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Abstract

Detecting psychological defense mechanisms
in therapy dialogue is a clinically valuable
but computationally underexplored task. We
present our systematic analysis for PsyDefDe-
tect, a shared task at BloONLP@ACL 2026,
which frames defense detection as a nine-
class utterance-level classification problem
based on the Defense Mechanism Rating
Scale (DMRS). We systematically evaluate
six open-source, instruction-tuned small lan-
guage models (SLMs, <9B parameters) in
zero-shot and fine-tuning settings, and com-
pare a clinically-grounded prompt against the
organizer-provided baseline. Our official sub-
mission achieved 59.96% accuracy and 16.28%
Macro F1. Post-submission experiments show
that fine-tuning combined with 5-fold cross-
validation and logit averaging ensemble sub-
stantially improves performance, with the best
configuration reaching 34.59% Macro F1 and
65.25% accuracy. We find that clinically-
grounded prompts outperform bare label defi-
nitions, model scale does not consistently im-
prove zero-shot performance, and fine-tuning
dramatically recovers even collapsed zero-shot
models. Certain defense tiers remain persis-
tently difficult across all settings, pointing to
clinical ambiguity at tier boundaries as a more
fundamental bottleneck than data imbalance
alone.

1 Introduction

Natural language processing is increasingly applied
to understand different characteristics from client
language in clinical interactions (Voultsiou and
Moussiades, 2026; Na et al., 2025). However, many
clinically meaningful constructs remain difficult
to model computationally, such as, psychological
defense mechanisms. Defense mechanisms are un-
conscious strategies that individuals use to manage
internal conflict and distress. Accurate identifi-
cation of defenses can improve case formulation

and therapeutic outcomes. The Defense Mecha-
nism Rating Scale (DMRS) provides a structured
framework for this task. It organizes defenses into
hierarchical levels based on adaptiveness (Perry
and Henry, 2004).

The PsyDefDetect shared task (Na et al., 2026a)
operationalizes this problem as a nine-class classi-
fication task, based on the DMRS tiers. The task is
challenging by design: the dataset is small, the la-
bel distribution is severely imbalanced (up to 34.6 x
between majority and minority classes), and the tier
boundaries require clinical judgment to distinguish.
These challenges motivate a systematic study of
how small-scale LL.Ms handle this task.

Our main contributions are as follows:

* A systematic zero-shot evaluation of six small-
scale LLMs comparing a clinically-grounded
prompt against the organizer-provided base-
line, revealing that behavioral tier descriptions
consistently outperform bare label definitions,
and that larger model size does not consis-
tently improve fine-grained clinical classifica-
tion.

* A fine-tuning pipeline combining clinically-
grounded DMRS prompt design, dialogue-
grouped cross-validation, and ensemble strate-
gies for robust low-resource clinical classifi-
cation.

* A brief error analysis examining per-tier clas-
sification difficulty, model confusion patterns
across clinically similar defense levels, and
the effect of class imbalance on minority tier
detection.

2 Task and Data

The task uses PSYDEFCONYV (Na et al., 2026b), a
dataset of emotional support dialogues annotated
with DMRS defense levels. Each instance con-
sists of a multi-turn dialogue and a target utterance
produced by the help-seeker, which is assigned
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one of eight DMRS defense levels, or flagged as
requiring more information (L8: Needs More Infor-
mation) when the dialogue context is insufficient
for a confident classification. The official training
set contains 1,864 samples, and the official test set
contains 472 samples. The dataset exhibits severe
class imbalance, with the "Highly Adaptive" tier
(L7) comprising 51.9% of training samples, while
the rarest class, "Needs More Information" (L8),
accounts for only 1.5%, depicting an overall imbal-
ance ratio of 34.6x. Table 1 presents the full label
distribution.

1D Label Count %
LO No Defense 296 15.9
L1 Action 108 5.8
L2 Maj. Image-Distort 61 33
L3 Disavowal 99 53
L4 Min. Image-Distort 84 4.5
L5 Neurotic 48 2.6
L6 Obsessional 172 9.2
L7 High-Adaptive 968 51.9
L8 Needs More Info 28 1.5
Total 1,864 100.0

Table 1: Training set label distribution. Imbalance ratio
is computed relative to the majority class (L7).

3 Methodology
3.1 Model Selection

We evaluate six open source, instruction tuned
LLMs with at most 9B parameters, selected to
cover a range of model families, scales, and
pretraining objectives. From the Gemma fam-
ily, we include Gemma3-1B-it and Gemma2-9B-it
(Team et al., 2024). From the Llama fam-
ily, we include Llama-3.1-8B-Instruct and
Llama-3.2-1B-Instruct (Grattafiori et al., 2024).
From the Qwen3 family, we include Qwen3-1.7B
and Qwen3-8B (Yang et al., 2025). We primarily
focus on general-purpose decoder-only models, as
their instruction-following capability enables zero-
shot evaluation without task-specific adaptation,
which is central to our prompt design comparison.

3.2 Prompt Design

We compare two prompt variants. The organizer-
provided baseline prompt (Variant A) presents
the task instruction alongside bare label names
and their constituent defense mechanisms. Our
clinically-grounded prompt (Variant B) replaces
these with behavioral descriptions derived from the
DMRS manual (Perry and Henry, 2004), providing

the model with observable verbal cues for each tier.
For example, the Disavowal tier is described as:
the speaker denies an obvious reality, externalizes
blame, justifies behavior with plausible-sounding
logic, or retreats into elaborate private fantasy.
Full prompt texts are provided in Appendix 5.

3.3 Zero-Shot Evaluation

We evaluate all six models in a zero-shot setting
using both prompt variants. Each model receives
the full dialogue context and target utterance, and is
required to output a single digit (0-8) with no exam-
ples or additional guidance. We compare Variant A
and Variant B across all models to assess the effect
of clinically-grounded prompt design on zero-shot
classification performance.

3.4 Finetuning

We fine-tune three models: Qwen3-1.7B,
Gemma3-1B-IT and Llama-3.2-1B-Instruct.
All models are trained using standard causal lan-
guage modeling loss with the clinically-grounded
prompt (Variant B) as the input format. To prevent
data leakage across dialogue turns, we apply 5-fold
stratified cross-validation grouped by dialogue ID,
ensuring that all utterances from the same dialogue
appear in the same fold. All models are trained
with a learning rate of 5e-5 with cosine decay to
5e-6, a warmup ratio of 0.1, and a batch size of 4
(effective 16 with gradient accumulation). Training
runs for up to 8 epochs with early stopping
patience of 2 epochs based on validation Macro
F1, and a weight decay of 0.01.

3.5 Ensemble Strategies

Given the 5-fold cross-validation setup, we explore
three ensemble strategies over the fold checkpoints:

* Logit Averaging: Raw output logits are av-
eraged across all five folds before taking the
argmax.

* Majority Vote: The most frequent predicted
label across folds is selected, with ties broken
by logit confidence.

* Best Single Fold: The highest-performing in-
dividual fold checkpoint is used alone, serving
as a non-ensemble baseline.

3.6 Evaluation Metrics

We report three metrics for all experiments. Macro
F1 is our primary metric, as it weights all classes
equally regardless of support, directly capturing
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Variant A (Baseline) Variant B (Clinical)
Model Acc F1 MAE Acc F1 MAE
Qwen3-1.7B 25.85 12.17 2.32 34.32 14.57 2.77
Qwen3-8B 22.67 11.16 3.97 29.24 13.63 3.23
Gemma3-1B-it 18.97 8.01 345 21.17 12.10 3.01
Gemma2-9B-it 28.97 15.01 4.29 31.14 18.79 3.10
Llama-3.2-1B-Instruct 10.41 7.14 4.21 9.75 6.93 3.46
Llama-3.1-8B-Instruct 15.77 10.79 2.47 16.74 12.41 2.23

Table 2: Zero-shot results under Variant A (organizer-provided baseline) and Variant B (clinically-grounded)
prompts on the official test set. Accuracy and Macro F1 (F1) are given in percentage(%) values. Best Macro F1 per

model is bolded.

performance on minority tiers. Accuracy measures
overall correctness but is susceptible to majority-
class bias given the severe class imbalance. Mean
Absolute Error (MAE) treats the DMRS tiers as
an ordinal scale and penalizes predictions propor-
tionally to their distance from the true tier, which is
clinically meaningful given the hierarchical struc-
ture of the DMRS.

4 Results and Analysis
4.1 Zero-Shot Results

Table 2 presents the zero-shot performance of all
six models under both prompt variants. Variant
B (clinically-grounded) consistently outperforms
Variant A (baseline) across most models in terms of
Macro F1, demonstrating the benefit of behavioral
descriptions over bare label names for this task.

4.2 Fine-Tuning and Ensemble Results

Table 3 presents the test set performance of the
three fine-tuned models under three ensemble
strategies and our leaderboard submission. Our
official leaderboard submission was based on a
fine-tuned Qwen3-1.7B model, achieving 59.96%
accuracy and 16.28% Macro F1. Ensembling con-
sistently improves over the best single fold across
all models, with logit averaging and majority vote
yielding comparable results. The results reported
here reflect post-submission experiments with im-
proved methodology. The official submission used
the organizer-provided baseline prompt (Variant
A) and was fine-tuned on a 75/15/15 train/valida-
tion/test split of the training set, as the official test
set was not available during the submission pe-
riod. Post-submission, we adopted the clinically-
grounded prompt (Variant B), applied 5-fold cross-
validation grouped by dialogue ID, and evaluated
on the released test set, which accounts for the
substantial improvement from 16.28% to 34.59%
Macro F1.

Model Strategy Acc F1 MAE
Logit Avg 65.25 3459 0.94
Qwen3-1.7B* Maj. Vote 63.35 3129 1.15
Best Fold 5890 3347 1.28
Logit Avg 65.25 3421 1.16
Llama-3.2-1B'  Maj. Vote 63.14 3374 1.25
Best Fold 59.98 32.63 1.33
Logit Avg 59.75 27.85 1.34
Gemma3-1B-it'  Maj. Vote 56.89 26.51 1.38
Best Fold 59.30 2946 1.35
Qwen3-1.7B2 Official Sub. 59.96 16.28 245

Table 3: MAE = Mean Absolute Error. Accuracy and
Macro F1 (F1) are given in percentage(%) values.!Post-
submission Fine-tuning and ensemble experiment re-
sults on the official test set. 2Official leaderboard sub-
mission.

4.3 Analysis

Effect of Model Scale in Zero-Shot setting:
Larger models do not consistently outperform
smaller ones in zero-shot. Within the Qwen3 fam-
ily, the 1.7B model (F1=14.57%) outperforms the
8B model (F1=13.63%). In the Gemma and Llama
families, larger models do improve over their
smaller counterparts, but only modestly (+6.69pp
and +5.48pp respectively). This reflects the highly
specialized nature of the task: DMRS tier classi-
fication requires expert clinical reasoning that is
not well-represented in general pretraining data,
limiting the benefit of additional parameters.

Per-Tier Difficulty and Class Learnability:
Across all models and settings, L2 (Major Image-
Distorting), L5 (Neurotic), and L6 (Obsessional)
remain the hardest tiers, with near-zero F1 in zero-
shot and modest improvement after fine-tuning,
as shown in Figure 1. These tiers are both low-
resource and clinically subtle, their boundaries re-
quire distinguishing between cognitively similar
defensive patterns (e.g., intellectualization vs. ratio-
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nalization), which current small models struggle to
capture reliably. LO (No Defense), by contrast, is
consistently well-learned across all fine-tuned mod-
els with F1 ranging from 77% to 91%, despite not
being the majority class. L7 (High-Adaptive), de-
spite comprising 51.9% of training samples, shows
more variable F1 (74%-81%) and is frequently
confused with L0, as evidenced by consistent off-
diagonal mass in the L7 row of the confusion matri-
ces (Appendix, Figure 17). L8 (Needs More Info)
shows partial recovery under fine-tuning, reaching
up to 33% F1 with logit averaging, likely because
its defining characteristic (insufficient context) is
more lexically identifiable than subtle tier distinc-
tions. Figure 17 further illustrates the per-tier im-
provement from zero-shot to fine-tuning. These
patterns suggest that class frequency alone does not
determine learnability, and that clinical ambiguity
at tier boundaries is a more significant bottleneck
than data imbalance.

Ordinal Proximity of Predictions: Despite
modest Macro F1 scores, models show meaning-
ful ordinal awareness after fine-tuning. Qwen3-
1.7B with logit averaging achieves an MAE of
0.9428, the only configuration to fall below 1.0
(Table 3). This indicates predictions are on aver-
age less than one DMRS tier away from the true
label. Llama-3.2-1B with logit averaging follows
closely with MAE = 1.1695. In contrast, zero-
shot models show substantially higher MAE, with
Llama-3.2-1B-Instruct reaching 3.4597, indicating
near-random tier assignment. This gap confirms
that fine-tuning not only improves exact classifica-
tion but also brings predictions significantly closer
to the correct tier on the ordinal scale.

Fine-Tuning Rescues Collapsed Zero-Shot Mod-
els: Llama-3.2-1B-Instruct nearly collapses in
zero-shot evaluation, achieving only 6.93% Macro
F1, effectively predicting low-tier labels for almost
all inputs. Similarly, Gemma3-1B-it achieves only
12.10% Macro F1 in zero-shot, with L2, L4, L5,
and L8 all at zero F1. Despite these failures, fine-
tuning brings Llama-3.2-1B to 32.63% Macro F1
(second best overall) and Gemma3-1B-it to 29.46%,
representing improvements of 4.7 x and 2.43 x re-
spectively. Qwen3-1.7B, which already performs
best in zero-shot among the fine-tuned models
(F1=14.57%), also benefits the most in absolute
terms, reaching 33.47% after fine-tuning. These
results demonstrate that zero-shot performance is
a poor predictor of fine-tuning potential, and that

even severely collapsed models can be effectively
adapted with task-specific training. Tables 2 and 3
show the detailed results.

Per-Class F1 Score Heatmap — Zero-Shot Models

Uama-31-884nstruct { 31.5% 12.9% 0.0% 24.4% 0.0%

6.2% 11.1% 256% 0.0%

LUama-3.2-18-nstruct | 35.6%  9.9% 57% 10.5% 0.0% 0.0% 0.0% 0.8% 0.0%

quen3-178{ 41.3% 9.5% 0.0% 15.9% 14.8% 0.0% 0.0% | 49.6% 0.0%

owen3-se{ 41.4% 182% 0.0% 19.0% 4.9% 0.0% 0.0% | 39.2% 0.0%

gemma-2-9b-it{ 43.2%  20.2% 22.2% 7.1% 26.9% 2.7% 43% | 423% 0.0%

gemma-3-1bt{ 45.5% 12.2% 0.0% 12.4% 0.0% 0.0% 82% 30.4% 0.0%

Acion  Majimg  Disavowal  Minimg  Neuotic  Obsess.  Hi-Adapt

Figure 1: Per-class F1 heatmap for all six zero-shot mod-
els. L2 (Major Image-Distorting), L5 (Neurotic), and
L6 (Obsessional) show near-zero F1 across all models,
reflecting both low support and high clinical ambiguity.

Ensemble Effect: Logit averaging consistently
outperforms majority vote and best single fold
across fine-tuned models. For Qwen3-1.7B, logit
averaging achieves F1=34.59% vs. 32.29% for ma-
jority vote and 33.47% for best single fold, con-
firming that aggregating probability distributions
across folds is more effective than hard-label vot-
ing. Llama-3.2-1B also showed competitive perfor-
mance by reaching 34.21% Macro F1, with similar
results for Majority Voting. On the other hand,
Gemma performed very inconsistent with its best
fold performance (29.46% F1) being better than
ensembling. Table 3 shows detailed results.

5 Conclusion

We presented a systematic study of small language
models for psychological defense mechanism clas-
sification under the DMRS framework. Across six
models in zero-shot and fine-tuning settings, we
find that task-specific fine-tuning combined with
logit averaging ensemble is the dominant factor in
performance, reaching 34.59% Macro F1 (Qwen3-
1.7B), nearly doubling the best zero-shot result of
18.79% (Gemma2-9B-IT). Model scale does not
consistently improve zero-shot performance, sug-
gesting that the task’s clinical specificity limits the
benefit of additional parameters. Certain defense
tiers, particularly L2, L5, and L6, remain persis-
tently difficult across all settings, pointing to clini-
cal ambiguity at tier boundaries as a fundamental
challenge beyond data imbalance.
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Limitations

Due to GPU constraints, fine-tuning is restricted
to models at or below 1.7B parameters. Ensem-
ble strategies are limited to fold-level aggregation
within each model, and all evaluations use a single
dataset, leaving generalization untested. A broader
exploration of prompt strategies, including few-
shot and chain-of-thought prompting, remains for
future work.
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Appendix

Variant A: Organizer-Provided Baseline
Prompt

You are a Defense Mechanism Rating Scale
(DMRS) specialist. Examine the dialogue
carefully and select the single most
appropriate defense tier. When multiple
defenses seem plausible, choose the
tier with the strongest supporting
evidence; if evidence is weak or
contradictory, default to ‘@‘ (No
defense).

Dialogue context: {conversation}
Target utterance: {current_text}

Labels:

0@ = No defense

1 = Action Defense Level (Acting Out /

Help-Rejecting Complaining / Passive

Aggression)

Major Image-distorting Defense Level

(Splitting / Projective Identification)

Disavowal Defense Level (Denial /

Projection / Rationalization / Autistic

Fantasy)

Minor Image-distorting Defense Level

(Devaluation / Idealization /

Omnipotence)

Neurotic Defense Level (Displacement /

Dissociation / Reaction Formation /

Repression)

Obsessional Defense Level

(Intellectualization / Isolation of

Affects / Undoing)

Highly Adaptive Defense Level

(Affiliation / Altruism / Anticipation

/ Humor / Self-Assertion /

Self-Observation / Sublimation /

Suppression)

8 = Need More Information

Return the label digit (©-8) ONLY. No
additional content is allowed.
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Variant B: Clinically-Grounded Prompt

You are a clinician trained in the Defense
Mechanism Rating Scale (DMRS; Perry,
1990). Analyze the dialogue and
identify the defense mechanism in the
target utterance based strictly on
observable verbal behavior.

Dialogue context: {conversation}
Target utterance: {current_text}
@ = No defense: The speaker communicates
directly with no defensive distortion.
Action: Acts on impulse, expresses
hostility indirectly, or repeatedly
seeks yet rejects help.

Major Image-distorting: Rigidly splits
others into all-good/all-bad, or
projects own feelings onto others.
Disavowal: Denies reality, externalizes
blame, justifies behavior with
plausible logic, or retreats into
fantasy.

Minor Image-distorting: Subtly
belittles self/others, idealizes
unrealistically, or expresses special
invulnerability.

Neurotic: Redirects emotion onto safer
target, shows emotional blankness,
expresses opposite of what is felt.
Obsessional: Detaches via abstract
reasoning, focuses on trivial details
to avoid affect, or attempts to undo
thoughts.

Highly Adaptive: Seeks support, acts
for others, plans ahead, uses humor
constructively, asserts needs calmly.
Need More Information: Defense is
suspected but insufficient evidence to
confirm any tier.

Return the digit (0-8) ONLY. No additional
content is allowed.
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Figure 2: Confusion matrix for Gemma3-1B-IT (Ze-
roshot).
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Figure 3: Confusion matrix for Gemma2-9B-IT (Ze-
roshot).
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Figure 4: Confusion matrix for Qwen-3-1.7B (Ze-
roshot).
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Figure 5: Confusion matrix for Qwen-3-8B (Zeroshot).
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Figure 6: Confusion matrix for Llama-3.1-8B-Instruct
(Zeroshot).
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Zero-Shot Confusion Matrix — Llama-3.2-1B-Instruct
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Figure 7: Confusion matrix for Llama-3.2-1B-Instruct
(Zeroshot)

Finetuned: Qwen3-1.7B — Best Fold (2)

Best Fold (2) | Macro F1=0.335
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Figure 8: Confusion matrix for Qwen3-1.7B (Best
Fold).

Finetuned: Gemma-3-1B-it — Best Fold (1)

Best Fold (1) | Macro F1=0.295
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Figure 9: Confusion matrix Gemma-3-1B-it (Best Fold).

Finetuned: Llama-3.2-1B-Instruct — Best Fold (2)

Best Fold (2) | Macro F1=0.326
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Figure 10: Confusion matrix for Llama-3.2-1B-Instruct
(Best Fold).

Finetuned: Qwen3-1.7B — Majority Vote

Majority Vote | Macro F1=0.323
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Figure 11: Confusion matrix for Qwen3-1.7B (Ensem-
bling - Majority Voting).
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Finetuned: Gemma-3-1B-it — Majority Vote

Majority Vote | Macro F1=0.265
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Figure 12: Confusion matrix for Gemma-3-1B-it (En-

sembling - Majority Voting).

Finetuned: Llama-3.2-1B-Instruct — Majority Vote

Majority Vote | Macro F1=0.337
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Figure 13: Confusion matrix for Llama-3.2-1B-Instruct

(Ensembling - Majority Voting).

Finetuned: Qwen3-1.7B — Logit Avg

Logit Avg | Macro F1=0.346
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Figure 14: Confusion matrix for Qwen3-1.7B (Ensem-

bling - Logit Averaging).

Finetuned: Gemma-3-1B-it — Logit Avg

Logit Avg | Macro F1=0.278
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Figure 15: Confusion matrix for Gemma-3-1B-it (En-

sembling - Logit Averaging).

Finetuned: Llama-3.2-1B-Instruct — Logit Avg

Logit Avg | Macro F1=0.342
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Figure 16: Confusion matrix for Llama-3.2-1B-Instruct

(Ensembling - Logit Averaging).
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Zero-Shot vs Finetuned — Per-Class F1 Score
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Figure 17: Per-class F1 comparison between the best zero-shot model (Gemma2-9B-IT) and the best fine-tuned
model (Qwen3-1.7B, logit averaging). Fine-tuning improves most tiers, though L2, L5, and L6 remain difficult.
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Figure 18: Per-class F1 comparison between Qwen3-1.7B and Qwen3-8B in zero-shot. The larger model underper-
forms on several tiers.

Scale Effect — Gemma: Small vs Large
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Figure 19: Per-class F1 comparison between Gemma3-1B-IT and Gemma2-9B-IT in zero-shot.
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Scale Effect — Llama3: Small vs Large
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Figure 20: Per-class F1 comparison between Llama-3.2-1B-Instruct and Llama-3.1-8B-Instruct in zero-shot.
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