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Abstract

The PsyDefDetect shared task focuses on clas-
sifying nine psychological defense mechanisms
in multi-turn dialogues, a problem complicated
by severe label imbalance and the implicit,
context-dependent nature of defenses. In this
work, we investigate several approaches for
dialogue-level defense detection, including su-
pervised baselines and large language model
(LLM)-based pipelines. Our primary system is
a retrieval-augmented LLM framework with hi-
erarchical prediction and lightweight heuristics
for decision calibration. Experiments on the
PSYDEFCONV dataset show that LLM-based
methods improve overall performance com-
pared to supervised baselines, but still struggle
with fine-grained distinctions, especially for
minority labels. These findings highlight the
challenges of modeling implicit psychological
constructs in dialogue.

1 Introduction

Psychological defense mechanisms are automatic,
unconscious processes that regulate responses to
emotional conflict (Perry, 2014). They influ-
ence both clinical outcomes (Mrozowicz-Wrońska,
2023) and user behaviors in emotional support con-
versations (ESC) (Na et al., 2026b; Di Giuseppe
et al., 2024). While NLP has successfully mod-
eled explicit constructs like empathy and senti-
ment (Shetty et al., 2024; Liu et al., 2021), psy-
chological defenses remain challenging because
they are highly implicit, pragmatic, and context-
dependent (Na et al., 2025). Unlike emotions with
distinct lexical triggers, defensive behaviors evolve
dynamically across multi-turn dialogues, rendering
conventional single-utterance classification insuffi-
cient.

To bridge the gap between clinical theory and
NLP, the PsyDefDetect shared task (Na et al.,
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2026a) introduces a framework for classifying de-
fensive functioning in multi-turn dialogues using
the DMRS taxonomy (Di Giuseppe and Perry,
2021). Beyond the latent nature of the task, au-
tomated detection on the PSYDEFCONV corpus
faces two major structural challenges: (i) severe
label imbalance driven by the natural prevalence of
mature defenses, and (ii) long, noisy conversational
histories that make contextual modeling difficult,
as dense and extensive contexts often trigger infor-
mation degradation in language models (Liu et al.,
2024).

These challenges expose limitations of conven-
tional supervised models, whose reliance on lim-
ited and imbalanced training data prevents them
from capturing the subtle, context-dependent prag-
matics of implicit defenses. More importantly, they
highlight a deeper mismatch between the nature of
psychological defenses and the assumptions of flat
classification models. To address this, we leverage
the external knowledge encoded in Large Language
Models (LLMs) through a retrieval-augmented
framework for dialogue-level inference.

Our primary approach is a retrieval-augmented
LLM pipeline that operates at the dialogue level. It
decomposes predictions into a coarse-to-fine hier-
archy and integrates lightweight heuristics to im-
prove robustness. In addition, we incorporate hy-
brid supervised–LLM filtering to handle frequent
labels and a summary-based distillation module to
compress noisy conversational contexts.

2 Related Work

Prior NLP work has mainly focused on explicit
affective signals such as sentiment and empathy,
which are often modeled with sequence classifi-
cation (Rashkin et al., 2019; Sharma et al., 2020;
Liu et al., 2021). More recent studies have moved
toward more latent cognitive constructs, such as
cognitive distortions (Maddela et al., 2023; Chen
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et al., 2023). Psychological defense mechanisms
are even more implicit, pragmatic, and context-
dependent (Na et al., 2025; Perry, 2014), espe-
cially in multi-turn dialogue where meaning un-
folds across turns. This makes single-utterance
classification insufficient and increases the need for
dialogue-level modeling. In such settings, super-
vised models trained on limited and imbalanced
data often struggle to capture the functional role of
an utterance in context.

Large language models (LLMs) have shown
strong potential in mental health applications (Yang
et al., 2023; Xu et al., 2024) and related clini-
cal language tasks (Galatzer-Levy et al., 2023).
Their broad linguistic and world knowledge makes
them attractive for low-data, context-dependent
problems. However, prior work in psychotherapy-
related NLP often formulates prediction as static
label assignment over isolated instances (Tu et al.,
2024; Bao et al., 2024), which is not well aligned
with the dynamic and hierarchical nature of psy-
chological processes (Na et al., 2025; Di Giuseppe
and Perry, 2021). These limitations motivate more
structured, dialogue-aware LLM pipelines for de-
fense detection.

Retrieval-Augmented Generation (RAG) is
widely used to ground LLM predictions by provid-
ing relevant examples or contextual evidence (Gao
et al., 2024). In dialogue understanding, retrieval
can improve prediction stability, but semantic sim-
ilarity alone may be insufficient for latent psy-
chological constructs, where similar utterances
can serve different pragmatic functions depending
on context (Bender and Koller, 2020). Likewise,
heuristic cues may offer high-precision signals
for explicit patterns, yet often generalize poorly
to subtle or evolving behaviors (Chancellor and
De Choudhury, 2020), motivating retrieval designs
that incorporate richer discourse-level context and
lightweight calibration.

3 Methodology

We tackle PsyDefDetect under two key challenges:
severe label imbalance and the implicit, context-
dependent nature of psychological defenses. In
addition, the task involves multi-turn dialogues,
where defensive behaviors are often expressed
through subtle pragmatic cues and depend heav-
ily on preceding context, making single-utterance
classification insufficient.

To address these challenges, we investigate

four methodological approaches. Approach 1
establishes supervised dialogue-level baselines.
Approach 2, our core contribution, develops a
retrieval-augmented LLM pipeline to utilize the in-
ternal clinical knowledge of LLMs for identifying
latent psychological patterns. Building upon this,
Approach 3 extends the framework into a hybrid
supervised–LLM pipeline. Finally, Approach 4 in-
troduces an auxiliary summary-based distillation
strategy.

3.1 Approach 1: Supervised Encoders
(Baseline)

We establish a supervised baseline using a
RoBERTa–LSTM dialogue encoder, where each ut-
terance from both seeker and helper is first encoded
via RoBERTa, and an LSTM aggregates these se-
quential representations into a dialogue-level em-
bedding for classification. This hierarchical en-
coding is particularly suited to PsyDefDetect, as
defense mechanisms can dynamically shift across
turns and thus require interpreting each utterance
in relation to its preceding context rather than in
isolation.

On top of this encoder, we explore three predic-
tion strategies:

• Single-level classifier: Directly predicts the
final label from the full label set without any
hierarchical decomposition.

• 2-level hierarchical classifier: First predicts
whether the instance belongs to label 7 or not,
then classifies the remaining labels.

• 3-level hierarchical classifier: Sequentially
predicts label 0, then label 7, and finally clas-
sifies the remaining labels.

Motivated by extreme label imbalance, specifi-
cally the dominance of easily detectable labels 7
(51.93%) and 0 (15.88%), these hierarchical vari-
ants employ a sequence of strictly independent
models. During inference, these models are applied
sequentially: if an early stage predicts a frequent la-
bel, the process halts and outputs it; otherwise, the
instance is passed to the next classifier. This early-
exit strategy effectively isolates majority classes
early on, allowing subsequent stages to focus en-
tirely on more challenging and underrepresented
minority classes.
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3.2 Approach 2: Retrieval-Augmented LLM
Inference

This is our main approach. The task is inherently
difficult: labels are often implicit and expressed
through complex discourse functions, while the
dataset is small and highly imbalanced. Conse-
quently, standard supervised models struggle to
generalize, especially on minority classes. To ad-
dress these challenges, we propose two retrieval-
augmented inference strategies using the Gemini
3.1 Flash Lite model: a Direct LLM-RAG that
predicts the final label in a single step, and a Hier-
archical LLM-RAG that decomposes the task into
coarse-grained grouping followed by fine-grained
classification. Between these, we identify the hier-
archical approach as our primary and most effective
strategy, the complete architecture of which is il-
lustrated in Figure 1.

Prompt construction and retrieval. We en-
hance the target dialogue with task-specific knowl-
edge and contextual evidence through the following
three-step pipeline:

• Dialogue reconstruction: We group samples
by dialogue_id to recover their original con-
versation context. In PsyDefDetect, both train-
ing and test instances are truncated histories of
larger dialogues, where labels may vary across
turns. Reconstructing these partial dialogues
enables the model to capture evolving context
rather than treating samples as independent.

• Generating explanations: We use the LLM
(Gemini 3.1 Flash Lite) to generate short ex-
planations for labeled turns, turning each frag-
ment into a (label + rationale) retrieval unit.

• Retrieval: For each target turn, we retrieve
k = 3 dynamic dialogue fragments. Rather
than using a neural embedding model, we
utilize a domain-grounded symbolic match-
ing approach. Local contextual similarity and
lexical overlap are measured using Jaccard
Similarity over preprocessed content tokens.
The overall similarity score is a weighted lin-
ear combination of overlaps from the target
utterance, preceding supporter/seeker turns,
broader context, and a defined set of 17 rule-
extracted discourse cues. To ensure context
diversity and avoid redundancy, we employ
a Maximal Marginal Relevance (MMR) se-
lection procedure (Carbonell and Goldstein,
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Figure 1: Architecture of the Hierarchical Retrieval-
Augmented LLM Inference pipeline.

1998) with a diversity factor λ = 0.20. These
dynamic examples are then merged with static
class-representative anchor examples, capped
at a maximum of 6 examples per prompt.

The final prompt contains reconstructed context,
retrieved examples, and their explanations.

Inference strategies. On top of this pipeline, we
explore two strategies using the same Gemini 3.1
Flash Lite model:

• Direct LLM-RAG: Directly predict the final
label from the constructed prompt.

• Hierarchical LLM-RAG: Motivated by the se-
vere label imbalance and the principle that
decomposing complex tasks better elicits the
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knowledge of LLMs (Wei et al., 2022), we de-
compose prediction into two sequential steps
(illustrated in Figure 1): (i) predict a coarse
group, and (ii) predict the final label within
that group. We define four coarse-grained cat-
egories based on the DMRS taxonomy—No
Defense (labels 0, 8), Mature (label 7), Neu-
rotic (labels 5–6), and Immature (labels 1–4)—
reflecting the skewed distribution in PSYDE-
FCONV (Na et al., 2026b). This reduces com-
petition across semantically distant labels and
focuses fine-grained prediction on a smaller,
more coherent subset of classes.

Heuristic calibration. While LLMs excel at im-
plicit semantics, they can over-analyze simple ut-
terances or hallucinate. To ground the model, hard-
coded heuristics based on 17 discourse cues are
used to calibrate or override its predictions:

• Rule 1 (Phatic/Logistical → Labels 0 or 8):
If the utterance is dominated by phatic, grati-
tude, or closing cues (e.g., "thank you", "good-
bye") without substantive defense signals, it
is strictly routed to No Defense (Label 0) or
Needs More Information (Label 8) if excep-
tionally short (≤ 2 tokens).

• Rule 2 (Action Defenses → Label 1): If the
utterance strongly triggers barrier or reject-
ing_suggestion cues immediately following
a supporter’s suggestion turn, predictions are
calibrated toward Action Defenses (Label 1).

• Rule 3 (Neurotic Overrides → Labels 5 or
6): If the LLM predicts No Defense, but
the text contains abstract_control or a mix
of fact_logistic and affect tokens, the coarse
group is explicitly overridden to Neurotic De-
fenses.

• Rule 4 (Consensus Fallback): If the fine-
grained LLM fails to output a valid label
within the constrained taxonomy after maxi-
mum retries, the system completely overrides
the LLM and defaults to the highest-weighted
heuristic label.

On the development set, we observed that these
overrides are most frequently triggered under two
conditions: when the LLM over-analyzes short con-
versational turns by assigning complex defensive
mechanisms (resolved by Rule 1), and when the
model fails to produce a valid output within the
allowed taxonomy (resolved by Rule 4).

3.3 Approach 3: Hybrid Supervised–LLM
Pipeline

Building on Approach 2, we further combine the
LLM-based method with supervised filtering from
Approach 1. Our design is based on two observa-
tions:

• Frequent, easy labels (0 and 7): These labels
are abundant and relatively simple, so super-
vised models trained on gold labels can learn
them reliably. Thus, we use the model from
Approach 1 to filter them first.

• Rare, hard labels: The remaining labels are
fewer and more ambiguous, making them dif-
ficult to learn from limited data. Hence, we
apply the LLM-RAG pipeline to leverage ex-
ternal knowledge and avoid bias toward domi-
nant labels.

Based on these insights, we design a hybrid
pipeline: a supervised model trained on gold la-
bels first filters samples predicted as 0 or 7, and the
LLM-RAG pipeline is applied only to the remain-
ing cases.

Although this hybrid design is conceptually ap-
pealing and better aligns model capacity with label
difficulty, our experiments show that the pure LLM-
RAG pipeline (Approach 2) remains more robust
overall.

3.4 Approach 4: Summary Distillation
(Auxiliary)

As an auxiliary direction, we explore whether
LLMs can improve supervised classification indi-
rectly via representation learning.

Motivated by the long and noisy nature of dia-
logue context, and the known tendency of language
models to lose critical information within the in-
termediate parts of extended sequences (Liu et al.,
2024), we use the Phi-4 14B model to generate
a short, task-oriented summary of the preceding
context for each target turn.

• Focus on the target utterance rather than the
full dialogue.

• Remain grounded in the dialogue context.

• Describe the functional role of the utterance.

The resulting summary captures the main stres-
sor, the role of the utterance, and its relation to prior
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Method Acc. Prec. Rec. F1

Supervised Encoders
Single-level 58.69 18.27 14.08 13.27
2-level hierarchical 61.23 26.63 22.43 22.92
3-level hierarchical 59.11 27.53 26.51 26.49

LLM-RAG
Direct 58.69 31.58 24.44 26.55
Hierarchical 48.31 41.87 27.73 31.13

Hybrid Pipeline
Filter-0,7 + RAG 58.26 28.59 30.19 26.83

Summary Distillation
Phi-4 summary 52.14 25.13 23.65 23.52

Table 1: Experimental results on the test set (%). F1
is macro-averaged over all positive classes (all classes
except label 0).

context in a compact form. A RoBERTa classifier
is then trained on these summaries.

This direction treats the LLM as a task-aware
compressor, producing a concise and discrimina-
tive representation for downstream classification.

4 Experimental Results

Our official submission to the PsyDefDetect shared
task corresponds to Approach 2 (Hierarchical LLM-
RAG), which we identify as our primary system
based on development set performance. With this
configuration, our system achieved an official rank
of 10 out of 21 participating teams on the shared
task leaderboard.

Table 1 shows that the hierarchical LLM-RAG is
the strongest overall approach, achieving the best
Macro-F1 (31.13%) and Precision (41.87%). This
confirms that coarse-to-fine prediction is more ef-
fective than direct classification for PsyDefDetect,
where labels are highly imbalanced and often im-
plicitly expressed.

Among the supervised models, the single-level
classifier performs worst, while hierarchical filter-
ing consistently improves results. In particular, the
2-level model achieves the best Accuracy (61.23%),
and the 3-level model further improves Macro-F1
to 26.49%, showing that separating frequent labels
before final prediction is beneficial.

A similar pattern appears for LLM-based meth-
ods. The dialogue-level RAG model already sur-
passes all supervised baselines in Macro-F1, and
its hierarchical extension yields a further clear gain.
Although the hybrid pipeline achieves the best Re-
call (30.19%), it remains below the pure hierarchi-

cal LLM-RAG in Macro-F1. This suggests that
early supervised filtering may improve coverage
but also propagates errors. Finally, the summary
distillation approach improves over the weakest su-
pervised baseline but remains less effective than
direct LLM-RAG inference.

As observed in Table 1, there is a clear trade-off
between overall accuracy and balanced class per-
formance. Although the hierarchical LLM-RAG
framework improves Macro-F1 from 26.55% to
31.13%, its Accuracy decreases from 58.69% to
48.31%. This improvement is primarily driven by
better recognition of minority classes, especially
Class 8, whose F1 score increases from 0.00% to
approximately 60% after the hierarchical reformu-
lation. Additional gains are also observed for Class
5 (+7 points) and Class 2 (+6 points). In con-
trast, the reduction in Accuracy is largely caused by
lower performance on Class 7 (-12 points), which
constitutes the majority of the test set (243 out of
397 samples, approximately 61%). Overall, these
findings suggest that the hierarchical formulation
shifts the model toward more balanced predictions
across classes, sacrificing some performance on the
dominant class in exchange for substantially im-
proved detection of rare defense mechanisms under
severe class imbalance.

5 Conclusion

In this work, we investigated four directions for
psychological defense detection under severe label
imbalance and the implicit, context-dependent na-
ture of defensive behaviors. Our core method is
a retrieval-augmented LLM pipeline that operates
at the dialogue level, with additional hybrid and
summary-distillation extensions.

Experiments show that retrieval-augmented
LLM methods outperform supervised baselines,
but fine-grained defense detection remains chal-
lenging, especially for less frequent labels and sub-
tle discourse-level distinctions. Although the hy-
brid design is conceptually appealing, the LLM-
RAG pipeline remains the most robust overall.

These findings highlight both the promise and
the current limitations of LLM-based methods for
modeling latent psychological constructs in dia-
logue. Future work should focus on stronger prag-
matic grounding and richer context modeling for
fine-grained clinical language understanding.
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Limitations

Our framework has three notable limitations. First,
the hierarchical routing strategy improves minority-
class performance but degrades accuracy on the
dominant class (Class 7, ~60% of samples). This
occurs because errors made at the coarse-grained
grouping stage misroute majority-class instances
into wrong categories, which heavily damages over-
all accuracy due to the severe class imbalance. Sec-
ond, the heuristic calibration layer — relying on
17 discourse cues — achieves high precision on
surface-level patterns but lacks semantic flexibility,
failing to catch implicit defense mechanisms with-
out clear lexical markers. Finally, our reliance on
a closed-source commercial LLM limits data pri-
vacy and long-term reproducibility, restricting its
immediate use in strict clinical environments where
open-weight, local alternatives are preferred.
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