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Abstract
The psychological profile that structurally documents the case
of a depression patient is essential for psychotherapy. Large
language models can be applied to summarize the profiles from
counseling speech, however, it may suffer from long-context
forgetting and produce unverifiable hallucinations, due to over-
long length of speech, multi-party interactions and unstruc-
tured chatting. Hereby, we propose a StreamProfile, a stream-
ing framework that processes counseling speech incrementally,
extracts evidences grounded from ASR transcriptions by stor-
ing it in a Hierarchical Evidence Memory, and then performs
a Chain-of-Thought pipeline according to PM+ psychological
intervention for clinical reasoning. The final profile is synthe-
sized strictly from those evidences, making every claim trace-
able. Experiments on real-world teenager counseling speech
have shown that the proposed StreamProfile system can accu-
rately generate the profiles and prevent hallucination.
Index Terms: Depression, LLM, Psychological Profile

1. Introduction
Psychological counseling is a primary intervention to manage
the mental health conditions, especially for adolescents, where
the Problem Management Plus (PM+) developed by the WHO
is commonly adopted[1]. The core therapeutic strategies in-
clude problem solving to help individuals identify, prioritize
and tackle practical problems (e.g. family conflict, learning
stress, anxiety) in a structured way[2, 3, 4]. Therefore, the psy-
chological profile is essential which systematically records a
patient’s background, relationships, emotional state, cognitive
patterns, and risk indicators across standardized dimensions. A
typical counseling session involves talking one-on-one with a
trained professional, lasting 30 to 90 minutes. It is interest-
ing to summarize automatically from the recordings, although it
may include noises, far-field speech, even multi-party dialogues
when the parents are involved in the teenager counseling. More-
over, the depression patients commonly have paralinguistic fea-
tures, such as slowed speech, monotone voice, reduced volume,
increased pauses and difficulties to express his/her feeling[5, 6],
which is a challenge to scrutinize the speech data and summa-
rize the structured psychological profile.

Recent advances in large language models (LLMs) have
demonstrated strong capabilities in long-form summarization
and information extraction, making them a natural candidate for
this task[7, 8, 9, 10]. A straightforward approach is to transcribe
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the session audio and prompt an LLM to generate the profile
from the full transcript. In practice, however, this approach suf-
fers from two compounding failure modes that are particularly
consequential in a clinical setting. First, LLMs exhibit a well-
known tendency to disproportionately attend to the beginning
and end of long inputs, causing clinically critical details in the
middle of a session to be silently dropped[11]. Second, LLMs
hallucinate by generating plausible-sounding but factually un-
supported claims about patient history, risk level, or interper-
sonal dynamics[12, 13]. In a psychiatric workflow, a fabricated
self-harm history is not merely an accuracy failure but a direct
patient safety risk, and clinicians cannot act on summaries they
cannot verify.

Retrieval-augmented generation (RAG) and agent memory
techniques offer potential remedies by grounding generation
in retrieved context[14, 15, 16, 17]. However, existing ap-
proaches are predominantly designed for well-structured text
sources such as academic papers, product manuals, or knowl-
edge bases, where entities and relations are explicitly stated.
Psychological counseling dialogue is fundamentally different:
it is unstructured, emotionally laden, and multi-party, with clin-
ically relevant disclosures embedded in conversational filler, in-
direct expression, and role-specific speech acts. These charac-
teristics make it difficult for standard RAG or flat memory sys-
tems to reliably identify, classify, and retain the sparse clinical
signals that are essential for profile generation.

We propose StreamProfile, a streaming psychological pro-
file generate framework that processes session audio in real
time. The core contributions are as follows: (1).We de-
sign a Chain-of-Thought (CoT) pipeline based on the PM+
Protocol[18] that enforces explicit clinical reasoning, perform-
ing epistemic filtering to distinguish direct patient disclosures
from counselor restatements and hypothetical examples, and
extracting structured evidence tuples grounded to verbatim ut-
terances. (2).we introduce the Hierarchical Evidence Memory
(HEM), a persistent, clinically-aligned agent memory that con-
tinuously accumulates and indexes evidence from unstructured
conversational speech throughout the session, ensuring that ev-
ery generated claim in the final profile is traceable to a specific
patient utterance. (3).we conduct comprehensive experiments
on Psy-Bench, a dataset of real-world chinese counseling ses-
sions, demonstrating substantial improvements over LLM base-
lines on both profile generate performance and hallucination
evaluation.
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Figure 1: The StreamProfile framework processes streaming audio, performs PM+-guided CoT reasoning, and accumulates evidence
in Hierarchical Evidence Memory for final profile generation.

2. Methodology
StreamProfile processes a raw session recording A in a stream-
ing fashion, triggering a processing cycle every T seconds as
audio arrives. At each cycle, the most recent T -second win-
dow is passed through a speech front-end to produce a diarized
transcript, which is then processed by a CoT pipeline. Ex-
tracted evidence is accumulated incrementally in a HEM, en-
abling continuous profile updates throughout the session. Upon
session completion, the final profile is synthesized from the
fully populated HEM.The complete pipeline is summarized in
Algorithm 1.

2.1. Speech Interaction Frontend

Each T -second audio window An is processed by a sequen-
tial pipeline to produce a structured transcript. The raw wave-
form is first enhanced by FastEnhancer1, a lightweight neural
speech enhancement model that suppresses background noise
and reverberation common in clinical recording environments.
Voice Activity Detection (VAD) then segments the enhanced
signal into speech intervals. These intervals are transcribed by
SenseVoice[19]2, yielding a transcription ui for each segment
i. For speaker diarization, CAM++3 speaker embeddings are
extracted per segment and clustered via spectral clustering with
the speaker count constrained to s ∈ {2, 3}, selected by maxi-
mizing the silhouette coefficient. Role assignment is performed
via one-shot speaker verification: a short enrollment utterance
from the known counselor is compared against each cluster cen-
troid by cosine similarity, and the closest cluster is labeled as
the counselor, with remaining clusters assigned to patient and
guardian roles per the session protocol. A global re-clustering

1https://github.com/modelscope/FunASR
2https://github.com/FunAudioLLM/SenseVoice
3https://github.com/modelscope/3D-Speaker

pass over all accumulated embeddings at session end corrects
within-window assignment drift.The output for window n is
a structured dialogue sequence Dn = {(ui, ri, t

s
i, t

e
i )}Mn

i=1,
where ri ∈ {counselor, patient, guardian} and [tsi, t

e
i ] are ab-

solute timestamps within the session.

2.2. Chain-of-Thought Based on the PM+ Protocol

The CoT pipeline emulates a clinician’s stepwise reasoning
based on the PM+ protocol, transforming raw dialogue into
clinically meaningful evidence. For each window Dn, the
pipeline executes three reasoning steps.

Step 1: Consultation Phase Identification. The model
first identifies which of the three canonical consultation mod-
ules below are present in the chunk:

(1)Supportive Guidance: Includes psycho-education, relax-
ation techiques (e.g., diaphragmatic breathing), or general psy-
chological facts.

(2)Objective Evaluation: Involves structured symptom as-
sessment, where the clinician repeatedly asks the patient to rate
specific negative feelings or confirms scores on standardized
scales.

(3)Problem Management: Characterized by open-ended in-
quiry into core life domains, such as family dynamics, peer re-
lationships, Stress related to school or work, self-worth, and
risks of self-harm. Higher analytical priority is assigned to this
module, which clinically significant evidence.

Step 2: Speaker-Intent Filtering. In high-severity depres-
sion, patients often speak minimally or not at all, leading to
poor ASR transcription and significant loss of patient-generated
content. Clinicians commonly respond with confirmatory para-
phrasing, restating the patient’s fragmented or implied mean-
ing in clearer form. Although these paraphrases accurately cap-
ture patient intent, they appear in transcripts as therapist speech,
causing therapist-originated content to dominate the dialogue.

https://github.com/modelscope/FunASR
https://github.com/FunAudioLLM/SenseVoice
https://github.com/modelscope/3D-Speaker


To address this issue, we require the model to perform intent
filtering, distinguishing therapist paraphrasing from genuine pa-
tient speech to preserve clinically valid evidence. The prompt
explicitly instructs the agent to apply a speaker-intent filtering
rule: (1).Retain therapist statements that paraphrase or confirm
the patient’s prior (explicit or implicit) disclosure; (2).Discard
therapist statements that present generic hypotheses, illustrative
examples, or factual explanations.

Step 3: Risk and Emotional State Inference. The model
then performs a deep exploration of self-harm risk and self-
cognition, identifying explicit or implicit signals of suicidal
ideation. Crucially, it treats emotional distress as a multi-
faceted construct through a two-step clinical inference:

(1)Suffering Severity Assessment: It distinguishes clini-
cally significant distress from normative stress based on the
temporal scope and functional impact of stressors and the pres-
ence of high-risk indicators.

(2)Major Emotion Categorization: It concurrently infers the
dominant emotion. If the patient is clinically distressed, the
label is selected from pathological categories (e.g., depression);
if normative, from everyday affect (e.g., sadness).

This differentiation prevents over-pathologizing normal re-
sponses while accurately capturing clinical states. The rea-
soning outputs a free-text analysis ϕn summarizing the find-
ings, which is appended to a rolling history buffer H for cross-
window context.

2.3. Hierarchical Evidence Memory

The Hierarchical Evidence Memory (HEM) is a persistent agent
memory that accumulates and structures evidence from the CoT
pipeline. It ensures that every clinical claim in the final profile
is grounded in a verifiable source utterance.

After CoT reasoning produces ϕn, the model performs a
second LLM call to extract structured evidence from the dia-
logue window. This extraction takes both the CoT analysis and
the original transcript as input:

En = LLMextract(ϕn,Dn)

where En is a set of tuples (dj , aj , sj). Here dj is a clinical di-
mension from the predefined schema Ω (Table 1), aj is a verba-
tim ASR utterance copied fromDn, and sj is a concise patient-
centric insight derived from that utterance. The extraction is
constrained to cover all dimensions, prioritize risk-related ones,
and avoid negated statements.

Each tuple is then stored in the HEM, which organizes en-
tries by dimension. To prevent redundancy, a new evidence sj is
accepted only if its bi-gram Jaccard similarity with all existing
entries in the same dimension is below a predefined threshold
T . Each stored entry also includes the utterance’s timestamps
and detected emotion, enabling full traceability. This dual stor-
age supports hallucination-free profile synthesis: the final gen-
eration uses aggregated insights, while raw utterances remain
available for clinician verification.

3. Experimental
3.1. Experimental Setup

We used different LLMs as comparison methods, with all gener-
ation parameters configured identically to ensure fairness: tem-
perature was set to 0.3, maximum output length to 8,192 tokens,
and random seed to 42. For API-based models, inference was
conducted via their official APIs with the same generation pa-
rameters. For local LLMs, we used the vLLM framework with

Table 1: Clinical schema Ω of the psychological profile

Module ID Sub-Dimensions

Background A Lifestyle (A1), Education (A2)
Health History B Mental Health Hx (B1), Self-harm Hx (B2)
Social Relations C Family (C1), Peers (C2), Social (C3), Aca-

demic (C4)
Self-Cognition D Self-Perception (D1), Self-Worth (D2)
Current State E Emotion (E1), Recent Events (E2), Depres-

sion (E3), Trust (E4), Anxiety (E5), Dis-
tress (E6), Bullying (E7)

Algorithm 1 StreamProfile

Require: Session audio stream A, window size T , LLM fθ ,
schema Ω

Ensure: Profile P , evidence memoryM
1: M← InitHEM(Ω); H ← ∅
2: while true do
3: Dn ← FrontEnd(An) {enhance, VAD, ASR, diarize}
4: ϕn ← fparse

θ (Dn, H) {Stage 1}
5: En ← fextract

θ (Dn, ϕn) {Stage 2}
6: for each (dj , aj , κj) ∈ En do
7: if maxκ′∈M(dj) J(κj , κ

′) ≤ threshold T = 0.7
then

8: M.Store(dj , κj , aj) {Stage 3}
9: end if

10: end for
11: H ← H∪ {ϕn}
12: end while
13: P ← fprofile

θ (M.Retrieve())
14: return P ,M

tensor parallelism across 8 × NVIDIA RTX 5880 GPUs, GPU
memory utilization set to 0.9, and a maximum context length of
32,768 tokens.

3.2. Dataset

We evaluate on Psy-Bench, a real-world Chinese psychological
counseling dataset collected in hospital psychiatric outpatient
and community settings under the PM+ protocol.It contains 19
annotated sessions from three participant groups: (i) clinically
diagnosed adolescent depression patients, (ii) suspected indi-
viduals presenting anxiety or sub-threshold symptoms.Sessions
range from 30 to 90 minutes and involve a counselor, a pa-
tient, and in some cases a guardian. All ground-truth profiles
are independently annotated by three PhD-level psychologists
following the clinical schema Ω defined in Table 1, with dis-
agreements resolved by consensus.

3.3. Evaluation metrics.

All generated profiles are evaluated against reference profiles
manually constructed by psychologists. These expert annota-
tions serve as the clinical ground truth, ensuring our metrics
reflect clinically meaningful. For objective NLP quality, We
compute ROUGE-L[20], BERTScore[21], SBERT[22] cosine
similarity score, where the ground-truth annotation serves as
the premise and the generated claim as the hypothesis. For
hallucination evaluation, a LLM-based judge scores 3 clinical
quality dimensions on a 1–5 Likert scale: Coverage measures
how many reference key facts are captured in the generated
profile; Consistency measures whether every generated claim is
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grounded in the session transcript; and Hallucination penalizes
fabricated or unverifiable content, including claims that appear
plausible but are absent from the source dialogue.

3.4. Results on Profile Generation

Table 2 reports NLP similarity results. StreamProfile consis-
tently achieves the best scores across all metrics under both
backbone LLMs. StreamProfile (DeepSeek) reaches SBERT
0.680, ROUGE-L 0.216, and BERTScore-F 0.702, surpass-
ing the strongest text-LLM baseline in average. Furthermore,
StreamProfile (Qwen3) likewise outperforms its No-CoT coun-
terpart by 0.051, confirming that the CoT and HEM framework
contributes regardless of the backbone.

Among baselines, Qwen2-Audio scores lowest because it
must simultaneously perform speech recognition and clinical
reasoning in a single forward pass, leading to content trunca-
tion and sparse output. For LLaMA-3.1-70B, Despite its 70B
parameter scale, its extracts only surface-level facts, omitting
clinically critical details like self-harm history, indicating that
model scale can producted limited multilingual clinical reason-
ing.

For ablation Study, Figure 3 further illustrates that CoT
variants consistently outperform No-COT conditions across

Table 2: Profile similarity comparison between different models
and our proposed system against human-annotated reference
profiles, where † denotes the baseline

Model SBERT↑ ROUGE-L↑ BERTScore-F↑ Average↑

Audio LLM

Qwen2-Audio [23] 0.323 0.056 0.481 0.287

Text LLM (No COT)

Qwen3-252B[24]† 0.592 0.132 0.648 0.457
LLaMA-3.1-70B[25] 0.477 0.089 0.605 0.391
DeepSeek-V3 [26]† 0.605 0.136 0.648 0.463

Ours (StreamProfile)

StreamProfile (Qwen3) 0.653 0.187 0.685 0.508
StreamProfile (DeepSeek) 0.680 0.216 0.702 0.533

Table 3: LLM-as-judge evaluation of three dimensions (Hallu-
cination, Coverage, Consistency) on a 1–5 scale.

Type Model LLM-As-Judge

Hallucination Coverage Consistency Average

Audio Qwen2-Audio[23] 2.02 1.15 1.56 1.58

Text
LLaMA-3.1-70B[25] 2.46 1.21 1.89 1.86
Qwen3-252B[24] 2.38 2.38 2.71 2.49
DeepSeek-V3[26] 2.43 2.52 2.84 2.60

Ours StreamProfile (Qwen3) 2.54 2.53 2.86 2.64
StreamProfile (DeepSeek) 2.82 2.63 3.05 2.83

both patient groups, with the advantage more pronounced for
depression sessions where clinically relevant signals are sparse
and require multi-step reasoning to surface. Furthermore, Fig-
ure 2 shows that profiles generated by StreamProfile form well-
separated clusters for depression patients and non-clinical Nor-
mal in t-SNE space, even though no group label is provided at
generation time.

3.5. Results on Hallucination and Clinical Fidelity

Table 3 reports LLM-as-Judge scores. StreamProfile
(DeepSeek) achieves the highest scores on all three dimensions,
improving over DeepSeek-V3(No-CoT) despite using the same
backbone, confirming that gains come from the CoT and HEM
framework. The most notable improvement appears on halluci-
nation: a gain of 0.39 over No-CoT, because profile synthesis
is strictly conditioned on HEM entries each grounded to a ver-
batim utterance, preventing the model from generating unsup-
ported clinical claims. Furthermore, the streaming CoT design
further enhances consistency by preserving reasoning continu-
ity, mitigating the lost-in-the-middle problem that causes No-
CoT baselines to produce fragmented or self-contradictory out-
puts.

Neverthless, LLaMA-3.1-70B scores 2.46 on hallucination
yet only 1.21 on coverage, revealing that it avoids fabrication
by producing sparse, non-committal profiles rather than accu-
rate ones, a failure mode that is equally unusable in clinical
practice.Qwen2-Audio scores lowest overall, with coverage of
only 1.15, as its end-to-end audio pipeline conflates acoustic
noise with clinical content and generates outputs faithful to nei-
ther the reference nor the transcript.

4. Conclusion
We introduced StreamProfile, a streaming framework for gen-
erating structured psychological profiles from counseling ses-
sions. By integrating a CoT reasoning pipeline with a HEM, our
approach ensures that every clinical claim is grounded in veri-



fiable utterances, effectively mitigating long-context forgetting
and hallucination. Experiments on real-world data demonstrate
that StreamProfile significantly outperforms LLM baselines in
both profile accuracy and clinical fidelity, providing a transpar-
ent pathway for trustworthy AI assistance in mental healthcare.

5. Generative AI Use Disclosure
Generative AI tools were used solely for manuscript language
polishing. They were not used to create any core research con-
tent, results, or arguments. All authors are fully responsible for
the work and consent to its submission. No generative AI tool
is a co-author.
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