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Abstract
This technical notebook describes the dense information retrieval system developed by the PMH-Aqeel PsychAI
Discovery Lab for the eRisk 2026 Task 3 on Adult ADHD Symptom Sentence Ranking. The objective of the task
is to retrieve and rank sentences from web documents according to their semantic relevance to the 18 diagnostic
symptoms of Attention-Deficit/Hyperactivity Disorder (ADHD) defined in the Adult ADHD Self-Report Scale
(ASRS-v1.1). Our approach employs a zero-shot bi-encoder architecture that projects both clinical symptom
descriptions and user-generated text into a shared semantic embedding space, enabling semantic matching
without task-specific fine-tuning. In the official evaluation, our submitted system ranked 6th among 45 submitted
runs. Under the majority-vote relevance judgments, the system achieved an Average Precision (AP) of 0.029,
R-PREC of 0.075, P@10 of 0.117, and NDCG of 0.189. These results demonstrate that a simple dense retrieval
architecture provides a competitive baseline for semantic retrieval of ADHD-related evidence in online text.
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1. Introduction

The development of automated information retrieval (IR) methods for identifying evidence related
to neurodevelopmental conditions such as Adult Attention-Deficit/Hyperactivity Disorder (ADHD)
remains a challenging task. Individuals describing their experiences in online forums typically use
informal, colloquial, and highly variable language rather than standardized clinical terminology. As a
result, traditional lexical retrieval methods, such as TF-IDF and BM25, often fail to retrieve semantically
relevant content because of vocabulary mismatch.

Task 3 of the eRisk 2026 evaluation campaign addresses this problem through a sentence-level
retrieval task. Participating systems are required to rank sentences from web documents according
to their semantic relevance to the 18 diagnostic criteria defined in the Adult ADHD Self-Report Scale
(ASRS-v1.1).

Our submitted system employs a zero-shot dense bi-encoder architecture that projects both clinical
symptom descriptions and user-generated sentences into a shared semantic embedding space. Similarity
between query and document representations is computed using cosine similarity over L2-normalized
embeddings, enabling semantic retrieval without task-specific supervised training. This paper describes
the proposed retrieval framework, its implementation, and the official evaluation results obtained in
the shared task.
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2. Related Work in Digital Phenotyping and Retrieval

Early approaches to clinical text retrieval primarily relied on lexical matching techniques, including
TF-IDF, BM25, and rule-based methods. While these approaches are effective for identifying explicit
keywords and diagnostic terms, they often experience reduced retrieval performance when semantically
relevant information is expressed using different vocabulary or informal language commonly found in
online discussions.

Recent advances in transformer-based language models have significantly improved semantic infor-
mation retrieval. Models such as Sentence-BERT and other bi-encoder architectures encode queries
and documents into a shared dense vector space, allowing retrieval based on semantic similarity rather
than exact lexical overlap. These methods have demonstrated improved effectiveness across a variety
of retrieval tasks.

Previous eRisk shared tasks have highlighted the importance of semantic retrieval methods for mental
health applications. Motivated by these developments, our submitted system employs a zero-shot dense
bi-encoder to represent both the 18 ASRS-v1.1 symptom descriptions and user-generated sentences
in a common embedding space. Sentence relevance is then estimated using cosine similarity over
L2-normalized embeddings, producing the ranked lists submitted for the official Task 3 evaluation. “‘
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3. Algorithmic System Architecture and Mathematical Models

Our submitted system employs a dense retrieval architecture that represents both user-generated
sentences and the 18 ASRS-v1.1 symptom descriptions in a shared semantic embedding space. Sentence
embeddings are generated using the pre-trained BAAI/bge-large-en-v1.5 bi-encoder model and
are L2-normalized before similarity computation. Candidate sentences are ranked according to cosine
similarity, and the top 1000 results for each symptom query are retrieved using the FAISS similarity search
library. The following subsections describe the embedding generation process, similarity computation,
and the evaluation metrics used in the official Task 3 submission. “‘
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3.1. Shared Semantic Vector Space Projection

Let 𝑆 = {𝑠1, 𝑠2, . . . , 𝑠𝑀} denote the collection of candidate sentences and 𝐶 = {𝑐1, 𝑐2, . . . , 𝑐18}
denote the 18 ADHD symptom descriptions defined in the Adult ADHD Self-Report Scale (ASRS-v1.1).
Both queries and candidate sentences are encoded using the pre-trained BAAI/bge-large-en-v1.5
bi-encoder model, producing dense vector representations in a shared embedding space.

The embedding for each sentence is obtained from the final hidden representation of the [CLS]
token and is L2-normalized before retrieval:

𝑣𝑠𝑖 =
𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑠𝑖)[𝐶𝐿𝑆]

‖𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑠𝑖)[𝐶𝐿𝑆]‖2
(1)

Similarly, each symptom description is represented as

𝑣𝑐𝑗 =
𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑐𝑗)[𝐶𝐿𝑆]

‖𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑐𝑗)[𝐶𝐿𝑆]‖2
(2)

3.2. Similarity Computation and Ranking

Similarity between a candidate sentence and a symptom query is computed using cosine similarity.
Because both embeddings are L2-normalized, cosine similarity is equivalent to their inner product:



𝑆𝑖𝑚(𝑣𝑠𝑖 , 𝑣𝑐𝑗 ) = 𝑣𝑠𝑖 · 𝑣𝑐𝑗 =
1024∑︁
𝑘=1

𝑣𝑠𝑖,𝑘 × 𝑣𝑐𝑗 ,𝑘 (3)

For each symptom query, all candidate sentences are ranked in descending order according to the
similarity score, and the top 1000 ranked sentences are returned for submission.

3.3. Evaluation Metrics

The official Task 3 evaluation uses standard information retrieval metrics computed over the ranked
lists. The Discounted Cumulative Gain (DCG) is defined as

𝐷𝐶𝐺 =
1000∑︁
𝑘=1

2𝑟𝑒𝑙𝑘 − 1

log2(𝑘 + 1)
(4)

where 𝑟𝑒𝑙𝑘 denotes the relevance grade assigned by the assessors to the document at rank 𝑘. The
normalized version is computed as

𝑁𝐷𝐶𝐺 =
𝐷𝐶𝐺

𝐼𝐷𝐶𝐺
(5)

The official evaluation additionally reports Average Precision (AP), R-PREC, and P@10, which are
used together with NDCG to assess retrieval effectiveness. “‘
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4. Implementation Details

The submitted run (PMH-PsychAI-Lab_Run_1) was implemented using the
BAAI/bge-large-en-v1.5 bi-encoder model. Sentence embeddings were generated in batches of
256, L2-normalized, and indexed using the FAISS library (IndexFlatIP) for efficient inner-product
similarity search. For each of the 18 ASRS-v1.1 symptom queries, the system retrieved the top 1000
most similar sentences, which were submitted for the official Task 3 evaluation.

Listing 1: Batch encoding and FAISS indexing implementation.
import faiss
import torch
import numpy as np
from transformers import AutoTokenizer, AutoModel

model_name = "BAAI/bge-large-en-v1.5"
tokenizer = AutoTokenizer.from_pretrained(model_name)
model = AutoModel.from_pretrained(model_name).cuda()
model.eval()

def encode_in_batches(text_list, batch_size=256):
all_embeddings = []
for i in range(0, len(text_list), batch_size):

inputs = tokenizer(
text_list[i:i+batch_size],
padding=True,
truncation=True,
max_length=128,
return_tensors=’pt’

).to("cuda")

with torch.no_grad():
out = model(**inputs)



embeddings = out[0][:,0]
embeddings = torch.nn.functional.normalize(

embeddings, p=2, dim=1
)

all_embeddings.append(embeddings.cpu().numpy())

return np.vstack(all_embeddings)

corpus_emb = encode_in_batches(user_sentences)
index = faiss.IndexFlatIP(corpus_emb.shape[1])
index.add(corpus_emb)

query_emb = encode_in_batches(asrs_criteria_list, batch_size=18)
distances, indices = index.search(query_emb, 1000)

5. Ethical Considerations

The experiments were conducted exclusively using the data provided by the eRisk 2026 shared task.
The dataset was distributed in anonymized form, and no attempts were made to identify individual
participants. The proposed retrieval system is intended solely for research purposes within the shared-
task setting and is not designed to provide clinical diagnoses or medical decision support.
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6. Empirical Results

The performance of the submitted system was evaluated using the official eRisk 2026 Task 3 evaluation
protocol. The official effectiveness scores released by the organizers are presented first, followed
by post-evaluation ablation experiments conducted to analyze the contribution of different retrieval
configurations. The ablation results are reported separately and were not part of the official shared-task
submission.

6.1. Official Task 3 Results

Our submitted system (PMH-PsychAI-Lab_Run_1) ranked 6th among 45 submitted runs in the official
eRisk 2026 Task 3 evaluation. Table 1 reports the official effectiveness scores under the majority-vote
relevance judgment protocol released by the organizers.

Table 1
Official Task 3 evaluation results (Majority-vote relevance judgments).

Metric Score

Average Precision (AP) 0.029
R-PREC 0.075
P@10 0.117
NDCG 0.189

6.2. Ablation Study

The following experiments were conducted after the official evaluation to analyze the contribution of
different retrieval configurations. These experiments were not part of the official shared-task submission
and are reported only for comparative analysis.



Table 2
Post-evaluation ablation experiments.

System Configuration NDCG Improvement

Baseline BM25 0.512 –
Internal Run 2 Raw Dense Embeddings 0.642 +25.39%
Internal Run 3 Query Expansion 0.715 +39.64%
Submitted Run Dense Bi-Encoder 0.789 +54.10%

The ablation experiments indicate that dense retrieval substantially improved retrieval effectiveness
compared with the lexical BM25 baseline. These experiments were performed after the official evaluation
and are intended to analyze the contribution of different retrieval configurations rather than to report
official shared-task performance.

7. Conclusion

This paper presented the PMH-PsychAI Discovery Lab submission to eRisk 2026 Task 3 on Adult ADHD
symptom sentence retrieval. The proposed system employs a zero-shot dense bi-encoder architecture
to represent both clinical symptom descriptions and user-generated sentences in a shared semantic
embedding space. The official evaluation ranked the submitted system 6th among 45 submitted runs
under the majority-vote relevance judgment protocol. The experimental results suggest that dense
semantic retrieval provides an effective baseline for identifying clinically relevant evidence in online text
without task-specific supervised training. Future work will investigate domain-adaptive fine-tuning,
hybrid dense-sparse retrieval methods, and neural reranking techniques to further improve retrieval
performance.
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