
NLP Innovators at MentalRiskES 2026: A Winning

Reranker-Based Approach for Therapist Response

Selection

Asifa Bibi1, Tayyab Latif1, Sabur Butt2,∗, Alexander Gelbukh1 and Grigori Sidorov1

1Centro de Investigación en Computación, Instituto Politécnico Nacional, Mexico
2Institute for the Future of Education (IFE), Tecnológico de Monterrey, Mexico

Abstract
This paper outlines the NLP Innovators system for Task 2 of the MentalRiskES 2026 shared task, where the goal
is to choose the therapist response that is most relevant, supportive, and appropriate for the patient’s message
and the ongoing conversation. The system is given the current patient message and three candidate therapist
responses at each round, and it is required to select the best response based on the context of the dialogue. We
tackle the problem as a multiple-choice response selection problem and test reranker-based models that compare
the dialogue context to each candidate response. We submit reranker systems: BGE (BAAI/bge-reranker-v2-m3),
Qwen (Tomaarsen/Qwen3-Reranker-4B-seq-cls), mMiniLM (cross-encoder/mmarco-mMiniLMv2-L12-H384-v1).
The o�cial results reveal that our Qwen reranker performed the best in the competition, with an overall accuracy
of 0.393 and a Macro F1 score of 0.392. The �ndings suggest that rerankers with stronger contextual understanding
are well suited to therapist response selection and that majority-voting ensembles may still fall short of Qwen.
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1. Introduction

The increasing prevalence of mental health concerns around the world has created a growing demand
for accessible, scalable, and reliable support systems [1]. In this context, Natural Language Processing
(NLP) has emerged as a promising tool for developing intelligent systems capable of assisting mental
health professionals. However, applying NLP in sensitive domains such as mental health requires not
only technical accuracy but also careful consideration of ethical, contextual, and safety aspects [2]. This
challenge has motivated shared evaluation campaigns such as MentalRiskES 2026, organized within
IberLEF 2026, which focuses on advancing computational methods for mental health risk detection and
intervention in conversational settings [3, 4].
MentalRiskES 2026 provides a structured benchmark for evaluating NLP systems on real-world

mental health scenarios, particularly in multilingual and multi-turn dialogue environments [3]. The
shared task emphasizes the importance of context-aware modeling, where systems must go beyond
isolated message understanding and instead capture the evolving dynamics of user interactions. By
simulating realistic conversations between users and therapists, the task encourages the development
of models that can support decision-making processes in clinical or semi-clinical settings.
MentalRiskES 2026 [5] included two tasks. Task 1, titled Early Symptom Detection in Therapeutic

Conversations, focused on identifying mental health symptoms from therapist–patient dialogues by
estimating patient responses to standardized clinical questionnaires such as PHQ-9, CompACT-10, and
GAD-7. Task 2, titled Therapist Response Selection, required systems to choose the most appropriate
therapist reply from three candidate responses. In this work, we participated only in Task 2, focusing
on the selection of suitable therapist responses in Spanish therapeutic conversations.
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In Task 2, the most appropriate response is the therapist reply that best matches the patient’s current
message, follows the ongoing conversation, and re�ects expert-de�ned therapeutic practice. Such a
response should be relevant, supportive, empathetic, and clinically sensible rather than merely similar
in wording. If a system selects an inappropriate reply, it may interrupt the �ow of the conversation, fail
to address the patient’s concern, or o�er guidance that is not helpful for the situation. In a real mental
health setting, repeated poor responses could reduce trust, leave the patient feeling misunderstood, and
potentially weaken the quality of support they receive [5].

To address the response selection setting of Task 2, we used models that could directly compare the
dialogue context with the three candidate therapist replies. We selected BAAI/bge-reranker-v2-m3
[6] for semantic relevance-based ranking and tomaarsen/Qwen3-Reranker-4B-seq-cls [7] for
its stronger contextual and multilingual reranking capability. In addition, we designed an ensemble
system that combined BGE, Qwen4B, and cross-encoder/mmarco-mMiniLMv2-L12-H384-v1 [8]
through majority voting, allowing us to examine whether combining complementary rerankers could
produce more stable response selection.

We investigate reranking methods for selecting therapist responses in Spanish therapeutic conversa-
tions. Our study contributes a practical response-selection pipeline for an interactive multi-turn setting
and provides a direct comparison of these approaches. In the o�cial evaluation, the Qwen reranker
delivered the strongest result among our systems and ranked �rst in the shared task, reaching 0.393
accuracy and 0.392 Macro F1.

2. Task Description

Task 2 was designed as a therapist response selection task. In each round, the system received the latest
patient message along with three possible therapist responses, as shown in Figure 1. The objective was
to select the response that best matched the therapeutic guidelines provided for the task.

Figure 1: Illustration of Task 2 therapist response selection. Given the latest
patient message, the system chooses the appropriate therapist re-
sponse from three candidate options (English version).

Figure 1 shows the response selection process used in Task 2. The system receives the latest patient
message, evaluates the candidate therapist responses, and selects the response that best matches the
dialogue context and expert-de�ned therapeutic criteria.
This task was di�erent from a simple o�ine classi�cation problem because the evaluation was

interactive. Instead of receiving the whole test set at once, the data was collected from the o�cial
server step by step. After receiving the messages for the current round, the system had to submit its
prediction before the next round became available. This made the task more challenging, as the model
needed to keep track of the conversation history and use previous turns to understand the current
situation more accurately. In our experiments, the server returned several active dialogue sessions



simultaneously, and each session continued over multiple rounds. Therefore, maintaining the history of
each session was an important part of our approach [9]. Task 2 was evaluated through an interactive
server-based setting in both the trial and test phases [3]. The trial phase was provided to let teams test
their systems under the same round-by-round conditions used in the �nal evaluation, while the test
phase delivered unseen data progressively through the server. After each round, teams had to submit
their selected response for every active session before receiving the next round. Performance was
assessed by comparing the system’s choices with the expert-selected responses, using agreement- and
accuracy-based measures, while each submission also included e�ciency information such as runtime,
resource use, and emissions.

3. Dataset

The Task 2 dataset is composed of Spanish multi-turn therapeutic conversations that re�ect realistic
exchanges between patients and therapists. Due to the sensitive nature of mental health data, the
dataset was not made publicly downloadable. Instead, the organizers provided access through the
o�cial evaluation server, which delivered the conversations round by round during the trial and test
phases. The dataset did not include identi�able information such as patient names, exact locations, or
other personal details that could reveal the identity of the participants. The patient information was
anonymized, and the interaction setting was kept con�dential to protect privacy [5].

Table 2 summarizes the main structure of the Task 2 dataset used in our experiments. The trial phase
will involve 19 rounds, and this will enable the participants to test and prove their systems. The test
stage is more extended and consists of 83 rounds, during which several sessions are run simultaneously,
and predictions are made one after another. In our experiments, there were multiple active sessions per
round, which formed a stream of instances rather than a �xed test set.

The dataset was delivered through an interactive server rather than as a single static �le. Each round
presents the system with the current patient message and three candidate responses (option 1, option
2, and option 3). One of these answers is the one that is deemed the most suitable according to the
judgment of the experts, and the challenge is to �nd it. Each of them is linked to a session ID and a
round number, which enables the dialogue to be traced through time. One of the main features of this
data is that it is context-dependent. Table 1 presents an example instance from the Task 2 dataset. One
of the main challenges of this dataset was its context-dependent nature. Each response must be selected
not only from the current patient message but also from the earlier turns of the conversation, since the
full dialogue history was not provided again at every round. In addition, the candidate responses can
be very close in meaning, making the task harder than simple text matching.

Table 1

Example of a Task 2 dataset instance showing its structure and a real-style English dialogue sample.

Attribute Example Value Description

Session ID S01 Unique identifier of the conversation session

Round 1 Current step in the multi-turn dialogue

Patient Mes-

sage

Hello. Well, I feel very nervous, and

I cannot stop thinking about things.

Current message expressed by the patient

in English

Option 1 I understand. What kind of things

are making you feel this nervous?

Therapist response focused on exploring the

issue further

Option 2 I understand. Is this the reason why

you decided to seek psychological

help?

More general and less context-specific re-

sponse

Option 3 I understand. That feeling can be

very uncomfortable. Can you tell me

what is worrying you?

Empathetic and context-aware therapeutic

response

Correct Label Option 3 Expert-selected best response

Task Type Response Selection Model must choose the most appropriate

response

Context De-

pendency

Yes Requires understanding of previous dialogue

turns



Table 2

Overview of the Task 2 dataset showing the number of rounds, sessions, and candidate responses per instance.

Phase Rounds Sessions per Round Candidates per Instance Task Type

Trial 19 ≈9 3 Response Selection

Test 83 ≈9 3 Response Selection

4. Submissions

4.1. Trial Phase

During the trial phase, we evaluated �ve systems: BAAI/bge-reranker-v2-m3 [6], tomaarsen/Qwen3-
Reranker-4B-seq-cls [7], cross-encoder/mmarco-mMiniLMv2-L12-H384-v1 [8], tomaarsen/Qwen3-
Reranker-8B-seq-cls [10], and a three-model ensemble (BAAI/bge-reranker-v2-m3 + tomaarsen/Qwen3-
Reranker-4B-seq-cls + cross-encoder/mmarco-mMiniLMv2-L12-H384-v1). The BGE model was used as a
semantic ranker, while Qwen4B and Qwen8B were tested due to their stronger language understanding
capacity. The mMiniLM cross-encoder was included as a lightweight comparison model. The choice
of models was guided by both task suitability and e�ciency considerations. Because the evaluation
followed an interactive round-based format, the system needed to generate predictions quickly while
also recording computational metadata such as runtime and resource consumption. For this reason, we
prioritize compact reranking models instead of larger LLM-based approaches, aiming to maintain a
practical balance between contextual understanding and computational e�ciency.

Finally, the ensemble system combined the selected model outputs to produce a more stable prediction.
The trial data consisted of 19 rounds. Since the saved trial �les contained only the predicted options and
computational details of the models, such as runtime, energy use, emissions, and hardware information,
but did not include the gold answers, trial-phase scores such as Cohen’s kappa and precision could not
be calculated [11].
Without gold labels, we could not rank the trial models using numerical performance scores or

con�rm which one selected the best responses more often. For this reason, the trial data was used
mainly for pipeline validation and qualitative observation of model behavior. During the trial phase,
we also examined whether the models showed a strong preference for any single option, since a
more balanced prediction pattern was considered desirable for the �nal selection. The �nal models
were therefore chosen based on their relevance to the task, their complementary strengths, and their
comparatively balanced response behavior, allowing us to compare a semantic reranker, a context-aware
reranker, and a combined ensemble strategy during the o�cial test phase.
Table 3 reports the predictions produced by each model during the 19-round trial phase, while

Tables 4 and 5 summarize the resource usage and hardware con�guration. Since the trial �les did not
include gold labels, these values describe model behavior and computational metadata rather than
accuracy-based scores.

4.2. Test Phase

For the �nal test phase, we submitted three systems for therapist response selection. Run 0 used the BGE
Reranker, selected for relevance-based ranking between the dialogue context and candidate responses.
Run 1 used the Qwen Reranker, chosen for its stronger contextual understanding. Run 2 used an
ensemble system that combined multiple model decisions to improve prediction stability.

The test data were provided through the o�cial server in an interactive round-based format. At each
round, the server returned the active sessions, including the session ID, round number, patient message,
and three candidate therapist responses. The system selected one response from the three options and
submitted predictions separately for Run 0, Run 1, and Run 2. Each prediction was submitted using one
of the required labels: option_1, option_2, or option_3.

Each submission also included emissions and resource metadata, such as runtime, CPU energy, GPU
energy, RAM energy, and total energy consumed. After every submission, the system requested the



Table 3

Trial-phase predictions generated by the five response-selection systems across 19 rounds.

ID Round BGE Qwen4B mMiniLM Qwen8B Ensemble

trial 1 option_3 option_1 option_1 option_1 option_1

trial 2 option_1 option_2 option_1 option_2 option_1

trial 3 option_2 option_3 option_2 option_3 option_2

trial 4 option_3 option_2 option_1 option_1 option_3

trial 5 option_1 option_2 option_1 option_2 option_1

trial 6 option_2 option_2 option_2 option_1 option_2

trial 7 option_1 option_3 option_1 option_1 option_1

trial 8 option_2 option_1 option_3 option_3 option_2

trial 9 option_1 option_3 option_1 option_2 option_1

trial 10 option_3 option_3 option_2 option_2 option_3

trial 11 option_3 option_1 option_2 option_1 option_3

trial 12 option_1 option_2 option_2 option_1 option_2

trial 13 option_1 option_1 option_2 option_1 option_1

trial 14 option_3 option_1 option_1 option_2 option_1

trial 15 option_2 option_3 option_2 option_1 option_2

trial 16 option_2 option_3 option_3 option_2 option_3

trial 17 option_2 option_2 option_2 option_3 option_2

trial 18 option_1 option_3 option_3 option_1 option_3

trial 19 option_2 option_3 option_3 option_1 option_3

Table 4

Resource and emissions metadata recorded during the trial-phase prediction process.

Rounds Duration Emissions CPU Energy GPU Energy RAM Energy Energy Consumed

19 0.00794 3.09E-08 5.55E-08 0 1.01E-08 6.57E-08

Table 5

Hardware configuration used during the trial-phase prediction process.

Resource Value

CPU Count 12

GPU Count 1

RAM Total Size 83.4737 GB

CPU Model Intel Xeon CPU @ 2.20GHz

GPU Model NVIDIA A100-SXM4-40GB

Country ISO Code SGP

next round from the server. This process continued until the server returned no further active sessions,
marking the end of the test phase. This format was used for each o�cial run. The system submitted Run
0, Run 1, and Run 2 separately at every round, then checked the server for the next batch of messages.
When the server returned an empty dictionary, the evaluation process was considered complete.

5. Experimental Design

As shown in Figure 2, the proposed system was designed as a round-based pipeline to match the
server-driven evaluation setting of Task 2. For every round, the system collected the incoming data
from the o�cial server and combined the stored dialogue history with the current patient message to
form the model input. The three response options were then evaluated, the highest-ranked response
was selected, and the �nal output was converted into the required JSON format for submission across
Run 0, Run 1, and Run 2.
The code shows how the system preserved dialogue context during prediction. For each session, it

extracted the current patient message and response options, combined them with the stored history,
and passed the full query to BGE, Qwen4B, and the ensemble model. Each prediction was formatted
with the session ID, round number, and selected label. Afterward, the selected response was saved back



1. Retrieve Round

O�icial server

2. Extract Fields

ID, round, message, options

3. Build Context

Dialogue history

4. Create Query

History + patient message

5. Score Options

Three candidate responses

6. Select Response

Highest score / voting

7. Format JSON

option_1 / option_2 / option_3
8. Submit Runs

Run 0, Run 1, Run 2

Run 0

BGE Reranker

Run 1

Qwen Reranker

Run 2

Ensemble System

Figure 2: Workflow of the proposed interactive therapist response selection system for MentalRiskES

2026 Task 2. The system retrieves each round from the server, builds the dialogue context, scores the

three candidate therapist responses using the submitted runs, formats the prediction, submits the

outputs to the server, and repeats the process until no further rounds are returned.

into the same session history so that the next round could use the updated conversation context.
The evaluation followed the interactive, round-by-round protocol de�ned by the o�cial MentalRiskES

2026 server [9]. At each step, the system processed the newly released dialogue instance, produced its
decision, and submitted the prediction before the next round became available. The submitted output
was evaluated against the expert-selected answer provided by the organizers. Performance was reported
using accuracy and Macro F1, allowing the evaluation to re�ect both the overall correctness of the
system and its consistency across the available response labels. In addition to prediction results, the
submission �les included resource-related metadata, such as execution time, energy consumption, and
hardware details, as required by the shared task. Figure 3 shows the history-tracking code used in our
Task 2 pipeline.

5.1. Run 0: BGE Reranker

Run 0 used BAAI/bge-reranker-v2-m3. This model was selected because the task naturally �ts a
reranking formulation: the system receives one dialogue context and three candidate responses, and
the model must rank the candidates according to their suitability. BGE was used to measure how well a
strong semantic re-ranker could identify the most relevant therapist response.

5.2. Run 1: Qwen Reranker

Run 1 used tomaarsen/Qwen3-Reranker-4B-seq-cls. This model was included because response selection
in this task requires more than surface-level similarity. The selected response must �t the emotional
tone of the patient, the direction of the conversation, and the therapeutic context. Qwen was chosen
because of its stronger contextual modeling capacity, which made it suitable for comparing subtle
di�erences between the candidate therapist responses.

5.3. Run 2: Ensemble System

Run 2 used an ensemble system composed of three models:

• BAAI/bge-reranker-v2-m3

• tomaarsen/Qwen3-Reranker-4B-seq-cls

• cross-encoder/mmarco-mMiniLMv2-L12-H384-v1

The ensemble was designed to reduce dependence on a single model. Each model scored the three
candidate responses independently and selected its preferred option. The �nal ensemble prediction was



then decided through majority voting. This allowed the system to combine the semantic strength of
BGE, the contextual capacity of Qwen, and the lightweight cross-encoder behavior of mMiniLM.
Figure 3 shows the code used to preserve dialogue history during the Task 2 prediction process.

Figure 3: Dialogue history tracking code used in the Task 2 response-selection pipeline.



5.4. Summary of Submitted Runs

Table 6: Summary of the three o�cial systems submitted for MentalRiskES 2026 Task 2.

Run Model/System Decision Strategy

Run 0 BGE Reranker Highest scoring option
Run 1 Qwen Reranker Highest scoring option
Run 2 BGE + Qwen + mMiniLM Majority voting

Overall, the methodology was built around the interactive nature of the shared task. Instead of
treating each message as an isolated example, the system maintained session-level context, scored
all candidate therapist responses with reranking models, and submitted predictions round by round
through the o�cial server. This design allowed the system to work directly within the live evaluation
setup while preserving as much conversational context as possible.

6. Results

The results are presented in two parts. First, we present a summary of the predictions made by the
models used in the development of the trial phase. Second, we show the o�cial test results from the
MentalRiskES 2026 Task 2 leader-board. The trial phase was used primarily to examine the behavior of
the model and to validate the submission pipeline, as only model predictions were available locally and
no gold labels. Therefore, the main quantitative evaluation is based on the o�cial test results.
Accuracy was computed by the o�cial evaluation server by comparing each submitted prediction

with the expert-selected label for the same session and round. Since the gold labels were not released,
we could not perform a detailed error analysis. To keep the analysis transparent, we report the o�cial
scores together with prediction distributions and baseline comparisons.

We tested �ve systems during the trial phase: BGE, Qwen4B, mMiniLM, Qwen8B, and an ensemble
system. The distribution of selected options over the 19 trial rounds is presented in Table 7. The models
demonstrated various prediction patterns. Qwen8B was more likely to choose option 1, and Qwen4B
was more likely to choose option 3. The ensemble system gave a more even distribution among the
three options, indicating that the voting process helped to minimize the individual bias of individual
models.

Table 7

Distribution of predicted options generated by each model across the 19 trial rounds.

Model/System Option 1 Option 2 Option 3

BGE 7 7 5

Qwen4B 5 6 8

mMiniLM 7 8 4

Qwen8B 10 6 3

Ensemble 7 6 6

We ran three times for the o�cial test phase. The reranker used by Run 0 is BGE, the reranker used
by Run 1 is Qwen reranker, and the reranker used by Run 2 is ensemble system of BGE, Qwen4B, and
mMiniLM. The o�cial results are given in Table 8. The best performance was obtained by the Qwen
reranker among the three systems submitted. It achieved an overall accuracy of 0.393 and a Macro F1
score of 0.392 in the shared task. The ensemble system had an accuracy of 0.320 and a Macro F1 score
of 0.321, whereas the BGE reranker had an accuracy of 0.296 and a Macro F1 score of 0.296.

Table 8

O�icial test results of the three submitted NLP Innovators runs for MentalRiskES 2026 Task 2.

Rank Team/System Run Accuracy Macro Precision Macro Recall Macro F1

1 NLP Innovators 1 0.393 0.392 0.392 0.392

10 NLP Innovators 2 0.320 0.320 0.321 0.321

19 NLP Innovators 0 0.296 0.296 0.297 0.296



The o�cial results indicate a clear di�erence between the systems submitted. The Qwen reranker
obtained higher o�cial scores than both the BGE reranker and the ensemble system. This suggests that
the Qwen model was better able to understand the context and therapeutic meaning of the candidate
answers. For this task, the semantic similarity is not the only factor to consider when selecting the
correct therapist response; the emotional direction of the conversation and the selection of a supportive,
coherent, and clinically appropriate response are also important.
The ensemble system performed better than the BGE-only run, but not as well as the reranker of

Qwen. This implies that simple majority voting was not enough to outperform the best single model.
A potential explanation is that the �nal ensemble result might have been a�ected by weaker model
decisions, which could have diminished the bene�t of Qwen. A weighted ensemble, in which stronger
models are given more weight, might be more e�ective for future work. We also checked our best run
against the o�cial baselines in the leaderboard. As presented in Table 9, our system based on Qwen
achieved better performance than the random baseline and the Gemma baseline. The random baseline
had an accuracy of 0.363 and Macro F1 of 0.361, and the Gemma baseline had an accuracy of 0.180 and
Macro F1 of 0.176. Our best system exceeded these baselines, showing that a reranker-based approach
is e�ective for this response selection task [5].

Table 9

Comparison of the best NLP Innovators run with the o�icial baselines.

System Accuracy Macro F1

NLP Innovators Run 1 0.393 0.392

Random Baseline 0.363 0.361

Gemma Baseline 0.180 0.176

7. Discussion

O�cial results show that Task 2 required more than a simple match between the patient message and the
candidate response. The selected response had to �t the patient’s emotional state, the previous dialogue
context, and the therapeutic direction of the conversation. This made the task di�cult, especially when
the response options were close in meaning.

Among our submitted systems, the Qwen reranker achieved the best o�cial performance. Since the
gold labels were not released, we could not examine individual errors or make a detailed case-level
analysis. However, the results show that Qwen ranked the candidate responses more e�ectively in this
setting than the other submitted systems.
The ensemble system performed better than the BGE-only run but did not outperform Qwen. A

possible explanation is that the ensemble used simple majority voting, where all models were treated
equally. In future work, a weighted ensemble could be explored so that stronger models contribute
more to the �nal decision.
Overall, the results suggest that therapist response selection bene�ts from models that can capture

both semantic relevance and dialogue-level context. Although the analysis is limited by the absence of
gold labels, the o�cial scores, prediction distributions, and baseline comparison provide a clear view of
the submitted systems’ behavior.
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