Hierarchical Multi-Stage Modeling of Adaptive and Maladaptive
Self-States in Social Media Timelines

Abir Naskar and Mike Conway
School of Computing and Information Systems, University of Melbourne
Parkville, Melbourne, 3053, VIC, Australia
anaskar@student.unimelb.edu.au, mike.conway@unimelb.edu.au

Abstract

We address the CLPsych 2026 Shared Task on
modeling psychological self-states from lon-
gitudinal social media data. We propose (i) a
hierarchical multi-stage framework that inte-
grates a multi-task transformer encoder and (ii)
a four stage instruction-tuned large language
model finetuning pipeline for subelement clas-
sification, presence estimation, and evidence
extraction. Our approach incorporates element-
conditioned label masking and cross-stage en-
coder transfer, enabling structured prediction
aligned with the ABCD psychological frame-
work. Experiments show improvements over
the baseline on the development setup, with
RoBERTa achieving an 8.3% gain in macro-F1
and improved root mean square error (RMSE),
while a fine-tuned Qwen3 model attains the
best overall performance. These results demon-
strate the effectiveness of combining hierarchi-
cal multi-task learning with structured gener-
ation for interpretable mental health analysis.
All code for this task is publicly available in a
GitHub repository'.

1 Introduction

Mental health disorders remain a critical global
challenge, motivating the need for scalable meth-
ods for early detection and monitoring. Social
media provides a valuable source of longitudinal
behavioral data, enabling the analysis of individ-
uals’ evolving emotional and cognitive states in
naturalistic settings (Uban et al., 2021). While
early work in clinical NLP focused on static classi-
fication tasks such as depression detection, recent
research emphasizes modeling fine-grained and dy-
namic psychological processes over time (Atzil-
Slonim, 2026). The Workshop on Computational
Linguistics and Clinical Psychology (CLPsych)
2026 Shared Task (Ali et al., 2026) further ad-
vances this direction by introducing a structured

1https ://github.com/AbeerNaskar/
clpsych26-sharedtask1

framework for identifying adaptive and maladap-
tive self-states grounded in the ABCD (Affect, Be-
havior, Cognition, Desire) model, requiring both
subelement prediction and intensity estimation.

To address these challenges, we propose a hier-
archical multi-stage framework that combines dis-
criminative and generative modeling. First, a multi-
task transformer jointly predicts ABCD subele-
ments and their presence scores, leveraging shared
representations for structured prediction (Tian et al.,
2019; Ferraro and Benedetti, 2025). Next, an
instruction-tuned language model is used to extract
supporting evidence and generate interpretable out-
puts, enabling transparent reasoning over predic-
tions. Our contributions are as follows: First, we
propose a hierarchical multi-stage architecture that
decomposes self-state modeling into sequential pre-
diction stages, enabling explicit modeling of de-
pendencies between detection, classification, and
evidence extraction. Second, we introduce element-
conditioned label masking and cross-stage encoder
transfer, which enforce psychologically consistent
predictions and improve representation learning.
Third, we combine discriminative and generative
modeling by integrating a multi-task transformer
with an instruction-tuned LLM, enabling both ac-
curate prediction and interpretable structured out-
puts. Finally, we design a computationally efficient
system that supports CPU-based inference while
retaining competitive performance.

2 Task and Dataset

The CLPsych 2026 Shared Task extends the
longitudinal modeling framework introduced in
CLPsych 2022 (Tsakalidis et al., 2022) and 2025
(Tseriotou et al., 2025). It uses an expanded subset
of the CLPsych 2022 “Reddit-New” dataset and is
grounded in the MIND framework (Atzil-Slonim,
2025; Slonim, 2024), which represents self-states
as structured combinations of six psychological
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dimensions: Affect, Behaviour toward Others, Be-
haviour toward the Self, Cognition of Others, Cog-
nition of the Self, and Desire, each comprising
adaptive and maladaptive elements. We focus on
Subtask 1, which involves identifying ABCD sub-
elements in posts, determining their composition
into adaptive or maladaptive self-states with sup-
porting evidence spans, and predicting their psycho-
logical centrality on a 1-5 scale (evaluated using
RMSE). The dataset consists of longitudinal time-
lines, including 30 labelled training timelines (373
posts) and 10 unlabelled test timelines (92 posts).
Table 2 summarises the key corpus statistics.

3 Method

We present a dual-approach system for hierarchi-
cal multi-task modeling of self-state signals, de-
signed with a focus on low-resource deployment.
Our primary approach is a hierarchical multi-task
encoder based on pretrained transformers (e.g.,
BERT/RoBERTa), which jointly predicts state pres-
ence and intensity scores, and performs element
classification and token-level evidence extraction
for detected states. Complementing this, we em-
ploy an instruction-tuned large language model
adapted via low-rank adapters, which follows a
staged prompting pipeline for state detection, ele-
ment identification, category and evidence gener-
ation, and final scoring. Our design is grounded
in prior work on pretrained transformers (Vaswani
et al., 2017), multi-task learning (Ruder, 2017),
instruction tuning (Ouyang et al., 2022), chain-of-
thought reasoning (Wei et al., 2022), and evidence
extraction.

3.1 Hierarchical Multi-Task
Transformer-based Encoder

We implement a two-stage, hierarchical multi-
task model using a pretrained encoder-based trans-
former like BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), etc. The architecture diagram is
depicted in Figure 1.

3.1.1 Stage 1: Binary Detection and Presence
Regression

Stage 1 consists of a binary classifier and a regres-
sion unit.

Given an input post X = (x1,z9,...,x,), the
encoder produces contextual representations:

H = Encoder(X) € R™ ¢,

We extract the pooled representation h., =
HJ0], which is passed through dropout and fed
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Figure 1: Two-stage hierarchical multi-task transformer-
based encoder approach for solving the task.

into two task-specific heads:

Classification logits:

Zels = Wcls'DropOUt(hcls) + bcls € R2

Regression output:

ﬁpres = Wreg-DTOPOUt(hcls) + breg € R.

The classification probabilities are obtained via
softmax. The regression output is treated as a con-
tinuous estimate and clipped to the valid range [1,5]
at inference time. The joint training objective is:

['51 = ['C’E (20157 ycls) + A‘C]V[SE (ﬁprew ypres),
where A is a constant (set to 0.5 in our experi-
ments), Lop is cross-entropy loss and Ly/sg is
mean squared error.

3.1.2 Stage 2: Element-Conditioned
Subelement Classification and Evidence

Detection

Stage 2 initialises its encoder from the Stage 1
checkpoint, providing a domain-adapted starting
point for the more challenging subelement classi-
fication task. Each training example pairs a post x
with an ABCD element identifier,

e € {Adaptive-A, Adaptive-B-O, Adaptive-B-S,
Adaptive-C-O, Adaptive-C-S, Adaptive-D,
Maladaptive-A, Maladaptive-B-O, Maladaptive-B-S,
Maladaptive-C-O, Maladaptive-C-S, Maladaptive-D}
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as a text segment, producing the concatenated
input: X’ = [CLS]® X @ [SEP]® e ® [SEP).

This element-conditioning allows a single model
to serve all six elements, with the element token
acting as a task prompt that shifts the [CLS] rep-
resentation toward the relevant MIND dimension.
Two task-specific heads operate on the Stage-2 en-
coder output. The classification head predicts the
subelement category over the full label vocabulary
L (|Ladaptive| = 16, |Lmaladaptive| = 16, and a
none label):

Zeat = Wear.Dropout(h., ) + beas € RI*!

cls
We enforce a structural constraint by masking in-
valid labels for each element, ensuring predictions
remain within the valid subelement set. Let V'(e)
denote the set of valid label indices for element e

(plus the none index). The masked logits are:

Zeatli] = {z“‘tm’

_OO,

if ieV(e)

otherwise

Predictions are obtained by:
Jeat = argmax Softmax(Zeqat)
For the evidence (BIO 2) span detection, a token-

level classifier operates over the sequence represen-
tations:

Zpro = WproH' +bgro € R"

producing per-token logits indicating evidence
span membership. Reference BIO labels are cre-

ated by aligning spans to tokens. The joint loss is
defined as:

'CSZ = £CE (2catu ycat) +
LpcE (ZBIO [active] s YBIO [active] )

where active masks out padding positions from
the BIO loss, and LpcE is binary cross-entropy
loss.

3.1.3 Inference

At inference time, Stage 1 predicts state presence
and intensity for each post. Posts predicted as posi-
tive are forwarded to Stage 2, where all six element-
conditioned predictions are computed in parallel
using their respective masks. Posts predicted as
negative are not processed further, reducing error
propagation to downstream modules. This filtering
reduces unnecessary computation and limits error
propagation from downstream modules.

BIO = Beginning — Inside — Outside

3.2 Instruction-Tuned LLM Pipeline with
Transformer-based Decoder

We propose a multi-stage framework for psycho-
logical state prediction using an instruction-tuned
LLM with LoRA, decomposing the task into se-
quential stages: state detection, element identifica-
tion, category and evidence extraction, and pres-
ence refinement. This approach reduces task com-
plexity and enforces intermediate representations,
aiming to improve interpretability through interme-
diate outputs than one-shot prompting. Each stage
is trained independently with a causal language
modeling objective and executed in a chained man-
ner at inference. While effective for fine-grained
prediction, the pipeline remains susceptible to er-
ror propagation across stages. Further details of
the stages, prompts, and training procedure are pro-
vided in Appendix A.2. However, this pipeline may
accumulate errors across stages.

3.3 Ablation Study

The ablation study is conducted on Method 1 us-
ing a controlled hold-out setup with an 85/15
train—validation split and a fixed random seed for
fair comparison. Stage 1 is trained on the training
portion for state prediction, while Stage 2 oper-
ates only on positively labeled instances expanded
to element-level data. AO denotes the full model
with all components enabled. Starting from this
baseline, we systematically modify one compo-
nent at a time to assess the impact of key design
choices, including multi-task supervision, class im-
balance handling, cross-stage knowledge transfer,
span-level supervision, structural constraints, in-
put preprocessing, and fine-tuning strategy. This
controlled setup enables precise attribution of per-
formance changes to individual components. Re-
sults are reported on a single split and may vary
across different random seeds. We do not perform
statistical significance testing due to limited data.

4 Experiments and Results

We evaluate two complementary approaches. For
Method 1, we use pretrained transformer encoders,
BERT-base-uncased and RoBERTa-base, imple-
mented with Hugging Face Transformers (Wolf
et al., 2020) and trained in PyTorch. Models are
trained with sequence lengths of 256 (Stage 1) and
300 (Stage 2), batch size 16, AdamW optimizer
(learning rate 2 x 10~®), and dropout (0.1). Class
imbalance is handled using a weighted random
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Subelement

Model Avg Macro F1 RMSE
RoBERTa 0.331 1.146
BERT 0.313 1.255
Qwen3 0.333 1.06
CLPsych2026 - 547 1.424
Baseline

Table 1: Subelement-level average Macro-F1 and

RMSE results. BERT (submission ID 662787) was
our official competition submission during the compe-
tition phase; RoBERTa (submission ID 706280) and
Qwen3 (submission ID 705090) were evaluated during
the post-competition analysis phase and are reported
here for completeness. Our official submission ranked
in the competition under team name NoviceTrio. The
CLPsych 2026 baseline uses one-shot structured prompt-
ing with LLaMA-3.1-8B-Instruct.

sampler, with gradient clipping and fixed seeds for
stability. We prefer a weighted random sampler
over a weighted loss function because it ensures
balanced class exposure at the batch level with-
out modifying the loss landscape, which we found
more stable under the small dataset regime of this
shared task; weighted loss reweighting can desta-
bilise regression heads when classification and re-
gression losses are jointly optimised.

For Method 2, we use Qwen3-4B-Instruct imple-
mented via Unsloth 3, fine-tuned with LoRA (Hu
et al., 2022) in 4-bit precision for efficiency. Train-
ing follows a four-stage supervised fine-tuning
pipeline with an effective batch size of 8, AdamW
(8-bit) optimizer (learning rate 2 x 10™%), and a
maximum sequence length of 2048. Each stage
is trained for a fixed number of steps, with loss
computed only on response tokens.

We submit our system under the team name
NoviceTrio. Table 1 shows that Qwen3 achieves
the best overall performance (Macro-F1 = 0.333,
RMSE = 1.06), slightly outperforming RoBERTa
(0.331, 1.146), while both models significantly sur-
pass BERT (0.313, 1.255) and the CLPsych 2026
baseline (0.247, 1.424). RoBERTa, however, pro-
vides a strong trade-off between performance and
computational efficiency.

Ablation results in Table 5 show that most com-
ponents are critical for performance. In particular,
removing the presence regression head, weighted
sampling, or element constraints leads to notable
degradation, while freezing the encoder in Stage 2

Shttps://github.com/unslothai/unsloth

results in the largest drop, highlighting the impor-
tance of joint optimization across stages.

5 Discussion

Stronger and better-optimized models consistently
yield superior performance: Qwen3 achieves the
highest Macro F1 and lowest RMSE, followed by
RoBERTa, with BERT trailing. Results suggest that
architecture and task design may play an important
role, although further experiments are needed.

The ablation study indicates that performance is
primarily driven by Stage-2 design and end-to-end
optimization. Multi-task learning in Stage 1 im-
proves representations (A1), while addressing class
imbalance is critical for stability (A2). Hierarchi-
cal transfer from Stage 1 to Stage-2 is beneficial
(A3). In Stage-2, the BIO span head and valid-
ity mask provide effective inductive biases (A4—
AS5). The encoder shows some robustness to input
noise (A6), but freezing it leads to severe degra-
dation (A7), highlighting the importance of full
fine-tuning. Overall, representation learning, struc-
tural constraints, and fine-tuning are key drivers of
performance.

6 Conclusion

We propose a relatively lightweight hierarchical
framework for fine-grained self-state modeling de-
signed for CPU-only and low-compute environ-
ments. Instead of relying on large-scale model
exploration, the focus is on efficiency while main-
taining competitive performance across different
backbones, including BERT, RoBERTa, and a quan-
tized Qwen3 model.

Experimental results show consistent gains
across models. Qwen3 achieves the highest Macro-
F1, although performance differences are small.
While RoBERTa offers a strong balance between
accuracy and efficiency, including an 8.3% im-
provement in Macro-F1 over the CLPsych 2026
baseline. Despite Qwen3 being much larger, its
performance is close to RoBERTa, indicating that
the hierarchical design effectively captures task
structure without requiring large parameter growth.

The method leverages hierarchical multi-task
learning to exploit shared representations across
interdependent subtasks, improving efficiency and
modularity. In terms of sustainability, encoder-
based models are significantly more energy-
efficient, with BERT and RoBERTa producing far
lower carbon emissions than Qwen3, highlighting

475


https://github.com/unslothai/unsloth

the environmental benefits of lightweight architec-
tures.

However, there remains a performance gap of
about 0.11 compared to the top-ranked system.
Future work will explore joint modeling of time-
lines and reducing error propagation in multi-stage
pipelines to further improve accuracy and compu-
tational efficiency.

Limitations

The study has several limitations. First, the ex-
ploration of model space is limited to a small set
of backbones, restricting generalizability to other
architectures. Second, a notable performance gap
to the state-of-the-art remains, suggesting that the
proposed framework does not capture all relevant
signals. Third, the ablation study is limited in scope
and does not examine alternative architectural de-
signs. Fourth, evaluation on a single benchmark
raises concerns about domain-specific overfitting
and limits claims of generalization. Finally, the
lack of detailed interpretability analysis constrains
understanding of component-level contributions,
which is particularly important in clinical applica-
tions. Additionally, encoder models were trained
with fixed hyperparameters without search; explor-
ing alternative learning rates and batch sizes re-
mains future work.

Ethics Statement

This study uses the CLPsych 2026 shared task
dataset, an extension of the “Reddit-New” corpus
from the CLPsych 2022 Shared Task (Tsakalidis
et al., 2022): Capturing Moments of Change in
Longitudinal User Posts, which contains sensitive,
de-identified mental health-related content. We
adhere to the shared task Data Access Agreement
and follow established ethical guidelines such as
Ethical Research Protocols for Social Media Health
Research (Benton et al., 2017). The dataset is used
solely for research purposes within the approved
scope, stored securely, and will be deleted after the
permitted period. We do not redistribute the data.
We do not attempt to re-identify users, and all exam-
ples presented in this paper are paraphrased to pro-
tect privacy. In compliance with task rules, we use
only open-source models (e.g., BERT, RoBERTa)
and avoid proprietary systems such as ChatGPT,
Claude, and Gemini.
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A Appendices

A.1 Task and Dataset

The dataset statistics are provided in Table 2. A
large proportion of posts contain both adaptive and
maladaptive states (approximately 47%), with mal-
adaptive states rated as more psychologically cen-
tral than adaptive ones (mean presence 3.23 vs.
2.39). Maladaptive self-states are most strongly
expressed through negative Affect (A; 68%) and
Self-Criticism (C-S; 57%), while adaptive states
are predominantly characterised by relational Be-
haviour (B-O; 53%) and Desire for connection (D;
50%). Longitudinal change events — self-state
switches (21%) and escalations (20%) — are dis-
tributed across 90% of training timelines, motivat-
ing temporal modelling as a core system compo-
nent.

Statistic Train Test
Timelines / Posts 30/373 10/92
Annotated posts 236 (63%) 0 (0%)
Posts per timeline (mean/max)  12.43/25 9.2/11
Post length in words (mean) 114 115.46

Both states present
Adaptive state 203 (54%) NA
Maladaptive state 210 (56%) NA
Most freq. adaptive element B-O NA
Most freq. maladaptive element A NA

177 (47.4%) NA

Table 2: Training and test data statistics

A.2 Instruction-Tuned LLM Pipeline with
Transformer-based Decoder

We propose a multi-stage framework for structured
psychological state prediction from social media
posts as depicted in Figure 2. Given an input post z,
the goal is to generate a hierarchical output y cap-
turing (i) adaptive and maladaptive states, (ii) as-
sociated psychological elements, (iii) fine-grained
categories with supporting evidence, and (iv) over-
all presence scores.

Instead of solving this as a single complex pre-
diction problem, we decompose it into four sequen-
tial stages, each implemented using an instruction-
tuned large language model with parameter-
efficient fine-tuning.

We use an instruction-tuned causal language
model fine-tuned with Low-Rank Adaptation
(LoRA). All stages share the same base model,
which is sequentially fine-tuned on stage-specific
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instruction—response data. This allows the model
to progressively specialize while maintaining a uni-
fied parameter space.

A.2.1 Step 1: State Detection

In the first stage, the model determines whether
the post expresses adaptive and/or maladaptive
states, and assigns a presence score (1-5) to each.
The output is a structured JSON object contain-
ing binary labels and ordinal scores. Which is,

21 = (Saypcw Smapm) = fl(x)
A.2.2 Step 2: Element Identification

Given the detected states, the model identi-
fies which psychological elements are present.
We consider a predefined set of elements
{4, B-0, B-S,C-0,C-S, D}. The model outputs
only those elements that are explicitly expressed in
the post. Which is, zo = & = fo(x, 21).

A.2.3 Step 3: Category and Evidence
Extraction

For each identified element, the model predicts
a fine-grained subcategory and extracts the corre-
sponding supporting text span from the post. The
evidence is required to be an exact substring of
the input, ensuring interpretability and traceability
of predictions, i.e., z3 = {(ce, Ze) | € € £} =

f 3 (':U y 22 ) :
A.2.4 Step 4: Presence Estimation

Finally, the model predicts an overall presence
score (1-5) for each detected state, conditioned
on the elements and their associated evidence.
This step refines the initial estimate from Step 1
using more granular information, that is, z4 =
(pgvp,m) = f4(£L‘, 22, Z3)'

Each stage is trained independently using super-
vised fine-tuning with instruction-response pairs
constructed from annotated data. We use the stan-
dard causal language modeling objective, where
the model learns to generate the target response
given the input prompt.

The loss is computed only over response tokens,
masking out the instruction part of the input. No
task-specific loss functions are introduced.

A.2.5 Inference

At inference time, predictions are generated se-
quentially in a chained manner. The output of each
stage is used to construct the prompt for the next
stage. This decomposition simplifies the overall
task and improves interpretability, as intermediate

predictions (e.g., elements and evidence) are ex-
plicitly exposed. So the final output we receive
from, y = (21, 22, 23, 24) Where,

z1 = fi(z)

2 = fa(z,21)
z3 = f3(7, 22)
24 = fa(w, 29, 23)

The prompts used in four stages of Method 2 are
given in Table A.2.

( Post )
!

Qwen3-4B-Instruct

sequential SFT — each stage i\iitialises from previous checkpoint

( N
Prompt .
wa?g; RE status + presence
ABCD defs + previous adaptive / maladaptive: yes/no
ers . 15
presence Scale Checkpoiﬂt presence score: 1-5
. J
lcheckpoim
(7 N e ~ )
wen3- element identification
Prompt Qwen3-4B 1 identificati
from elements:
Post + state + previous ["A", "B-O", "B-S", "C-O",
helbnen checkpoint "C-s","D"]

- J

lcheckpoim

Prompt Qwen3-4B
from
Post + state + previous

category + evidence
(called once per element)
Category: "(4) Depressed ..."

element checkpoint Evidence: span

lcheckpoim

Prompt Qwen3-4B
from
Post + all elements previous
found checkpoint

o /

presence re-scoring
Presence: refined score

|
|

Figure 2: Four-stage approach using the Qwen3 model
to solve the task.

A.3 Ablation study

The ablation study conducted only on the first
method, which uses a controlled hold-out valida-
tion setup, where the training data is split into 85%
train and 15% validation with a fixed seed, and
all variants are trained and evaluated on the same
splits for fair comparison. Stage 1 is trained on
the full training set for binary classification and
evaluated on the validation set, while Stage-2 is
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Stage

Inputs injected

Prompt text

Stage 1

post — the raw social media text
DEFINITIONS_BLOCK — full adaptive + maladaptive
sub-element taxonomy

PRESENCE_DEF — 1-5 scale definition

You are a clinical psychologist. Read this post and determine whether
it expresses an ADAPTIVE state (conducive to fulfilling basic needs)
and/or a MALADAPTIVE state (hindering basic needs), plus the
presence score (1-5) for each.

[DEFINITIONS_BLOCK injected here]

Presence scale: 1=Not present ... 5=Highly present.

nn

Post: """[post]

Answer with valid JSON only (no prose):
{"adaptive":"yes/no","adaptive_presence":1-5,

non "o

"maladaptive":"yes/no","maladaptive_presence":1-5}

Stage 2

post — social media text
state — "adaptive" or "maladaptive"
sub-element list — dynamically selected for the given state

You are a clinical psychologist.
Post: """[post]"""

For the [ADAPTIVE/MALADAPTIVE] state, identify
which ABCD elements are expressed.

Sub-elements:

A: (1) Calm/laid back, (3) Sad/Emotional pain ...
B-O: (1) Relating behavior ...

... [state-specific sub-elements injected]

List only elements that are clearly present.
Answer with valid JSON only:
{"elements": ["A","B-O",...] or []}

Stage 3

post — social media text

state — "adaptive" or "maladaptive"

element — one of {A, B-O, B-S, C-O, C-S, D}
options list — sub-labels valid for this element X state

You are a clinical psychologist.
Post: """[post]"""

For the [ADAPTIVE/MALADAPTIVE] state, element [e],
choose the best sub-category from:

(1) Self care and improvement

(2) Self harm, neglect and avoidance

... [element-specific options injected]

Also copy the EXACT span from the post that best supports this.

Answer with valid JSON only:

{"Category":"<sub-category>",

"highlighted_evidence":"<exact span>"}

Stage 4

post — social media text

state — "adaptive" or "maladaptive"

elements_info — JSON dict of {element —

{Category, highlighted_evidence}} from Stage 3 output
PRESENCE_DEF — 1-5 scale definition

You are a clinical psychologist.
Presence scale: 1=Not present ... 5=Highly present.
Post: """ [post]"""

The [ADAPTIVE/MALADAPTIVE] state was identified with
these elements:

{

"A": {"Category": "(1) Calm/laid back",
"highlighted_evidence": "..."},

"C-S": {"Category": "(1) Self-acceptance...",
"highlighted_evidence": "..."}

}

[elements_info JSON injected from Stage 3]

Rate the overall PRESENCE of the [ADAPTIVE/MALADAPTIVE]
state (1-5).

Answer with valid JSON only:
{"presence": <1-5>}

Table 3: Prompts used across the four stages in Method 2.
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trained and evaluated only on positively labeled in-
stances expanded into element-level records. Start-
ing from the full model (AO) as the baseline, we
introduce controlled modifications targeting: (i)
Stage 1 learning design, including removal of the
auxiliary regression head (A1) and disabling class-
balanced sampling (A2), to assess the impact of
multi-task supervision and imbalance handling on
representation learning; (ii) cross-stage knowledge
transfer, where Stage-2 is trained without initializa-
tion from Stage 1 (A3), to quantify the benefit of
hierarchical pretraining; (iii) Stage-2 task formu-
lation, by removing the token-level BIO evidence
span head (A4), to examine the role of span su-
pervision; (iv) structural constraints, by disabling
element-specific validity masking over label space
(AS5), to evaluate the importance of inductive bias;
(v) input preprocessing, by omitting text cleaning
(A6), to measure robustness to noisy input; and (vi)
fine-tuning strategy, by freezing the encoder during
Stage-2 training (A7), to analyze the necessity of
full model adaptation. Each variant alters exactly
one component while keeping all other settings
fixed, enabling precise attribution of performance
differences to individual design choices.

The summary of results of ablation study is pro-
vided in Table 5.

A.4 Carbon Footprint

We measure the environmental impact of our mod-
els using CodeCarbon *. Training is conducted on
NVIDIA A100 80GB PCle, and emissions are esti-
mated based on energy consumption and regional
carbon intensity. Our results show that BERT
and RoBERTa incur significantly lower emissions
(0.018 kg and 0.032 kg C'O4 eq, respectively) com-
pared to Qwen3 (0.111 kg), reflecting the efficiency
advantages of encoder-based architectures. The re-
sult depicted in Table 4.

Model Hardware Training Time CO, (kg)
BERT A100 492.44 0.018
RoBERTa A100 660.89 0.032
Qwen3 A100 2749.42 0.111

Table 4: Carbon emissions measured for different mod-
els using the CodeCarbon Python package.

A.5 Codabench Submission

We name our submission NoviceTrio. Submis-
sion ID 662787, submitted during the competition

*https://github.com/mlco2/codecarbon

phase, was produced using Method 1 with BERT
(bert-base-uncased). Submission ID 706280 in
the analysis phase also used Method 1 but with
RoBERTa (roberta-base), while Submission ID
705090 in the analysis phase used Method 1 with
Qwen3 (Qwen3-4B-Instruct-2507). The code for
training, preprocessing, post-processing, and ab-
lation studies is publicly available on our GitHub
repository.
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DELTA vs BASELINE (A0)

ID  Variant S1-Adap S1-Malad S2-Adap-Cat S2-Malad-Cat
A1l No presence regression head -0.01 -0.0404 -0.1137 -0.0137

A2 No weighted sampling 0.0072 -0.1027 -0.0444 0.0648

A3 No Stage 1 pre-training for Stage-2 0 0 -0.0789 0.0142

A4 No evidence span head (Stage-2) 0.0171 0 -0.034 -0.0452

A5 No element validity mask (Stage-2) 0.0171 -0.0177 -0.109 -0.0156

A6 No text cleaning 0.0171 -0.0012 -0.0714 0.0167

A7 Frozen encoder in Stage-2 0 0 -0.3517 -0.1322

Table 5: Change (delta) in performance compared to the full model or baseline (AO).
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