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Abstract

Psychological defense mechanisms play a cru-
cial role in shaping human responses during
emotionally charged conversations, yet remain
underexplored in natural language processing.
In this work, we address the PSYDEFCONV
shared task, which involves classifying defense
mechanisms in multi-turn dialogues using clin-
ically grounded annotations based on the De-
fense Mechanism Rating Scales (DMRS). We
propose a generative supervised fine-tuning
framework that reformulates the task as con-
ditional text generation. A pre-trained causal
language model (Gemma-2-2B) is adapted us-
ing parameter-efficient fine-tuning (PEFT) with
4-bit quantization, enabling efficient training
under limited computational resources. To han-
dle class imbalance, we apply random oversam-
pling, and we design a prompt-based input rep-
resentation to incorporate conversational con-
text effectively. Experimental results demon-
strate that our generative approach is compet-
itive with discriminative baselines while of-
fering improved flexibility in modeling sub-
tle and context-dependent defensive behaviors.
The findings highlight the potential of genera-
tive large language models for psychologically
grounded dialogue understanding tasks.

1 Introduction

Psychological defense mechanisms are vital adap-
tive or maladaptive strategies that shape how in-
dividuals regulate emotions and express distress.
In emotional support dialogues, identifying these
mechanisms—such as denial or intellectualiza-
tion—is essential for understanding a speaker’s
mental state and providing appropriate support.
However, defensive functioning remains largely un-
derexplored in natural language processing (NLP)
compared to surface-level tasks like sentiment anal-
ysis (Na et al., 2025).

The PsyDefDetect@BioNLP 2026 shared
task (Na et al., 2026a) addresses this gap by

requiring the classification of target utterances into
nine categories based on the Defense Mechanism
Rating Scales (DMRS). This task is particularly
challenging due to the subtle, context-dependent
nature of defenses, the nuanced hierarchical label
space, and the presence of ambiguous cases where
context is insufficient for classification.

To address these challenges, we propose a gener-
ative framework that reformulates defense mecha-
nism identification as a conditional text generation
problem rather than standard multi-class classifi-
cation. We utilize parameter-efficient fine-tuning
(PEFT) on a pre-trained causal language model
to adapt to the task with minimal computational
overhead. Our approach leverages the reasoning
capabilities of large language models to capture
the long-range dependencies and implicit cues nec-
essary for identifying nuanced psychological con-
structs.
Contributions. Our main contributions are as fol-
lows:

• We introduce a parameter-efficient adaptation
strategy that enables effective training under
limited computational resources.

• We demonstrate the effectiveness of our ap-
proach on the PsyDefDetect shared task,
highlighting its ability to capture context-
dependent and nuanced defensive behaviors.

2 Related Work

Psychological Analysis in NLP. Research in
computational psychology has traditionally fo-
cused on emotion recognition and sentiment analy-
sis (Poria et al., 2017; Zhang et al., 2018). While
datasets like ESConv (Liu et al., 2021) facilitate
emotional support modeling, they often focus on
surface-level affect. The PSYDEFCONV dataset
addresses this by providing annotations based on
the Defense Mechanism Rating Scales (DMRS)
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(Perry, 1990), enabling a deeper analysis of cogni-
tive processes in dialogue.

Context-Aware Dialogue Understanding. Ef-
fective dialogue modeling requires capturing de-
pendencies across multiple turns. While early
methods used recurrent architectures (Serban et al.,
2016), modern transformer-based approaches lever-
age self-attention to encode context (Devlin et al.,
2019; Wolf et al., 2019). However, identifying
implicit psychological phenomena remains a chal-
lenge, as these constructs depend on subtle nuances
often missed by standard encoding strategies.

Generative Approaches for Classification.
While discriminative models like BERT (Devlin
et al., 2019) and RoBERTa (Liu et al., 2019) are
standard for classification, recent work explores
reformulating these tasks as text generation (Raffel
et al., 2020; Brown et al., 2020). Conditional
generation via instruction-based prompting has
shown superiority in complex scenarios requiring
reasoning and contextual interpretation, making it
highly suitable for defense mechanism detection.

Parameter-Efficient Fine-Tuning. Fine-tuning
large language models (LLMs) is computationally
demanding. Parameter-efficient fine-tuning (PEFT)
techniques, such as LoRA (Hu et al., 2021), allow
for effective model adaptation by updating only a
fraction of the total parameters. These methods
significantly reduce resource requirements while
maintaining performance levels comparable to full
fine-tuning, providing a scalable solution for spe-
cialized NLP tasks.

3 Dataset

We conduct our experiments on the PSYDEF-
CONV dataset (Na et al., 2026b), released as part
of the shared task on psychological defense un-
derstanding in conversations. The dataset is con-
structed from a subset of the ESConv corpus (Liu
et al., 2021) and contains multi-turn emotional sup-
port dialogues annotated using the Defense Mecha-
nism Rating Scales (DMRS) (Perry, 1990).

Statistic Value
Total Dialogues 200
Total Utterances 4,709
Annotated Utterances 2,336
Number of Classes 9

Table 1: Overview of the PSYDEFCONV dataset.

The task is formulated as a 9-class classifica-
tion problem, where each instance consists of a
target utterance and its preceding dialogue context.
The labels correspond to hierarchical levels of de-
fensive functioning, ranging from no defense to
high-adaptive defenses, along with an additional
category for ambiguous cases requiring more con-
text.

Following the shared task setup, we have used
the provided train, validation, and test split. The
task is particularly challenging due to its context
dependency, subtle inter-class variations, and the
presence of ambiguous instances.

4 Methodology

We propose a generative supervised fine-tuning
(SFT) framework as shown in figure 1 to model psy-
chological defense classification as a conditional
text generation task. A pre-trained causal language
model (Gemma-2-2B) is adapted using parameter-
efficient fine-tuning (PEFT) to predict defense la-
bels given conversational context.

4.1 Data Processing
To preserve class distribution, we perform a strati-
fied 80/20 train-validation split. Due to class imbal-
ance, we apply random oversampling to minority
classes up to a fixed target size, while retaining
all samples from majority classes. This strategy
improves representation of rare defense categories
without discarding useful data.

4.2 Model and Fine-Tuning
We adopt a 4-bit quantized QLoRA setup for effi-
cient training. Low-rank adapters are injected into
all linear projection layers, enabling task adapta-
tion with minimal parameter updates. Quantiza-
tion significantly reduces memory usage, allowing
fine-tuning on limited hardware while maintaining
performance.

4.3 Generative Formulation
Unlike conventional classifiers, we formulate the
task as next-token prediction. Each input is con-
structed using a chat-style template containing the
system prompt, dialogue context, and target utter-
ance. The model is trained to generate a single
token corresponding to the defense label.

To ensure proper supervision, tokens correspond-
ing to the input prompt are masked, and loss is
computed only on the generated label token. For
long sequences, a left-truncation strategy is applied
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Figure 1: Our proposed framework for the PsyDefDetect task

to preserve the target utterance and label within the
maximum sequence length. Since Gemma-2’s chat
template does not support a dedicated system role,
the system instruction is prepended directly into
the user turn. The full prompt template is provided
in Appendix B.

4.4 Training Strategy

We implement a manual training loop using Py-
Torch with gradient accumulation to achieve an
effective batch size of 16. Mixed precision train-
ing is employed to improve efficiency. A linear
warmup followed by cosine decay is used for sta-
ble optimization.

4.5 Inference and Evaluation

During inference, we use greedy decoding to gener-
ate the predicted label deterministically. A simple
post-processing step extracts the label token from
the generated output. Following the shared task
protocol, we report Macro-F1 score over classes
1–8, excluding the majority “No Defense” class to
ensure balanced evaluation.

5 Experimental Analysis

5.1 Experimental Setup

All experiments are conducted on cloud-based
GPU platforms (Kaggle and Google Colab) using
NVIDIA T4 GPUs. The hardware constraints mo-
tivate our use of 4-bit quantization and parameter-
efficient fine-tuning throughout.

We fine-tune Gemma-2-2B-IT via 4-bit QLoRA
using the Unsloth framework. LoRA adapters are
injected into all attention and feed-forward projec-
tion layers. Training uses a manual PyTorch loop
with AdamW optimization, cosine decay schedul-
ing with linear warmup, and gradient clipping. To

address class imbalance, minority classes are over-
sampled to a fixed target count prior to training.

To isolate the contribution of the generative refor-
mulation, we additionally train DeBERTa-v3-base
as a discriminative sequence classifier under identi-
cal data conditions. The dialogue context and target
utterance are encoded as a sentence pair with left-
truncation applied to the context side. This model
serves as an internal comparison point and is dis-
tinct from the organizer-provided official baseline.

Both systems are trained and evaluated on the
same stratified 80/20 split of the official training
data, with final evaluation performed on the offi-
cial blind test set. Full hyperparameters for both
systems are listed in Appendix A.

5.2 Results

Our system achieves an official Macro-F1 of
0.2475 on the blind test set (LB1), ranking 12th
out of 21 registered teams. Table 2 presents a full
comparison across all evaluation metrics.

Table 2: Comparison of model performance met-
rics(Accuracy, Precision, Recall and F1-score) on the
official test set.

Model Acc. Prec. Rec. F1

Official Baseline* 0.6483 0.3397 0.3045 0.3148
DeBERTa-v3-base 0.5500 0.1202 0.1636 0.1376
Proposed Framework 0.5508 0.2669 0.2351 0.2475

*Organizer-provided baseline from official leaderboard.

The proposed generative system substantially
outperforms the discriminative DeBERTa-v3-base
encoder across all metrics, with a Macro-F1 gain
of +0.11, suggesting that reformulating defense
classification as conditional text generation better
captures the implicit and context-dependent nature
of psychological defenses. The gap relative to the
official baseline reflects the inherent difficulty of
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the task under limited computational resources, and
points toward larger generative models as a promis-
ing direction for future work.

6 Conclusion

In this work, we presented a generative super-
vised fine-tuning framework for psychological de-
fense mechanism classification in conversational
data. By reformulating the task as conditional
text generation and leveraging parameter-efficient
fine-tuning with 4-bit quantization, we successfully
adapted a causal language model to capture context-
dependent psychological cues.

Experimental results demonstrate that the pro-
posed method is competitive with standard discrim-
inative baselines while offering improved flexibility
in modeling implicit and nuanced defense behav-
iors. Future work will explore larger-scale models,
improved context modeling strategies, and more
robust decoding mechanisms to further enhance
performance on psychologically grounded conver-
sational tasks.

7 Limitations

Our approach has several limitations. First, the
model relies on generative decoding, which intro-
duces slight variability in outputs and may require
strict post-processing to ensure valid label predic-
tion. Second, the use of a relatively small causal
language model (Gemma-2-2B) limits the capacity
to capture highly complex conversational nuances
compared to larger models. Third, class imbalance
handling via oversampling may introduce redun-
dancy and potential overfitting to minority classes.
Finally, the reliance on fixed prompt templates
may reduce generalization to unseen dialogue struc-
tures.
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A Hyperparameters

Table 3 details the hyperparameters for repro-
ducibility, including the LoRA adapters and the
4-bit quantization setup.

Table 3: Detailed training and model configurations for
reproducibility.

Hyperparameter DeBERTa-v3-
base

Gemma-2-2B +
QLoRA

Learning rate 2e-5 1e-4
Effective batch size 8 16
Epochs 5 3
Weight decay 0.01 0.01
Max sequence length 512 1024
Quantization — 4-bit NF4
LoRA rank — 16
LoRA alpha — 32
LoRA dropout — 0.05
Warmup ratio — 0.05
Grad clip norm — 1.0
Oversampling target — 400/class
Precision fp32 bf16/fp16
Random seed 42 42

B Prompt Template

The following template is used to construct the
input for both training and inference. During train-
ing, the assistant turn contains the gold label digit;
during inference, the generation prompt cue is ap-
pended and the assistant turn is left empty for the
model to complete.

[User]:
You are a clinical psychology expert
specializing in defense mechanism analysis.
Classify the psychological defense level
of the FINAL seeker utterance based on the
conversation history provided.

Defense Level Reference:
0 = No Defenses
1 = Action Defenses (Passive Aggression,

Help-Rejecting Complaining, Acting Out)
2 = Major Image-Distorting (Splitting,

Projective Identification)
3 = Disavowal Defenses (Denial,

Rationalization, Projection, Autistic
Fantasy)
4 = Minor Image-Distorting (Devaluation,

Idealization, Omnipotence)
5 = Neurotic Defenses (Repression,

Dissociation, Reaction Formation,
Displacement)
6 = Obsessional Defenses (Isolation of

Affect, Intellectualization, Undoing)
7 = High-Adaptive Defenses (Affiliation,

Altruism, Anticipation, Humor, Self-Assertion,
Sublimation, Suppression)
8 = Needs More Information

Rules:
- Read the full conversation for context.
- Focus on the TARGET utterance’s defensive
style, not the supporter’s.
- Respond with ONLY a single digit (0-8). No
explanation, no punctuation.

— Conversation History —
[Speaker]: [utterance]
[Speaker]: [utterance]
...

— Target Utterance [Seeker] —
[target utterance text]

What is the defense level? Respond with
ONLY a single digit (0-8):

[Assistant]:
{label digit}
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