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Abstract

We describe the Meronym Labs system for
the CLPsych 2026 shared task. Our approach
uses retrieval-augmented in-context learning
with frozen LLMs throughout, requiring no
fine-tuning. Tasks 1 and 2 use a single
Qwen 3.5 27B call per post/timeline with static
and dynamically retrieved examples. Task 3.1
uses a five-agent agentic pipeline including
rule-based agents for change type and direc-
tion, LLM agents for dynamics extraction
and summary writing, and a validator all aug-
mented with NLI-based candidate re-ranking
and iterative contradiction reduction. The sys-
tem ranked 1st on Task 1.2 (RMSE 0.917)
and Task 3.1 (score rank average 4.00), 3rd

on Task 1.1 (F1 0.420), and 8th on Task 2
(F1 0.466).

1 Introduction

The CLPsych 2026 shared task asks participants to
model dynamic mental health changes through so-
cial media timelines, building on the MIND frame-
work (Atzil-Slonim, 2025, 2026) that conceptu-
alises self-states as combinations of Affect, Be-
haviour, Cognition, and Desire (ABCD) compo-
nents. The task comprises four subtasks: ABCD
subelement classification (Task 1.1), self-state pres-
ence rating (Task 1.2), moments-of-change de-
tection (Task 2), and sequence summarisation
(Task 3.1). We participated in all four subtasks
with a unified architecture and nono fine-tuning.
Every system is a frozen LLM conditioned at in-
ference time through in-context learning (ICL)
and retrieval-augmented generation (RAG). This
choice was motivated by three considerations. First,
the training set was small (236 annotated posts,
30 timelines, 74 change sequences), making fine-
tuning of billion-parameter models impractical.
Second, the ABCD schema is complex (32 subele-
ment codes across two valences and six element
types), but can be fully specified in a prompt. Fi-

nally, post text is clinically sensitive, and ICL al-
lows all inference to run locally without transmit-
ting data to external services.

2 Related Work

Mental health NLP has a rich history of analysing
social media to detect psychiatric conditions
(De Choudhury et al., 2013; Coppersmith et al.,
2014; Chancellor and De Choudhury, 2020), with
CLPsych shared tasks progressively addressing
suicidality risk (Zirikly et al., 2019), longitudi-
nal mood change (Tsakalidis et al., 2022), and
ABCD-grounded self-state dynamics (Tseriotou
et al., 2025). Top-performing systems at recent
editions have combined ICL with retrieval-based
example selection (Uluslu et al., 2024; Antony
and Schoene, 2025), a direction well-supported by
broader work on RAG (Lewis et al., 2020) and ICL
(Brown et al., 2020; Min et al., 2022) in clinical
NLP settings (Agrawal et al., 2022). Our automated
prompt-tuning loop builds on LLM-as-judge evalu-
ation (Zheng et al., 2023) and iterative prompt opti-
misation (Pryzant et al., 2023; Yang et al., 2023).

3 Infrastructure

All systems run on three NVIDIA A40 GPUs
(46 GB each) via a local Ollama server. Tasks 1
and 2 use Qwen 3.5 27B (Qwen Team, 2025), a
dense 27-billion-parameter model, with thinking
mode disabled (temperature 0.1, max 4,096 out-
put tokens). Task 3.1 uses Gemma 4 31B (Gemma
Team, 2025) with thinking mode disabled (temper-
ature 0.2, max 900 tokens). We disabled think-
ing mode, because the Ollama chat API returned
an empty content field and routed all output to a
separate thinking field inaccessible to the pipeline.
Semantic retrieval uses Nomic Embed Text (Nuss-
baum et al., 2024), a 768-dimensional embedder
on the same Ollama server, over a persistent Chro-
maDB index with HNSW indexing (Malkov and
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Yashunin, 2018) and cosine similarity. All infer-
ence runs locally; post text and gold labels are never
transmitted to an external service. The only excep-
tion is the Task 2 prompt-tuning loop (Section 4.2),
in which only aggregate error statistics (scalar F1,
precision, and recall counts) and the current prompt
text are sent externally. No shared-task data ever
leaves local hardware. This includes post content,
individual labels, and any record from which a post
or annotation could be reconstructed. The external
API was used purely as a prompt-rewriting tool
conditioned on numeric summaries, so this usage
is consistent with the CLPsych 2026 Data Access
Form, which restricts the transmission, storage, and
processing of the dataset itself by external services.

4 System Description

We refer the reader to Ali et al. (2026) for full
definitions and evaluation metrics for each task.

4.1 Tasks 1.1 and 1.2

The schema treats subelement classification
(Task 1.1) and presence rating (Task 1.2) as facets
of the same prediction, so both outputs are pro-
duced in a single LLM call per post. Figure 1
shows the pipeline.

Prompt design:The six-part prompt contains:
(1) a system message embedding the MIND frame-
work and classification rules; (2) the full 32-code
ABCD sub-element table from the task guide-
lines; (3) the exact 1–5 presence scale defini-
tions; (4) three static gold examples chosen once
at startup, covering a maximally adaptive post, a
maximally maladaptive post, and a clearly mixed
post; (5) two dynamic RAG examples retrieved per
post by cosine similarity from ChromaDB; and
(6) the target post with a JSON output schema. The
static examples teach the model the range of cor-
rect outputs; the RAG examples teach it what simi-
lar posts have been labelled by human annotators.
This combination keeps prompt length bounded
while providing both distributional coverage and
instance-specific guidance.

Post-validation: A deterministic layer strips any
<think> blocks from the response, extracts the
JSON output (fenced block or first balanced-brace
pair), validates every sub-element code against the
expected schema (e.g. adaptive Affect codes must
belong to {1, 3, 5, 7, 9, 11, 13}), clamps Presence
to [1, 5], and drops invalid entries.

Input post (raw social media text)

↓
RAG retrieval

Nomic Embed Text v2
(via Ollama)

↓
ChromaDB index
236 training posts

cosine kNN, HNSW

↓
top-2 similar posts

with gold ABCD labels

Static gold examples
Selected once at startup:

1. Strongly adaptive post
2. Strongly maladaptive post

3. Mixed (both present)
Teach the model the
full range of outputs

↘ ↙
Prompt assembly ≈2,400 tokens

1⃝ System message + MIND framework rules
2⃝ ABCD subelement table (32 codes, both valences)
3⃝ Presence rating scale (1–5 with definitions)
4⃝ 3 static gold examples (from right path)
5⃝ 2 RAG examples (from left path)
6⃝ Target post text + JSON output schema

↓
Qwen 3.5 27B (Ollama, local)

τ = 0.1 max_tokens = 4,096 ∼8–15 s/post

↓
Post-validation

Strip <think> blocks → extract JSON → validate subelement codes
→ clamp presence to [1, 5]

↓
Output: ABCD subelements (Task 1.1) + presence

scores (Task 1.2)

Figure 1: Overview of the Task 1 pipeline.

4.2 Task 2: Moments of Change

Our Task 2 pipeline has two stage. Stage 1 es-
timates per-post well-being, where gold scores
are used directly in training mode; otherwise
Qwen 3.5 27B assigns a GAF-rescaled 1–10 score
from an anchored prompt designed to counteract
the model’s bias toward outputting 7. Stage 2
passes all post texts and well-being scores in a
single timeline-level LLM call, returning per-post
JSON labels with definitions for both change types,
eleven linguistic escalation triggers, and instruc-
tions to scan every 3-, 4-, and 5-post window. The
Stage 2 prompt was produced by an automated
loop: eight iterations on a 50-post development
sample, where aggregate F1 statistics (not post
text or labels) were sent to Claude Sonnet 4 via
API to rewrite the prompt, accepting only improve-
ments. Escalation recall rose from 0.17 (rule-based)
to 0.65 (LLM-first) to 0.92 (auto-tuned); Table 1
shows the full progression.
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Variant Sw F1 Esc F1 Comb. Esc R

v1: rule + LLM verify 0.507 0.241 0.394 0.17
v2: LLM-first, hybrid switch 0.593 0.583 0.512 0.65
v2 + auto-tune (i7) 0.743 0.654 0.699 0.92

Submitted (full test set) 0.423 0.597 0.466 0.71

Table 1: Task 2 ablation. Rows 1–3: 50-post development sample. Row 4: official test-set submission.

4.3 Task 3.1: Sequence Summarisation

We made three Codabench submissions for
Task 3.1, each building on the previous, with
Gemma 4 31B as the generator throughout.

Submission 1 (CS 0.7464) Five specialist mod-
ules operate in sequence and two rule-based agents
deterministically derive change type (Switch vs.
Escalation) and direction (improvement vs. deteri-
oration), offloading structural reasoning from the
LLM. A DynamicsExtractor call returns structured
JSON covering the central theme, temporal phases,
and ABCD dynamics. A SummaryWriter com-
poses a ≤350-word summary conditioned on these
outputs and three ChromaDB-retrieved gold exem-
plars, whiel a rule-based Validator checks word
count, ABCD tag coverage (≥0.85), and explicit
naming of change identity and direction, routing
failures to a targeted reviser. Our analysis of the
training-to-test gap identified contradicting sen-
tences as the dominant failure mode, motivating
Submission 2.

Submission 2 (CS 0.7874) We added two com-
ponents, where the four candidate summaries
generated at temperatures {0.1, 0.3, 0.5, 0.7} are
reranked by DeBERTa-v3-large (He et al., 2023)
NLI scores against gold exemplars. A CT-Reducer
then rewrites sentences whose contradiction score
exceeds 0.4 using targeted strategies (verb-swap,
hedging, universal-removal), reducing CT by 0.13
relative to Submission 1.

Submission 3 (CS 0.8007, best) Here, our anal-
ysis revealed two failure modes, where 12% of
sentences exceeded contradiction 0.5 but escaped
the 0.4 threshold, and five of the ten worst sen-
tences were formulaic openers scored as contradict-
ing gold summaries. We addressed this in two addi-
tional passes address by re-writing regex-detected
openers that are anchored in post evidence, and the
CT-Reducer threshold is lowered from 0.4 to 0.25.

4.4 Task 3.2: Recurrent Dynamic Signatures
Our approach uses a map-reduce pipeline over the
74 training gold summaries with Gemma 4 31B.
The summaries are partitioned into improvement
and deterioration groups via keyword detection
with an LLM tiebreak, chunked into groups of
eight, and recurring ABCD patterns extracted per
chunk (map phase). Chunk-level patterns are then
synthesised into one signature per direction (reduce
phase), constrained to ≤90 words. The submitted
version adds multi-candidate generation (N = 5),
a hedging pass mirroring the CT-Reducer from
Task 3.1, and LLM-as-judge reranking.

5 Results

Tables 1, 2, and 3 present the full results. Table 1
shows the Task 2 ablation, Table 2 reports official
scores for Tasks 1 and 2, and Table 3 shows the
Task 3.1 progression across submissions. The gap
between adaptive (0.32) and maladaptive (0.52)
subelement F1 on Task 1.1 is consistent with prior
findings on sentiment asymmetry in mental health
posts. For Task 2, the post-level macro F1 (0.510)
exceeds the timeline-level F1 (0.421) by a larger
margin than most competing teams, suggesting
the single-timeline-prompt design loses structural
coherence when predictions are aggregated. The
largest single gain on Task 3.1 came from NLI
reranking and CT-Reducer combined (+0.041 CS,
−0.128 CT, Sub 1 to Sub 2).

6 Discussion

The Task 3.1 rank 1 result is notable because our
system did not lead on any single metric, but
achieved the best score rank average by being con-
sistently strong across all four. Teams that led on
individual metrics (e.g. Aurevia, 1st on CS but 11th

on ROUGE-L and BERTScore) fell off on others,
suggesting that optimising for a single metric is
insufficient for this task. For Task 2, the largest per-
formance jump came from replacing the rule-based
escalation detector with a linguistically grounded
prompt, as the signal is present in word choice and
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Input: Post sequence + Task 1 ABCD predictions +
Task 2 Switch/Escalation labels

↓
Submission 1: Agentic pipeline CS = 0.746

Rule-based agents: LLM agents
(Gemma 4):

1. ChangeTypeDetector: Switch
vs. Escalation from Task 2 labels

3. DynamicsExtractor: structured
JSON of central theme, temporal
phases, ABCD dynamics

2. DirectionAnalyzer: improve-
ment vs. deterioration from
∆presence scores

4. SummaryWriter: ≤350-word
prose from agents 1–3 + 3 Chro-
maDB gold exemplars

5. Validator (rule): word count ≤350 · ABCD tag coverage ≥85% ·
change type + direction stated · failures → targeted LLM reviser

↓
Submission 2: + NLI reranking + CT-Reducer CS =

0.787

A. Generate 4 candidate summaries at τ ∈ {0.1, 0.3, 0.5, 0.7}
from the same plan.

B. Rerank with DeBERTa-v3-large NLI scores against retrieved gold;
select lowest contradiction.

C. CT-Reducer: rewrite sentences with mean contradiction > 0.4
(verb-swap, hedging, universal-removal). Accept only if same-content

check passes.

↓
Submission 3: + CS-Booster CS = 0.801 Rank 1 / 13

D. Rewrite formulaic opener sentences (e.g. “the central theme
revolves around. . . ”) with evidence from actual posts (4 of 19

replaced).

E. Lower CT-Reducer threshold from 0.4 to 0.25, firing 224
additional rewrite calls (∼30 min).

↓
Output: Structured change summary (≤350 words)
with ABCD vocabulary, change type, direction, and

psychological dynamics

Figure 2: Overview of Task 3.1 pipeline.

tone rather than numeric well-being thresholds. For
Task 3.1, each submission improved by targeting a
specific failure mode from prior outputs, with each
CS and CT gain accompanied by a small ROUGE-
L regression as rewriting moved text away from
gold summary phrasing. Post-deadline scaling ex-
periments with DeepSeek-R1 70B suggest that gen-
erator size alone does not drive summary quality;
gains came instead from post-hoc NLI reranking
and iterative contradiction reduction (Appendix A).

7 Conclusion

We presented a retrieval-augmented in-context
learning system for the CLPsych 2026 shared task
that achieves competitive results across all four
submitted subtasks without any fine-tuning. The
system ranked 1st on Task 1.2 (presence rating) and
Task 3.1 (sequence summarisation), 3rd on Task 1.1

Task 1.1: Subelement Classification (Rank 3 / 17)

Avg. Subelement Macro F1 (ranking) 0.4197
Adaptive Subelement F1 0.3228
Maladaptive Subelement F1 0.5166

Avg. Element Presence Macro F1 0.6383

Task 1.2: Presence Rating (Rank 1 / 17)

Avg. RMSE (ranking) 0.9167
Adaptive RMSE 1.0000
Maladaptive RMSE 0.8333

Quadratic Weighted κ 0.6774
Spearman ρ 0.6973
MAE 0.6667

Task 2: Moments of Change (Rank 8 / 18)

Combined Post+Timeline Macro F1 (ranking) 0.4655
Post-level Macro F1 0.5098

Switch F1 0.4231
Escalation F1 0.5965

Timeline-level Macro F1 0.4212

Baselines (combined macro F1)
TempoFormer 0.5721
Llama-3.1-8B + Task 1.1 input 0.3648
Llama-3.1-8B zero-shot 0.2722

Table 2: Tasks 1 and 2 official results with valence
breakdown and baseline comparisons.

(subelement classification), and 8th on Task 2 (mo-
ments of change). Key design choices included
combining static diversity examples with dynamic
retrieval for structured prediction, automated LLM-
driven prompt optimisation for change detection,
and iterative NLI-guided contradiction reduction
for summarisation. These results demonstrate that
frozen LLMs with well-designed prompts and re-
trieval can match or exceed fine-tuned approaches
in low-resource clinical NLP settings.

Limitations

The Task 2 auto-tuned prompt produced a score
of 0.466 on the official submission but 0.427 on
a later resubmission of the same predictions, in-
dicating instability the leaderboard position alone
does not reflect. The adaptive presence RMSE
on Task 1.2 was 1.00 compared to 0.83 for mal-
adaptive, suggesting the prompt examples do not
adequately cover the range of adaptive state pre-
sentations. Task 3.2 yielded weak results, with
the map-reduce approach failing to capture cross-
sequence patterns for improvement trajectories in
particular.

Ethics Statement

This work analyses social media posts from
individuals experiencing mental health difficul-
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System CS↑ CT↓ RL↑
Development set (74 sequences)

Single-call RAG 0.763 0.744 0.374
Agentic v1 0.772 0.726 0.297

Official test set (19 sequences)
Sub 1: Agentic 0.746 0.801 0.293
Sub 2: +NLI +CT-Red 0.787 0.673 0.282
Sub 3: +CS-Boost 0.801 0.659 0.266

Official ranking (Rank 1 / 13, Score Rank Avg = 4.00)
CS (consistency) 0.801 Rank 3 / 13
CT (contradiction) 0.659 Rank 3 / 13
ROUGE-L recall 0.266 Rank 6 / 13
BERTScore recall 0.345 Rank 4 / 13

Table 3: Task 3.1 ablation across submissions and offi-
cial per-metric ranking.

ties. All data was provided through the official
CLPsych 2026 shared task under institutional data
use agreements. All inference ran on local hard-
ware; post text and gold labels were never trans-
mitted to external services. The sole exception
was the Task 2 prompt-tuning loop, where only
aggregate error statistics and prompt text (not post
content, individual labels, or any reconstructable
record) were sent to an external API for prompt
rewriting. We confirm that this usage complies
with the CLPsych 2026 Data Access Form: the
shared-task dataset was never transmitted to, stored
by, or processed by any external service, and the
API received only scalar performance summaries
that disclose nothing about any individual post or
annotation. We recognise that automated mental
health assessment systems can carry multiple risks,
including but note limited to misclassification and
should not be used as standalone diagnostic tools.
The systems described here are research prototypes
evaluated in a shared task setting. To support re-
producibility, the full prompts used across all sub-
tasks are available from the corresponding author
upon reasonable request. These prompts contain
no shared-task data.
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A DeepSeek-R1 70B Model Comparison

Table 4 compares the Task 3.1 agentic pipeline
(Submission 1 architecture) using Gemma 4 31B
(submitted) vs. DeepSeek-R1 70B (post-deadline
experiment) on the full 74-sequence training set.
Metrics are from a local proxy evaluator; offi-
cial CS/CT/BERTScore were not computed for the
DeepSeek run.

Metric Gemma 4 31B DeepSeek 70B

Summary quality (proxy)
ROUGE-L 0.285 0.277
Unigram F1 0.523 0.513
Mean word count 262.4 238.4

Structural compliance
ABCD tag coverage 1.000 1.000
Identity correct 100% 100%
Direction stated 98.6% 100%
Over 350 words 0% 0%

Pipeline reliability
Tag repair needed — 27 / 74
JSON parse failures — 4 / 74

Infrastructure
Hardware 3× A40 2× L40S
Runtime (74 seq.) ∼38 min ∼5.5 hours
CPU offload No 24%

Table 4: Gemma 4 31B vs. DeepSeek-R1 70B on the
Task 3.1 agentic pipeline (training set, 74 sequences).
The 70B model does not improve proxy metrics despite
8× runtime.
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