then optimized using RL with
identical hyperparameters. As illustrated in Fig-
ure 4(a), our approach outperforms both variants
across all backbones, achieving higher strategy ac-
curacy and lower preference bias. Interestingly,
training solely on weakly known samples reduces
preference bias more effectively than the baseline,
highlighting their value in reducing model overcon-
fidence. However, this variant still underperforms
our full method, likely due to its inability to lever-
age the exploratory potential of unknown-region
examples. These results underscore the value of
fine-grained knowledge boundary delineation in
guiding reward design and improving alignment
efficiency in ESC.

Effect of Uncertainty Estimation Reward We
further conduct an ablation study to evaluate the
impact of our two uncertainty-based reward com-
ponents during the RL stage. Specifically, we com-
pare: (1) a baseline using standard format and
correctness-based rewards, (2) an accuracy-based
reward that reflects the model’s confidence align-
ment with ground-truth labels, and (3) a entropy-
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(b) Performance of reward functions varying different uses of uncertainty measures on the ESConv dataset.

Figure 4: Effects of knowledge boundary delineation and uncertainty estimation rewards on ESConv.

Data Type Q1 Bl 9wt R-LT
Qwen-2.5-7B-Intruct
Full Dataset 22.10 1.79 22.80 19.07
Full Dataset(Ours) 26.16 1.12 2824 19.86
Weakly Knows(Ours) 2091 1.22 2219 1530
Weakly Knows(Prompt) 18.16 135 2045 15.12
LLaMA-3.1-8B-Intruct
Full Dataset 21.79 130 23.67 15.70
Full Dataset(Ours) 2427 1.03 2737 15.84
Weakly Knows(Ours) 18.07 1.11 19.31 15.89
Weakly Knows(Prompt) 17.19 127 19.30 15.50

Table 3: Performance metrics across different data types.
Prompt refers a prompt-based uncertainty estimation.

based reward that quantifies strategy diversity via
the entropy of the predicted strategy distribution.
All models are fine-tuned using SFT on the ESConv
dataset, followed by RL under identical settings.
As shown in Figure 4(b), the accuracy-based re-
ward consistently improves performance across all
evaluation metrics for both LLMs. In contrast, us-
ing entropy alone leads to less stable performance,
sometimes degrading specific metrics. Notably,
combining both accuracy and entropy achieves the
best overall performance, demonstrating the com-
plementary nature of the two signals. These results
validate the effectiveness of our dual uncertainty-
guided reward design in enhancing strategy accu-
racy and reducing bias in ESC.

5.4 Analysis

Effect of Weakly Known Samples We analyze
the effect of training on weakly known samples

identified via uncertainty estimation. Specifically,
we compare four configurations: (1) full dataset
SFT, (2) our method applied to the full dataset,
(3) SFT with only weakly known samples se-
lected by our accuracy based estimator, and (4)
a prompt based method where weakly known sam-
ples are self-reported by the model. As shown in
Table 3, using weakly known samples consistently
reduces strategy preference bias across all back-
bones. These findings indicate that weakly known
samples can mitigate bias effectively. However,
this reduction in bias comes at the cost of strategy
proficiency. This trade-off likely stems from the
reduced quantity of training examples when filter-
ing for only weakly known samples. Notably, our
accuracy-based method outperforms the prompt-
based approach in both proficiency and bias re-
duction, demonstrating the reliability of our uncer-
tainty estimation.

6 Conclusion

In this paper, we propose an approach to identify
the knowledge boundaries of LLMs for the ESC
task, and model different regions with a dual reward
function combining strategy accuracy and entropy
confidence measures for strategy planning. Exten-
sive experiments on ESConv and EXTES datasets
show that our approach outperforms the baselines
in both proficiency and bias reduction. In particu-
lar, the results underscore the importance of weakly
known samples to enhance preference bias mitiga-
tion. In the future, we will extend our approach to
other dialogue tasks, and refine knowledge bound-
ary definitions to adapt to downstream tasks.



Limitations

In real-world emotional support interactions, user
needs and emotional states often evolve dynami-
cally across conversations. While the datasets used
in this work rely on predefined strategy annota-
tions, which may not fully reflect the diversity and
complexity of real-world emotional support interac-
tions. Future work could incorporate more flexible
or naturally occurring emotional support scenarios
to better approximate real-world settings.
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