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ABSTRACT
Emotional Support Conversation (ESC) requires models to track
a user’s evolving psychological state and produce supportive re-
sponses across multiple turns. Existing ESCmethods improve empa-
thy with emotion clues, strategy planning, or commonsense reason-
ing, but they often treat personal and factual information uniformly
and therefore struggle with stale memories in long interactions. We
present MIA, a compact framework for multi-turn ESC with three
coordinated modules: EToM for hierarchical mind inference, PFD
for adaptive Personal–Factual weighting, and ORM for removing
obsolete psychological inferences during memory updates. Eval-
uations on ESConv and CPsyCounD show consistent gains over
strong baselines, while ablations confirm that both adaptive factor
weighting and obsolescence-aware memory are necessary. These re-
sults indicate that explicit Personal/Factual separation is a practical
design principle for robust multi-turn emotional support.
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1 INTRODUCTION
Emotional Support Conversation (ESC) has become a core task for
socially aware dialogue systems [16, 26], with recent LLM-based
methods improving empathy and strategy quality through planning
and instruction tuning [5, 10, 32, 33]. However, real ESC is inher-
ently multi-turn: user affect and intention evolve across turns, as
documented by prior multi-turn analyses [4, 12, 17, 27]. This makes
robust state tracking harder than single-shot generation [24, 30].

Existing work has advanced strategy-aware generation [5, 32]
and richer context modeling [10, 33], yet two limitations remain.
First, many systems still compress user state into a single latent
representation, which blurs Personal clues and Factual clues; this
harms interpretability and controllable planning, especially when
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Figure 1: Overview of MIA for multi-turn ESC. At each turn, EToM derives structured Personal/Factual states, PFD estimates
turn-level emphasis, and ORM updates memory by preserving stable context while removing obsolete personal states before
response generation.

support goals shift within a dialogue [13, 18, 23]. Second, memory
often updates uniformly, so stale psychological assumptions may
persist and bias later responses [1, 32, 33]. This concern is consistent
with evidence from ESC data [16, 26] and longitudinal interaction
studies [15], where emotional states change faster than events.

Related cognitive literature also motivates differentiated process-
ing: mental-state inference and reflective regulation are dynamic
[2, 6, 7, 22], while decision under uncertainty often combines fast
affective signals and slower deliberative signals [8, 9, 11]. Inspired
by this, we proposeMIA (Mind-Inference with Adaptive memory),
a compact framework for multi-turn ESC that separates factorized
inference from temporal memory maintenance.

2 MIA FRAMEWORK
As shown in Figure 1, MIA first performs structured mind infer-
ence, then applies turn-adaptive factor fusion, and finally updates
memory before response generation. This decomposition follows
practical ESC observations from prior strategy-centric systems
[5, 10, 32]: explicit state interfaces simplify control, and selective
memory prevents drift in long conversations [4, 25, 33].

EToM: hierarchical mind inference. EToM factorizes user
information into Personal (emotion, belief, intention, desire) and
Factual (fact, cause, result) components. Unlike undifferentiated
latent summaries [29], this hierarchy yields interpretable interme-
diate states that can be explicitly inspected or weighted at each
turn [23, 28]. The separation also aligns with cognitive accounts of
mentalization and appraisal [2, 7, 22].

PFD: adaptive factorweighting.Because turn-level needs vary,
PFD dynamically reweights Personal/Factual streams before gen-
eration. In affectively intense turns, stronger Personal grounding
tends to improve emotional attunement; in clarification or action-
planning turns, stronger Factual grounding improves specificity

and usefulness. This adaptive mechanism complements strategy-
conditioned ESC methods [5, 32, 33] and mitigates one-style rea-
soning collapse observed in purely static fusion [3, 14, 20, 21, 24].

ORM: obsolescence-aware memory update. Instead of accu-
mulating all inferred states, ORM removes obsolete Personal infer-
ences while retaining stable Factual context. This reduces stale-state
propagation across long dialogues, a known risk in memory-heavy
pipelines [1, 17, 27]. The design is compatible with representation
practices in dialogue systems [19, 31], but differs by explicitly mod-
eling psychological obsolescence at turn granularity.

3 RESULTS AND DISCUSSION
We evaluate MIA on ESConv [16] and CPsyCounD [26], compar-
ing against representative ESC baselines including PAL [5] and
SUPPORTER [32]. Following common ESC practice [10, 33], we re-
port perplexity and overlap metrics (BLEU/ROUGE). MIA improves
consistently on both datasets: on ESConv, it achieves PPL 7.39,
BLEU-4 22.25, and ROUGE-L 22.44; on CPsyCounD, it reaches PPL
3.87, BLEU-4 25.99, and ROUGE-L 42.22 (strong baseline references:
9.97/16.42 on ESConv and 4.10/20.96/39.38 on CPsyCounD).

Ablation further supports the modular design. Removing PFD
weakens turn-level adaptation (e.g., ESConv BLEU-4 drops to 20.13),
while removing ORM harms multi-turn consistency (BLEU-4 drops
to 19.72). These patterns align with prior findings that ESC quality
depends jointly on strategy selection [5, 32] and context manage-
ment over long horizons [4, 14, 25, 28].

4 CONCLUSION
We presented MIA, a compact multi-turn ESC framework com-
bining EToM, PFD, and ORM. By separating dynamic mental cues
from stable factual context, MIA improves response quality and
robustness on ESConv and CPsyCounD, enabling more reliable
long-horizon emotional support.
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