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Abstract

Adapting general-purpose LLMs into domain-
specialized dense retrievers typically requires
large-scale training on mixed-domain data.
We show that merging independently trained
domain-specialized experts consistently ex-
ceeds this approach across four decoder-only
LLM families (0.6B–7B), four merging meth-
ods, and twelve medical and general retrieval
tasks from MTEB, suggesting that parameter-
space composition captures complementary do-
main strengths that large-scale mixed-domain
training averages out. To further maximize
expert quality, we introduce Synthesize-Train-
Merge (STM), a modular framework that syn-
thesizes hard negatives with a top-tier LLM
and fine-tunes domain-specialized experts via
LoRA before merging them, without contin-
ual pre-training. Synthesized hard negatives
yield the largest gains for smaller models, and
STM achieves strong performance on biomedi-
cal retrieval tasks while maintaining competi-
tive general-domain results across all four back-
bone families.

1 Introduction

Retrieval-augmented generation (RAG) (Lewis
et al., 2020) has become a standard approach for
grounding Large Language Models (LLMs), im-
proving on recent knowledge and mitigating hal-
lucinations (Xiong et al., 2024; Fan et al., 2024;
Abo El-Enen et al., 2025; Ayala and Bechard, 2024;
Barry et al., 2025). At the core of RAG systems
are lexical and semantic retrievers (Sawarkar et al.,
2024; Wang et al., 2024b), with dense retrievers
built on decoder-only LLMs now achieving state-
of-the-art performance on embedding tasks (Wang
et al., 2024a; BehnamGhader et al., 2024). This
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Figure 1: Diagram of our recipe to obtain the STM
retrievers: 1) synthetic data based on hard negative gen-
eration, 2) LoRA fine-tuning, and 3) model merging.
We segment the BMRetriever dataset into four splits:
Real Medical, Synthetic Medical, NLU, and Search.

suggests that general-purpose LLMs already pro-
vide a strong foundation for retrieval.

Yet adapting these models to domain-specific
retrieval, such as in the biomedical field, remains
an open challenge. Prior work (Xu et al., 2024)
shows that contrastive pre-training on large cor-
pora followed by instruction tuning yields strong
medical retrievers, and hard negative mining fur-
ther boosts performance (de Souza Pereira Moreira
et al., 2024; Lee et al., 2024; Shao et al., 2025).
However, the computational cost of continual pre-
training is substantial, and it remains unclear which
subsets of the data mixture drive most of the gains,
or whether top-tier LLMs can be leveraged to syn-
thesize effective hard negatives in place of mined
ones.

In parallel, model merging (Goddard et al., 2024)
has emerged as a powerful paradigm for composing
robust models (Wortsman et al., 2022; Aakanksha
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et al., 2024), enabling modular development (Cor-
beil et al., 2025) and efficient data ablation (Na
et al., 2024). Basic techniques such as Model-
Soup (Wortsman et al., 2022) are now part of
the training recipes of several recent retrievers,
including Granite (Awasthy et al., 2025), Llama-
Embed-Nemotron-8B (Babakhin et al., 2025), Em-
beddingGemma (Vera et al., 2025), and Qwen3
Embedding (Zhang et al., 2025). To our knowl-
edge, only Xiao et al. (2024) has systematically
studied ModelSoup merging (i.e., linear merging)
for both encoder and decoder retrievers. Beyond
this, little is known about whether merging gains
hold consistently across model scales and data mix-
tures, which data subsets matter most, and how to
best optimize merging coefficients for retrieval.

We ask whether merging domain-specialized ex-
perts can replace large-scale mixed-domain train-
ing entirely. Across four decoder-only LLM fam-
ilies and twelve retrieval tasks, we find consis-
tently that it can. To maximize expert quality
before merging, we introduce Synthesize-Train-
Merge (STM), a modular framework that syn-
thesizes hard negatives with an LLM, fine-tunes
domain-specialized experts via LoRA, and merges
them in parameter space; all without continual pre-
training (Figure 1). Our contributions are as fol-
lows:

• We demonstrate that parameter-space merg-
ing of dense retrieval experts consistently
performs above large-scale mixed-domain
fine-tuning across four decoder-only LLM
families (0.6B–7B), four merging methods,
and twelve retrieval tasks from MTEB (Fig-
ure 2).

• We introduce STM (Synthesize-Train-
Merge), a modular framework for building
domain-specialized dense retrievers without
continual pre-training.

• We show the practical effectiveness of LLM-
synthesized hard negatives for retrieval ex-
pert training across a range of backbone fami-
lies, with especially strong benefits for smaller
models.

• We release code 1, an improved retrieval
dataset, and STM model checkpoints 2 to
facilitate reproducibility and future research.

1https://github.com/TIO-IKIM/STM
2https://huggingface.co/collections/

ikim-uk-essen/stm.
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Figure 2: Performance comparison of STM Merged
Models versus models fine-tuned on the combined
datasets of all merged experts, across 4 base models,
using the average NDCG@10 metric across 12 MTEB
tasks.

LLM2Vec BMRetriever STM (Ours)

Pooling Average EOS EOS

Training Setup LoRA LoRA LoRA

Training Recipe MNTP +
SimSCE PT + FT FT +

Merging

Negatives SimSCE Sampled
Top-k Synthetic

Dataset size 1.5M 11.4M 1.4M

Domain General Biomedical General &
Biomedical

Table 1: Comparison of attributes between previous
methods (LLM2Vec, BMRetriever) and ours. LLM2Vec
is a multi-task contrastive embedding model, and BM-
Retriever a biomedical dense retriever pretrained with
pseudo-queries (PT) and finetuned on a mix of real and
synthetic labeled data with mined hard negatives (FT).

2 Related Works

2.1 Retrievers from Decoder-Only Models

E5 (Wang et al., 2024a) first demonstrated state-
of-the-art performance on the MTEB benchmark
(Muennighoff et al., 2022) from pretraining and
fine-tuning Mistral 7B (Jiang et al., 2023), a
decoder-only model, on real and synthetic paired
retrieval data. LLM2Vec (BehnamGhader et al.,
2024) showed that using bidirectional attention
masking with average pooling on LLMs, and train-
ing them with masked next token prediction and
SimCSE (Gao et al., 2021) led to improvements
on retrieval tasks. NV-Embed (Lee et al., 2024)
introduced the latent attention pooling layer dur-
ing training with positive-aware hard negatives
and non-retrieval task data to reach stronger per-
formance. BMRetriever (Xu et al., 2024) lever-
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aged a vast contrastive pre-training, followed by
instruction tuning on a mix of real and synthetic
datasets, yielding strong dense retrieval models for
the biomedical domain.

2.2 Hard Negative Mining
Hard negative mining has become a crucial de-
sign choice for training modern dense retrievers.
Classical negative mining schemes (Xiong et al.,
2021; Zhan et al., 2021) showed that retrieving
top-ranked passages during training can accelerate
contrastive learning. Despite its limitation to ex-
act word overlap, BM25 (Robertson and Zaragoza,
2009) is still widely used to surface hard negatives
(Karpukhin et al., 2020; Zhan et al., 2021). NV-
Retriever (de Souza Pereira Moreira et al., 2024)
revisits this space with positive-aware hard nega-
tive mining, which boosts the performance on the
MTEB benchmark.

Beyond mined hard negatives, a small but grow-
ing line of work starts to explore generated hard
negatives using LLMs. SyNeg (Li et al., 2024)
uses an LLM with a multi-attribute self-reflection
prompting strategy to synthesize hard negatives and
combines them with retrieved negatives in a hybrid
sampling scheme. Their ablation study shows that
gains only arise from the hybrid method. In con-
trast, we show that only prompting a top-tier LLM
to generate hard negatives can yield substantial
gains, particularly for smaller models.

2.3 Model Merging
Linear-mode connectivity (Frankle et al., 2020;
Mirzadeh et al., 2020) established that indepen-
dently trained solutions can be connected by
low-loss paths in parameter space, motivating
model combination methods based on interpolation.
Building on this insight, Model Soup (Wortsman
et al., 2022) showed that averaging multiple train-
ing checkpoints can outperform selecting a single
one. These ideas naturally extend from combin-
ing checkpoints of a single model to merging dis-
tinct expert models: task arithmetic (Ilharco et al.,
2022) formulates merging as adding and subtract-
ing task-specific deltas from a base model, while
methods such as Ties-merging (Yadav et al., 2023)
and DARE (Yu et al., 2024) explicitly tackle param-
eter interference when merging multiple experts.
Recent work further shows that such parameter-
level merging can be competitive with data-mixing
strategies (Aakanksha et al., 2024; Na et al., 2024).

Authors (Labrak et al., 2024; Corbeil et al., 2025)

employed merging to build robust medical LLMs.
EmbeddingGemma (Vera et al., 2025) and Qwen3
Embedding (Zhang et al., 2025) exploit merging in
their recipe without studying its impact.

3 Methods

3.1 Hard Negative Generation

Training dense retrievers with contrastive objec-
tives requires negatives that are both topically re-
lated and semantically distinct from the positives.
Existing hard negative mining strategies frequently
struggle to balance informativeness and correct-
ness, often introducing either trivial negatives or
false negatives that are actually relevant (de Souza
Pereira Moreira et al., 2024).

To alleviate this issue, we employ GPT-5 (Singh
et al., 2026) to generate synthetic hard negatives.
Given a query q, a positive passage p+, and an ex-
isting mined negative p−, we prompt the LLM to
generate a new negative passage p̃− that remains
lexically and topically aligned with q while be-
ing semantically irrelevant or contradictory. The
prompt provides the full context (q, p+, p−) and
explicitly instructs the model to preserve surface-
level similarity while altering semantic intent. The
exact prompt template is provided in Appendix B.1.

3.2 Instruction Fine-Tuning

We fine-tune decoder-only backbone models us-
ing a contrastive learning objective to obtain dense
retrievers. We adopt the InfoNCE loss (van den
Oord et al., 2018), which encourages each query
embedding to be closer to its corresponding posi-
tive passage than to all other passages in the batch
and to any provided hard negative passage.

Formally, given a batch of N triplets
{(qi, p+i , p−i )}Ni=1, the loss term for a given
query qi is defined as:

Li = − log
esim(qi,p

+
i )

esim(qi,p
−
i ) +

∑N
j=1 e

sim(qi,p
+
j )

,

where sim(·, ·) denotes cosine similarity between
embeddings, and the denominator includes two
terms: the first one uses a hard negative p−i , and the
second one employs other passages p+j for j ̸= i as
in-batch negatives. We average over the loss terms
in the batch to obtain the total loss.
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3.2.1 Expert Model Fine-Tuning

To enable modular specialization, we fine-tune mul-
tiple expert retrievers on different, coherent subsets
of the BMRetriever fine-tuning dataset (Xu et al.,
2024): medical synthetic, medical real, natural
language understanding (NLU), and search.

The medical real subset includes sentence-level
biomedical inference and similarity datasets such
as MedNLI (Shivade, 2017) and Medical Ques-
tion Pairs (McCreery et al., 2020), as well as
passage-level biomedical QA benchmarks includ-
ing MEDIQA (Ben Abacha et al., 2019), medi-
cal StackExchange QA (Team, 2021), and med-
ical dialogue data (Li et al., 2023). The medi-
cal synthetic subset consists of LLM-generated
biomedical retrieval pairs. To improve general-
domain relevance modeling, the dataset further in-
corporates NLU benchmarks such as Natural Ques-
tions (Kwiatkowski et al., 2019), FEVER (Thorne
et al., 2018), ELI5 (Fan et al., 2019), SNLI (Bow-
man et al., 2015), and the MS MARCO passage
ranking dataset (Bajaj et al., 2018) as the search
subset.

We train four experts per backbone model, each
emphasizing a distinct data composition or training
configuration, such as synthetic hard negatives.

3.3 Model Merging

Model merging aims to combine multiple expert
retrievers into a single model that inherits com-
plementary strengths without additional training.
Given a set of expert models {Mk}Kk=1 with pa-
rameters {θk}, merging methods compute a unified
model M̂ by operating directly in parameter space.

In the simplest case, linear merging (Wortsman
et al., 2022) is defined as:

θM̂ =
K∑

k=1

αkθk, (1)

where αk are the weight coefficients with 0 ≤
αk ≤ 1.

The task arithmetic approach (Ilharco et al.,
2022) relies instead on a linear combination of task
vectors τk = θk − θB , which is the delta of param-
eters between the kth expert and the parameters of
the base model θB . The merged model becomes

θM̂ = θB +

K∑

k=1

αkτk, (2)

Ties merging (Yadav et al., 2023) also lever-
ages task vectors τk with two strategies to mitigate
the task-interference phenomenon: keeping only
high-magnitude parameter changes by introducing
a second parameter named density δk ∈ [0, 1], and
the sign agreement algorithm, which is a majority
vote on the signs across all τk. The DARE-Ties
technique (Yu et al., 2024) replaces the magnitude-
based pruning of Ties with random dropout at rate
δk followed by a rescaling of task vectors.

4 Experiments

4.1 Finetuning Expert Datasets
For fine-tuning, we reuse the BMRetriever data
mixture (Xu et al., 2024) which originally con-
tained 14 data sources. We reorganize it into the
four coherent subsets in Table 2 balanced by size,
task, and domain.

Medical General

Split Med-Synth Med-Real Search NLU

#Pairs 431,000 306,000 438,000 251,000

Table 2: Pair counts for our custom splits of the BMRe-
triever fine-tuning dataset, comprising four splits: two
in the medical domain and two in the general domain.

4.2 Training Setup
We experiment with four decoder-only backbone
architectures of varying sizes; Qwen3 (Yang et al.,
2025), Gemma (Team et al., 2024), Phi-4 (Abdin
et al., 2024), and Mistral (Jiang et al., 2023); the
configurations are summarized in Table 3.

Qwen3 Gemma Phi4 Mistral

Parameters 0.6B 2B 3.8B 7B
Dimensions 1,024 2,048 3,072 4,096

Table 3: Backbone model used for expert training. Pa-
rameters indicate the total model size, and Dimensions
refers to the hidden size.

In preliminary experiments, we consider both
EOS-token pooling and mean pooling strategies.
However, we observe that the former yields slightly
stronger performance. Therefore, we adopt EOS
pooling for all reported results. Table 1 compares
our implementations with previous works.

During fine-tuning, retrieval prompts are
prepended to each query, and models are trained
using the InfoNCE loss. We fine-tune all models
using LoRA adapters (Hu et al., 2021) applied to all
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linear layers following prior work (BehnamGhader
et al., 2024; Lee et al., 2024; Xu et al., 2024). Hy-
perparameters, including learning rate, batch size,
number of steps, and LoRA configuration, are sum-
marized in Table 9 of Appendix A.

We conduct fine-tuning under several configu-
rations. We begin with standard fine-tuning on
the base dataset and the four data splits. We then
fine-tune the models on the datasets augmented
with synthetic hard negatives. Finally, we evalu-
ate a configuration that combines the best experts
from either standard fine-tuning or synthetic hard-
negative variants.

4.3 Model Merging

We perform model merging using MergeKit (God-
dard et al., 2024), which supports parameter-space
merging for HuggingFace-compatible models. We
evaluate four main merging strategies: linear inter-
polation (Wortsman et al., 2022), task arithmetic (Il-
harco et al., 2022), Ties merging (Yadav et al.,
2023), and DARE-Ties (Yu et al., 2024).

We compare the selection of the best
merged models across two different coefficient-
optimization techniques: (1) a random search
approach of N sampling rounds, and (2) the CMA-
ES evolutionary algorithm (Akiba et al., 2025) at
N evaluations based on the MergeKit implementa-
tion3. For linear merging and task arithmetic, we
sweep weight coefficients α ∈ {0, 0.1, . . . , 0.9}.
For Ties and DARE-Ties, we sweep the weight
coefficients over the same range, and vary the
density parameter over ρ ∈ {0.1, 0.2, . . . , 0.9}.

Without any training, all merged models are eval-
uated on a frozen development split comprising
four retrieval tasks: NFCorpus (Boteva et al., 2016),
FiQA-2018 (Thakur et al., 2021), FEVER (Thorne
et al., 2018), and CLUE-IR (Corbeil et al., 2025),
spanning biomedical in-domain and general out-of-
domain retrieval. For NFCorpus and FiQA-2018,
dev queries are sampled from the official validation
split and are disjoint from the full test corpora used
in MTEB evaluation; FEVER and CLUE-IR are
held exclusively for tuning and do not appear in the
benchmark. Hyperparameters are selected using
unweighted mean NDCG@10 across the four sub-
sets. Full details of the frozen development bench-
mark construction, sampling procedure, search con-
figuration, and merge-selection protocol are pro-
vided in Appendix C.1 and Appendix C.3.

3Adapted for the evaluation of retrieval tasks.

4.4 Baselines

We compare our models against a diverse set of
retrieval baselines, including BM25 (Lù, 2024),
Contriever (Izacard et al., 2021), E5-v2 (Wang
et al., 2024a), GTR (Ni et al., 2021), LLM2Vec
3B (BehnamGhader et al., 2024), BMRetriever
2B (Xu et al., 2024), and Promptriever 7B (Weller
et al., 2024). Baselines are selected to match our
models in parameter scale or architectural family
and to reflect comparable training budgets.

4.5 Evaluation

Previous works have focused on either the medi-
cal domain or the general domain. In this work,
we aim at maximizing medical performance while
maintaining general retrieval capabilities. We eval-
uate retrieval performance on the English medical
subset of the Medical MTEB benchmark (Muen-
nighoff et al., 2022; Enevoldsen et al., 2025),
which includes TREC-COVID (Roberts et al.,
2021), SciFact (Wadden et al., 2020), NFCor-
pus (Boteva et al., 2016), CUREv1 (Athar Sheikh
et al., 2025), PublicHealthQA (Xing Han Lu,
2024), FeedbackQA (Li et al., 2022) and Med-
icalQA (Ben Abacha and Demner-Fushman, 2019).
To assess general-domain generalization, we ad-
ditionally evaluate on five general-domain MTEB
datasets, including FiQA (Thakur et al., 2021), Ar-
guAna (Wachsmuth et al., 2018), SciDocs (Co-
han et al., 2020), and two NanoMTEB sub-
sets (NanoFEVER (Thorne et al., 2018) and
NanoQuora (DataCanary et al., 2017)).

Following prior work on dense retriever evalu-
ation (Xu et al., 2024; Weller et al., 2024; Muen-
nighoff et al., 2022), we report NDCG@10 and
Recall@100 on established public benchmarks.
Scores are averaged across three evaluation groups:
medical datasets, general-domain datasets, and the
full dataset collection. For instruction-tuned re-
trievers, we use a shared retrieval prompt across all
models at evaluation time.

Descriptions of the twelve tasks, including cor-
pus sizes and query types, are in Appendix C.2.

5 Results and Analysis

5.1 Comparison with Prior Retrievers

We evaluate the best-merged STM models against
established baselines on twelve MTEB tasks (Ta-
ble 4), following established practice in retrieval
evaluation (Muennighoff et al., 2022; Enevoldsen
et al., 2025; Xu et al., 2024).
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Model Size Avg
Med

Avg
General

Avg
All

BM25 - 0.532 0.515 0.525
Contriever 150M 0.508 0.533 0.519
E5 Large V2 335M 0.654 0.576 0.622
GTR T5 XL 1.2B 0.581 0.586 0.583
BMRetriever 2B 0.645 0.560 0.609
LLM2Vec 3B 0.635 0.597 0.619
Promptriever 7B 0.682 0.605 0.650

STMQwen3 0.6B 0.636 0.574 0.610
STMGemma 2B 0.648 0.573 0.617
STMPhi4 3.8B 0.659 0.604 0.636
STMMistral 7B 0.693 0.639 0.671

Table 4: Summary of retrieval performance against base-
lines across medical and general domains. NDCG@10
scores are averaged across 12 MTEB tasks. Bold indi-
cates the highest value per column. Full per-task results
are reported in Appendix C, Table 12.

STMMistral records the highest mean
NDCG@10 across the twelve tasks (0.671), 0.021
above the strongest baseline, Promptriever 7B
(0.650), and 0.049 above E5 Large V2 (0.622).
BMRetriever shows higher medical than general
scores (0.645/0.560), indicating biomedical
specialization at the cost of general-domain
coverage. STM models show a more balanced
profile across both subsets. STMGemma records
a higher general score than BMRetriever (0.573
vs. 0.560) despite sharing the same 2B base model,
without sacrificing medical performance (0.648 vs.
0.645). STMQwen3 (0.6B) records higher mean
NDCG@10 than GTR T5 XL (1.2B) (0.610 vs.
0.583). Recall@100 results are consistent with
these findings (Table 10).

5.2 Model Merging

Table 5 shows that merged models record higher
mean NDCG@10 than fully fine-tuned counter-
parts across all backbone families and model sizes
(Figure 2). TIES and Task Arithmetic achieve the
same average NDCG@10 across the four families
(0.632), with TIES leading for Mistral (0.671), Task
Arithmetic tying with TIES for Gemma (0.617),
and DARE-TIES leading for Phi4 (0.636). This
observation suggests mixed results with respect to
merging techniques; while simple weighted arith-
metic on task vectors is sufficient in certain settings,
more complex interference-aware methods offer an
advantage in others. Interference-aware methods
(TIES, DARE-TIES) are preferable when the risk

Method Qwen3 Gemma Phi4 Mistral

Full Dataset Fine-Tuning

FT-allHNM 0.591 0.600 0.621 0.655
FT-allSHN 0.600 0.605 0.629 0.648

Modular Specialized Experts

Best ExpertHNM 0.583 0.591 0.611 0.652
Best ExpertSHN 0.592 0.598 0.605 0.647

Merged Experts (STM)

STM-DARE 0.608 0.615 0.636 0.660
STM-TIES 0.608 0.617 0.630 0.671
STM-Linear 0.610 0.608 0.623 0.662
STM-TA 0.607 0.617 0.634 0.668

Table 5: Comparison of full-dataset fine-tuning, mod-
ular specialized experts, and STM-based expert merg-
ing across four backbone families. NDCG@10 scores
are averaged across 12 MTEB tasks. Bold indicates
the best-performing result within each backbone family.
Full results are reported in Appendix C, Table 11.

of task interference is non-negligible, consistent
with the high sign-conflict rate we measure across
expert task vectors (~87% across all four back-
bones; Table 20), which motivates their use as the
number of experts or interference grows.

In all four families, the best STM variant records
higher mean NDCG@10 than both the strongest
individual expert and full-dataset fine-tuning, con-
firming that merging captures complementary do-
main strengths rather than amplifying a single dom-
inant expert.

Figure 6 in Appendix C offers a mechanistic
perspective on the observed benchmark advantage
of merging over full-data fine-tuning. Full-data
fine-tuning (dashed gray) produces larger per-layer
weight deviations from the base model than any
individual expert, suggesting it overwrites rather
than preserves domain-specific structure. The best
merged model (solid red) instead stays closer to its
expert parents in parameter space, inheriting their
complementary specializations without the destruc-
tive interference that joint training introduces. This
pattern is consistent across all four backbone fami-
lies.

5.3 Synthetic Hard Negatives

5.3.1 Expert-level Ablations
In Table 6, the synthetic hard negative approach
(SHN) yields consistent improvements over stan-
dard hard-negative mining (HNM) for three of the
four backbones, with average NDCG@10 gains
of +4.2%, +2.0%, and +2.4% for Qwen3-0.6B,
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Model Med-
Synth

Med-
Real Search NLU Avg

Qwen3 0.6B

FTHNM 0.583 0.568 0.506 0.546 0.551
FTSHN 0.592 0.583 0.557 0.563 0.574
∆% +1.5% +2.6% +10.1% +3.1% +4.2%

Gemma 2B

FTHNM 0.581 0.591 0.503 0.520 0.549
FTSHN 0.598 0.575 0.508 0.559 0.560
∆% +2.9% -2.7% +1.0% +7.5% +2.0%

Phi4 3.8B

FTHNM 0.611 0.611 0.497 0.585 0.576
FTSHN 0.605 0.600 0.591 0.566 0.590
∆% -1.0% -1.8% +18.9% -3.2% +2.4%

Mistral 7B

FTHNM 0.638 0.652 0.610 0.603 0.626
FTSHN 0.644 0.647 0.571 0.620 0.621
∆% +0.9% -0.8% -6.4% +2.8% -0.8%

Table 6: NDCG@10 scores averaged over 12 MTEB
tasks for expert models trained with standard hard-
negative mining (HNM) and synthetic hard negatives
(SHN). ∆% denotes the relative percentage improve-
ment of SHN over HNM.

Gemma-2B, and Phi4-3.8B, respectively. These
gains are driven mainly by the general-domain
Search split (+10.1% for Qwen3, +18.9% for Phi4),
while the biomedical splits show mixed or neg-
ative changes. Mistral-7B is the sole exception,
showing a slight average decline of -0.8%, sug-
gesting that larger, higher-capacity models may
already learn sufficiently discriminative representa-
tions from mined hard negatives, leaving less room
for synthetic augmentation to contribute.

An inverse scaling trend also emerges: smaller
models derive the largest average benefit from SHN
(+4.2% for Qwen3-0.6B versus -0.8% for Mistral-
7B). We hypothesize that smaller encoders, having
more limited representational capacity, are more
sensitive to the quality of negative examples during
contrastive training. Our results are consistent with
recent findings on scaling laws for dense retrieval
(Fang et al., 2024), which show that model size and
training data quality interact predictably, though the
specific interaction with synthetic hard negatives
warrants further study.

We verified a stratified sample of the SHN
dataset using an independent embedding model
not used in STM training. GPT-5 negatives oc-
cupy the expected hard-negative regime (Table 22):
their mean query–passage cosine similarity (0.56)

Pool Qwen3 Gemma Phi4 Mistral

base 0.607 0.614 0.625 0.667
shn 0.605 0.589 0.616 0.653
best 0.604 0.617 0.634 0.668

Table 7: Mean NDCG@10 for Task Arithmetic merging
across expert pools. base: standard experts; shn: syn-
thetic hard-negative experts; best: architecture-specific
mix.
is comparable to mined negatives (0.54) and well
below positives (0.73), while random negatives fall
to 0.20. A two-judge false-negative audit with two
LLMs distinct from the generator (Table 21) con-
firms 95–96% of GPT-5 negatives as topically re-
lated to the query but not correct answers, with
96% raw inter-judge agreement.

5.3.2 Ablation of Modular Expert Selection
Table 7 shows that the best pool, a curated mix
of standard and SHN adapters, records the high-
est mean NDCG@10 for Gemma (0.617), Phi4
(0.634), and Mistral (0.668). This is particularly
notable for Phi4 and Mistral, where SHN provided
little or no improvement at the single-expert level
(Table 6), yet SHN adapters contribute meaning-
fully when composed via merging. The reverse
holds for Qwen3: despite benefiting most from
SHN at the single-expert level, all pools perform
within 0.003 points of each other at merging, con-
sistent with the inverse scaling trend in Table 6,
suggesting that at 0.6B, the base experts already
capture sufficient complementarity for merging to
exploit. Full results across all methods are in Ta-
ble 15.

5.4 Merging Coefficients
5.4.1 Optimization of Coefficients
Table 16 compares CMA-ES evolve and random
search across all four model families. The two
strategies achieve comparable peak performance,
and neither dominates consistently across archi-
tectures or methods. Random search with N=10
samples is therefore a competitive and substan-
tially cheaper alternative. For Phi4, random search
records higher mean NDCG@10 than evolve on
three of four methods (e.g., DARE-TIES: 0.636
vs. 0.624 for evolve), which may reflect the higher-
dimensional weight space making CMA-ES con-
vergence harder within 50 evaluations. For Mistral,
random search records higher mean NDCG@10 for
Task Arithmetic (0.668 vs. 0.653) and TIES (0.671
vs. 0.665). These results suggest that practition-
ers can obtain near-optimal merged models with a
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lightweight random sweep over a coarse coefficient
grid, without requiring evolutionary optimization.

5.4.2 Analysis of Coefficients

Merge weight coefficients for the best configuration
per method and backbone are depicted in Figure 54

of Appendix C.3. Medical experts receive the high-
est weights across all families, with MedReal con-
sistently dominant. As detailed in Table 16, sev-
eral optimal configurations assign near-zero weight
to at least one expert: NLU is down-weighted
to 0.01 in Gemma’s best Task Arithmetic config-
uration (MedReal 0.84, Search 0.41), Search to
0.06 in Phi4’s Task Arithmetic base configuration
(MedReal 0.43), and Search to 0.01 in Mistral’s
Task Arithmetic hn configuration (MedReal 0.41,
MedSynth 0.44). The redundant expert varies by
architecture, confirming that the optimal subset
emerges naturally from the search process rather
than requiring manual selection.

Qwen3 Gemma Phi4
0.45

0.50

0.55

0.60

0.65

Av
g 

ND
CG

@
10

0.495 0.498
0.513

0.595
0.588

0.5970.591
0.600

0.621

PT (10M) PT+FT (11.4M) FT (1.4M)

Figure 3: Performance averages of three base models
pre-trained (PT) and fine-tuned (FT) on BMRetriever of
10M and 1.4M samples, respectively.

5.5 What about pretraining?

We displayed in Figure 3 results comparing pre-
training (PT) and fine-tuning (FT) setups. Despite
several previous works on both general (Wang et al.,
2024a; Lee et al., 2024) and medical domains (Xu
et al., 2024) employing an expansive pretraining
phase, we observe that pretraining on 10M unla-
beled pairs underperforms models fine-tuned only
on 1.4M pairs. We therefore drop the pretraining
step and use fine-tuning only in our experiments, re-
ducing the training compute of a single fine-tuning
run by approximately 88% relative to a PT+FT
pipeline (Table 17).

4Density coefficients for TIES are excluded as weight co-
efficients directly modulate expert amplitude.

Family FT-all Base
Merge

Merge
Method

Qwen3 0.6B 0.591 0.610 Linear
Gemma 2B 0.600 0.615 DARE-TIES
Phi4 3.8B 0.621 0.636 DARE-TIES
Mistral 7B 0.655 0.667 Task-Arith

Table 8: Mean NDCG@10 across 12 MTEB tasks for
merged models built exclusively from experts trained on
mined negatives (Base Merge), compared against full-
data fine-tuning on the same data (FT-all). Full per-task
results are reported in Appendix C, Table 18.

6 Discussion

Architecture vs. scale. A confounding factor
of our setup is that each scale is represented by a
single architecture, which prevents disentangling
the effects of model family and size. However,
our main findings are consistent across all four
backbone families, indicating that overall the gains
from expert merging are not architecture-specific.
Rather than attributing improvements to scale, we
interpret these results as evidence of robust cross-
architecture behavior. While we study multiple
scales, evaluating several sizes within a single fam-
ily would more precisely disentangle scaling effects
for one fixed architecture, which we leave to future
work.

On the role and cost of modularity. A natu-
ral baseline to model merging is to fine-tune a
single model on the union of all data. However,
our results consistently show that merging special-
ized experts performs above full-data fine-tuning,
suggesting that joint training tends to average or
overwrite domain-specific signals, while modular
training preserves them and enables their effec-
tive composition. We use identical fine-tuning hy-
perparameters per backbone in both settings (Ta-
ble 9), and as shown in Table 8, this effect is not
attributable to our GPT-5 synthetic hard negatives:
merging base experts without SHN still records
higher mean NDCG@10 than full-data fine-tuning
across all four backbones. Both settings still in-
clude the LLM-generated Med-Synth pairs from
the original BMRetriever mixture, so the compar-
ison isolates the contribution of our GPT-5 hard
negatives rather than of LLM-generated data in
general. This supports a view of merging not as
added complexity, but as a way to better retain
complementary expertise.

In practice, the added complexity is minimal:
merging is performed on CPU offline on a small
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development set, using simple coefficient search,
and requires no additional training. The train-
ing compute for the four experts is approximately
equal to that of a single full-data fine-tuning
run, since the splits cover essentially the same
∼1.4M-pair dataset. The observed variation in
wall-clock across backbones (Table 19) reflects
implementation-level throughput rather than a sys-
tematic difference. Compared to rank-based fusion
methods (Cormack et al., 2009), the key distinction
is at inference time: ensembling requires running
multiple models, whereas merging produces a sin-
gle model, yielding a better efficiency–performance
trade-off.

Why multiple experts. Finally, the use of mul-
tiple experts reflects complementary signals (real,
synthetic, NLU, search), and our results indicate
that combining them improves performance over
both individual experts and joint training, suggest-
ing that these signals are not redundant but syner-
gistic.

7 Conclusion

We showed that merging domain-specialized dense
retrieval experts consistently performs above large-
scale mixed-domain training across four decoder-
only LLM families (0.6B–7B), four merging meth-
ods, and twelve MTEB tasks, suggesting that
parameter-space composition captures complemen-
tary domain strengths that mixed-domain training
averages out. STM synthesizes hard negatives with
a top-tier LLM, fine-tunes domain-specialized ex-
perts via LoRA, and merges them in parameter
space without continual pre-training. Synthesized
hard negatives yield the largest gains for smaller
models, and optimal merge configurations natu-
rally down-weight redundant experts, confirming
that merging exploits complementarity rather than
averaging it out. These results suggest that modu-
lar expert composition is a practical and effective
alternative to mixed-domain training for building
versatile dense retrievers.

Limitations

Our study has three main limitations. First, our
synthetic hard negative generation relies on one
proprietary LLM; we do not evaluate sensitivity to
the choice of generator model, and performance
may vary with open-weight alternatives, though we
note that hard negative generation is a one-time

offline step that does not affect inference cost. Sec-
ond, all fine-tuning and merging runs use a single
random seed per configuration; multi-seed eval-
uation could further quantify variability. Third,
our experiments are conducted exclusively on En-
glish retrieval tasks; extending STM to multilingual
or cross-lingual settings is an important direction
given the growing need for domain-specialized re-
trieval in non-English biomedical literature.
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A Implementation Details

Hyperparameter

Maximum Tokens 512
Optimizer AdamW
LR Scheduler Linear Warmup
# Warmup Steps 100
bf16 True
Learning Rate

Mistral Instruct v0.2 (7B) 1 × 10−5

Phi4 mini instruct (3.8B) 2 × 10−5

Gemma (2B) 1 × 10−5

Qwen3 (0.6B) 5 × 10−5

# Epochs 1
LoRA Rank 16
LoRA α 32
Total Batch Size

Mistral Instruct v0.2 (7B) 32
Phi4 mini instruct (3.8B) 64
Gemma (2B) 128
Qwen3 (0.6B) 256

Table 9: Fine-tuning Hyperparameters.

Model Size Avg
Med

Avg
General

Avg
All

BM25 - 0.650 0.774 0.702
Contriever 150M 0.664 0.798 0.720
E5 Large V2 335M 0.724 0.830 0.769
GTR T5 XL 1.2B 0.690 0.814 0.742
BMRetriever 2B 0.691 0.768 0.723
LLM2Vec 3B 0.730 0.846 0.778
Promptriever 7B 0.729 0.831 0.771

STMQwen3 0.6B 0.713 0.811 0.754
STMGemma 2B 0.709 0.786 0.741
STMPhi4 3.8B 0.728 0.844 0.776
STMMistral 7B 0.741 0.856 0.790

Table 10: Retrieval performance measured in Re-
call@100 across medical and general domains. Bold
indicates the best result per column.

B Prompt Examples

B.1 Hard Negative Generation Prompts

The following prompt template was used for hard
negative mining:

Hard Negative Generation Prompt

Given this query: "{query}"
Original prompt: "{original prompt}"
Original positive document: "{positive doc}"
Original negative document: "{original
negative}"
Generate a HARD negative document that is:
1. Related to the same domain (extract domain from
the query)
2. Contains similar terminology and concepts as the
positive document
3. But is NOT relevant to answering the specific
query
4. Should be moderately challenging to distinguish
from the positive document
5. Should be a realistic document in the domain
6. Should be harder than the original negative docu-
ment but not as hard as a super hard negative
IMPORTANT: Return ONLY the document text. Do
not include any introductory text, explanations, sum-
maries, or meta-commentary. Just return the raw
document content.
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(a) NFCorpus (medical).
Pearson r = +0.93, Spear-
man ρ = +0.91.
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(b) FiQA2018 (general). Pear-
son r = +0.89, Spearman
ρ = +0.89.

Figure 4: Same-task dev sampling validation (125-query
dev NDCG@10 vs. full test benchmark). Each point
is one random-search merged model (Qwen3, Gemma,
Phi4, Mistral; twelve merge-method variants per archi-
tecture). Dotted: identity; solid: linear fit.

C Detailed Results

C.1 Frozen development benchmark

To avoid overfitting merge hyperparameters to
the twelve-task MTEB benchmark, we construct
a frozen dev split: 500 queries (125 per subset,
seed 42) from four retrieval tasks spanning biomed-
ical in-domain retrieval (NFCorpus, CLUE-IR)
and general out-of-domain settings (FiQA2018,
FEVER). Hyperparameters are selected by un-
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Figure 5: Expert merge weights for the best merged model per merging method on each backbone (Qwen3,
Gemma, Phi4, Mistral). Each panel shows parent coefficients assigned to four domain experts: MedReal, MedSynth,
Search, and NLU. For every backbone and method, we select the merged checkpoint with the highest mean NDCG@10
over the benchmark suite. Solid bars use the standard expert; hatched bars (//) use the synthetic hard-negative
(SHN) variant. Bar labels report merge weights.

weighted mean NDCG@10 across the four sub-
sets (Table 14). For NFCorpus and FiQA2018, dev
queries are sampled from the official validation
split and are disjoint from the full test corpora used
in MTEB evaluation; CLUE-IR and FEVER are
held exclusively for tuning and do not appear in the
benchmark.

Dev-set validity. Dev scores correlate strongly
with full MTEB rankings on both overlapping
tasks across n=48 random-search checkpoints
(four architectures × twelve merge-method vari-
ants per architecture; Evolve models excluded, as
they optimize directly on dev): Pearson r=+0.93
[+0.89, +0.96] on NFCorpus and r=+0.89
[+0.82, +0.94] on FiQA2018. See Figure 4. Ta-
ble 23 reports the gap between the best sampled
configuration and the arithmetic mean across the
N=10 random-search draws for each backbone
model. Linear merging exhibits a small gap (at
most 0.015 across all backbones), indicating that
most sampled configurations lie close to the best.
Interference-aware methods show wider gaps, up
to 0.125 for Phi4 DARE-TIES, reflecting a broader
range of sampled configurations.

C.2 Evaluation Benchmark Description

Table 13 describes the twelve retrieval tasks used
for evaluation, drawn from the MTEB bench-
mark (Muennighoff et al., 2022). All tasks are
English passage retrieval tasks evaluated with
NDCG@10, spanning biomedical and general do-
mains with diverse query types and corpus sizes.

C.3 Merge parameters

We tune merge weights on a shared frozen devel-
opment benchmark (Table 14) using two comple-
mentary search strategies: random search (uniform
sampling + best-of-N ) and evolve (CMA-ES). Both
use the same twelve variant buckets per architec-
ture: four merge methods (Linear, Task Arithmetic,
TIES, DARE-TIES) × three expert pools: base
(four standard fine-tuned experts), hn (four hard-
negative experts), and best (a per-architecture mix
of standard and HN adapters derived from our
strongest evolve runs).

Random search. For each bucket we draw
N=10 merge configurations with seed 42: weights
(and TIES/DARE-TIES densities) are sampled
from {0.1, 0.2, . . . , 1.0}, this yields 12×10 = 120
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Figure 6: Per-layer relative Frobenius weight change ∥∆W∥F /∥Wbase∥F for all four backbone families (Qwen3,
Gemma, Phi4, Mistral), where Wbase is the pretrained base checkpoint. Dashed gray: full-data fine-tuning. Solid
red: best merged model (highest mean NDCG@10 across 12 MTEB tasks per family). Colored curves: individual
domain experts used in that merged checkpoint.

candidates per architecture; we keep the checkpoint
with highest mean dev NDCG@10 per bucket (12
final models per architecture).

Evolve (CMA-ES). We run mergekit-evolve
with up to 50 function evaluations per bucket. Each
evaluation merges four experts, scores the result on
the frozen dev split, and returns the mean of four
dev NDCG@10 scores to CMA-ES. For Qwen3,
best uses the same four HN adapters as hn, but we
still run separate buckets and sample independent
weights in random search.

Table 16 lists, for each model family, the single
best merged checkpoint under evolve (CMA-ES on
the dev set) and under random search (best of ten
sampled configurations per expert bucket), each
ranked by the mean NDCG@10 in 4 dev tasks.
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Method Qwen3 Gemma Phi4 Mistral

Avg
Med

Avg
Gen

Avg
All

Avg
Med

Avg
Gen

Avg
All

Avg
Med

Avg
Gen

Avg
All

Avg
Med

Avg
Gen

Avg
All

Full Dataset Fine-Tuning

FT-allHNM 0.622 0.548 0.591 0.638 0.548 0.600 0.655 0.573 0.621 0.692 0.603 0.655
FT-allSHN 0.632 0.555 0.600 0.637 0.561 0.605 0.661 0.585 0.629 0.676 0.609 0.648

Modular Specialized Experts

Med-Real 0.609 0.510 0.568 0.625 0.542 0.591 0.643 0.567 0.611 0.678 0.616 0.652
Med-RealSHN 0.613 0.541 0.583 0.609 0.527 0.575 0.626 0.564 0.600 0.676 0.606 0.647
Med-Synth 0.614 0.540 0.583 0.606 0.546 0.581 0.642 0.567 0.611 0.671 0.592 0.638
Med-SynthSHN 0.614 0.561 0.592 0.624 0.562 0.598 0.640 0.555 0.605 0.670 0.608 0.644
Search 0.527 0.477 0.506 0.523 0.475 0.503 0.515 0.472 0.497 0.638 0.571 0.610
SearchSHN 0.577 0.530 0.558 0.510 0.507 0.508 0.617 0.555 0.591 0.598 0.533 0.571
NLU 0.573 0.509 0.546 0.546 0.484 0.520 0.628 0.525 0.585 0.623 0.575 0.603
NLUSHN 0.578 0.543 0.563 0.564 0.552 0.559 0.585 0.539 0.566 0.637 0.596 0.620

Merged Experts (STM)

STMDARE 0.631 0.577 0.608 0.649 0.567 0.615 0.659 0.604 0.636 0.684 0.626 0.660
STMTIES 0.634 0.571 0.608 0.649 0.572 0.617 0.659 0.590 0.630 0.693 0.639 0.671
STMLinear 0.636 0.574 0.610 0.631 0.576 0.608 0.648 0.589 0.623 0.687 0.627 0.662
STMTA 0.632 0.572 0.607 0.648 0.573 0.617 0.661 0.595 0.634 0.693 0.633 0.668

Table 11: Average NDCG@10 across 12 MTEB tasks. Specialized experts are trained on partitioned subsets of the
training data, while FT-all denotes fine-tuning on the full dataset.

Medical General

Model Size
Feedback

QA
Medical

QA
CUREv1

Public
HealthQA

NF
Corpus

TREC
COVID

Sci
Fact

SCI
DOCS

Nano
FEVER

Argu
Ana

Nano
Quora

FiQA
2018

Avg
Med.

Avg
Gen.

Avg
All

BM25 - 0.563 0.458 0.355 0.718 0.321 0.623 0.686 0.158 0.809 0.492 0.863 0.251 0.532 0.515 0.525
Contriever 150M 0.505 0.592 0.351 0.694 0.313 0.448 0.655 0.171 0.794 0.484 0.944 0.274 0.508 0.533 0.519
E5 Large V2 335M 0.704 0.699 0.562 0.856 0.372 0.666 0.722 0.205 0.889 0.464 0.912 0.411 0.654 0.576 0.622
GTR T5 XL 1.2B 0.577 0.692 0.507 0.713 0.333 0.601 0.642 0.157 0.846 0.528 0.957 0.442 0.581 0.586 0.583
BMRetriever 2B 0.587 0.727 0.471 0.812 0.347 0.839 0.729 0.186 0.940 0.356 0.960 0.357 0.645 0.560 0.609
LLM2Vec 3B 0.708 0.731 0.490 0.814 0.385 0.572 0.746 0.190 0.864 0.553 0.953 0.423 0.635 0.597 0.619
Promptriever 7B 0.714 0.734 0.574 0.855 0.368 0.769 0.759 0.185 0.896 0.526 0.967 0.451 0.682 0.605 0.650

STMQwen3 0.6B 0.662 0.702 0.473 0.821 0.346 0.762 0.688 0.191 0.824 0.567 0.959 0.327 0.636 0.574 0.610
STMGemma 2B 0.629 0.728 0.439 0.878 0.379 0.759 0.728 0.205 0.840 0.534 0.954 0.335 0.648 0.573 0.617
STMPhi4 3.8B 0.695 0.747 0.475 0.858 0.382 0.721 0.732 0.225 0.880 0.558 0.964 0.394 0.659 0.604 0.636
STMMistral 7B 0.737 0.782 0.571 0.895 0.385 0.732 0.751 0.222 0.924 0.629 0.951 0.468 0.693 0.639 0.671

Table 12: Comparison of retrieval performance on English tasks from MTEB. Results are reported primarily on
the medical subset, with additional evaluation on five general-domain subsets. Performance is measured using
NDCG@10.
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Dataset Domain #Q #Docs

TREC-COVID Biomedical 50 171K
NFCorpus Biomedical 323 3.6K
SciFact Biomedical 300 5K
CUREv1 Clinical 2K 245K
PubHealthQA Biomedical 172 172
MedicalQA Biomedical 2048 2048
FeedbackQA Biomedical 1.9K 2.4K
FiQA-2018 Finance 648 57K
ArguAna General 1.4K 8.7K
SciDocs Science 1K 25K
NanoFEVER General 50 5K
NanoQuora General 50 5K

Table 13: Twelve MTEB evaluation tasks. All tasks use
NDCG@10. #Q = number of queries, #Docs = corpus
size (approximate).

Subset Domain Queries Docs Split

NFCorpus Biomedical 125 2,588 dev
CLUE-IR Biomedical 125 140 dev
FiQA General 125 380 dev
FEVER General 125 202 dev

Total 500 3,310

Table 14: Frozen dev split used for hyperparameter se-
lection (125 queries per subset, seed 42; corpora contain
all relevant documents plus 20% hard negatives).

Method Pool Qwen3 Gemma Phi4 Mistral

DARE-TIES
base 0.603 0.615 0.636 0.660
shn 0.608 0.604 0.612 0.655
best 0.606 0.615 0.616 0.659

Linear
base 0.610 0.605 0.621 0.657
shn 0.607 0.608 0.610 0.643
best 0.606 0.603 0.623 0.662

Task-Arith
base 0.607 0.614 0.625 0.667
shn 0.605 0.589 0.616 0.653
best 0.604 0.617 0.634 0.668

TIES
base 0.608 0.615 0.609 0.658
shn 0.603 0.611 0.623 0.656
best 0.606 0.617 0.630 0.671

Table 15: Mean NDCG@10 by expert pool and merge
method (max over CMA-ES evolve and random search).
Bold: best pool per column within each method block.
base: standard experts; shn: synthetic hard-negative
experts; best: architecture-specific mix. For Qwen3†,
shn and best use the same four SHN adapters but are
searched independently.
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Evolve (CMA-ES) Random Search

Family Method Var. Med-
Real

Med-
Synth Search NLU NDCG

@10 Var. Med-
Real

Med-
Synth Search NLU NDCG

@10

Qwen3†
Linear base 0.37 0.32 0.18 0.15 0.610 hn 1.00 0.40 0.50 0.50 0.607
Task-Arith base 0.49 0.19 0.17 0.17 0.607 best 0.60 0.20 0.20 0.40 0.604
TIES base 0.40 0.22 0.10 0.20 0.608 best 0.80 0.20 0.10 0.50 0.596
DARE-TIES hn 0.49 0.17 0.11 0.21 0.608 base 0.90 0.10 0.20 0.10 0.599

Gemma

Linear base 0.56 0.09 0.20 0.14 0.601 hn 0.80 0.70 0.10 0.10 0.608
Task-Arith best 0.84 0.12 0.41 0.01 0.617 best 0.70 0.10 0.30 0.50 0.616
TIES best 0.70 0.18 0.33 0.05 0.617 hn 0.90 0.20 0.30 0.20 0.611
DARE-TIES base 0.63 0.32 0.02 0.21 0.615 best 0.60 0.50 0.20 0.20 0.615

Phi4

Linear best 0.22 0.31 0.17 0.31 0.623 best 0.50 0.20 0.20 0.30 0.623
Task-Arith base 0.43 0.25 0.06 0.24 0.625 best 0.60 0.20 0.20 0.40 0.634
TIES hn 0.52 0.27 0.20 0.05 0.623 best 0.80 0.20 0.10 0.50 0.630
DARE-TIES base 0.37 0.10 0.24 0.22 0.624 base 0.90 0.10 0.20 0.10 0.636

Mistral

Linear best 0.69 0.22 0.11 0.01 0.662 best 1.00 0.30 0.40 0.10 0.655
Task-Arith hn 0.41 0.44 0.01 0.19 0.653 best 0.60 0.20 0.20 0.40 0.668
TIES best 0.77 0.19 0.13 0.06 0.665 best 0.80 0.20 0.10 0.50 0.671
DARE-TIES best 0.53 0.19 0.16 0.10 0.659 base 0.90 0.10 0.20 0.10 0.660

Table 16: Best Evolve (CMA-ES) and Random Search merged checkpoint per architecture and merge method.
NDCG@10 is the mean across 12 MTEB tasks. Var.: expert pool, base (standard adapters), hn (hard-negative
adapters), best (family-specific mix). †For Qwen3, hn and best use the same four SHN adapters but are searched
independently.

Model Params (B) Global BS # Pairs (M) FLOPs (approx.) ∆ vs PT+FT
Qwen3 (PT+FT) 0.6 256 11.4 1.26× 1020 —
Qwen3 (FT 1.4M) 0.6 256 1.4 1.55× 1019 −88%

Gemma (PT+FT) 2.0 128 11.4 4.20× 1020 —
Gemma (FT 1.4M) 2.0 128 1.4 5.16× 1019 −88%

Phi4 (PT+FT) 3.8 64 11.4 7.98× 1020 —
Phi4 (FT 1.4M) 3.8 64 1.4 9.81× 1019 −88%

Mistral (PT+FT) 7.0 32 11.4 1.47× 1021 —
Mistral (FT 1.4M) 7.0 32 1.4 1.81× 1020 −88%

Table 17: Training compute comparison across models and setups. FLOPs are estimated as 3× 6ND (Kaplan et al.,
2020), where N is the number of model parameters, D is the total number of tokens processed (number of pairs
× tokens per pair), and the factor of 3 accounts for the three forward passes required by the contrastive loss. ∆
denotes the relative reduction in compute of FT compared to PT+FT.
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Qwen3 Gemma Phi4 Mistral

Variant Method N@10 R@100 N@10 R@100 N@10 R@100 N@10 R@100

Expert MedReal – 0.568 0.742 0.591 0.731 0.611 0.766 0.652 0.784
Expert MedSynth – 0.583 0.738 0.581 0.720 0.611 0.758 0.638 0.777
Expert Search – 0.506 0.698 0.503 0.665 0.497 0.699 0.610 0.762
Expert NLU – 0.546 0.719 0.520 0.686 0.585 0.749 0.603 0.763

Expert MedReal (HN) – 0.575 0.744 0.583 0.727 0.600 0.763 0.647 0.788
Expert MedSynth (HN) – 0.592 0.742 0.598 0.731 0.605 0.763 0.644 0.780
Expert Search (HN) – 0.558 0.728 0.508 0.668 0.591 0.753 0.571 0.729
Expert NLU (HN) – 0.563 0.730 0.559 0.710 0.566 0.750 0.620 0.759

Merged (base experts) Linear 0.610 0.754 0.605 0.741 0.621 0.773 0.657 0.785
Merged (base experts) Task-Arith 0.607 0.755 0.614 0.738 0.625 0.764 0.667 0.789
Merged (base experts) TIES 0.608 0.755 0.615 0.743 0.609 0.765 0.658 0.786
Merged (base experts) DARE-TIES 0.603 0.753 0.615 0.741 0.636 0.776 0.660 0.787

Merged (HN experts) Linear 0.607 0.752 0.608 0.739 0.610 0.768 0.643 0.785
Merged (HN experts) Task-Arith 0.605 0.750 0.589 0.730 0.616 0.767 0.653 0.788
Merged (HN experts) TIES 0.603 0.749 0.611 0.735 0.623 0.773 0.657 0.786
Merged (HN experts) DARE-TIES 0.608 0.753 0.604 0.731 0.612 0.769 0.655 0.787

Table 18: Performance comparison across backbone models. HN denotes experts trained with GPT-5-generated
hard negatives. N@10 and R@100 denote Avg NDCG@10 and Avg Recall@100, respectively.

23751



Variant Qwen3 Gemma Phi4 Mistral

Sum of 4 experts (base) 16.5 22.2 37.3 75.6
Sum of 4 experts (HN) 15.1 19.9 31.9 54.9

Full-data FT (base) 18.7 24.4 83.6 68.8
Full-data FT (HN) 33.4 23.3 36.4 40.5

Table 19: Wall-clock training time (hours) on a single
NVIDIA H100.

Backbone Params compared Conflict rate

Qwen3 0.6B 596,049,920 87.06%
Gemma 2B 1,981,808,640 86.78%
Phi4 3.8B 3,221,225,472 86.59%
Mistral 7B 6,979,321,856 87.43%

Table 20: Sign-conflict rate across expert task vectors
τk = θk − θB , computed as the fraction of parameter
positions where at least one expert disagrees in sign.
Conflict is substantial and consistent across all four fam-
ilies, motivating the use of interference-aware merging
methods (TIES, DARE-TIES) that explicitly resolve
sign disagreements via majority voting.

Judge NO (%) Uncertain (%) YES (%)

DeepSeek-V4-Flash 96.21 0.40 3.39
Qwen3.6-35B-A3B 95.01 0.20 4.79

Table 21: Independent LLM audit of GPT-5 synthetic
hard negatives on a stratified random sample of (n =
500) triples. Two judges not used in STM training,
DeepSeek-V4-Flash (DeepSeek-AI et al., 2026) and
Qwen3.6-35B (Qwen Team, 2026), independently label
each candidate as YES (false negative; a correct answer
to the query), NO (valid hard negative), or Uncertain.
Raw inter-judge agreement is 96.0%, with Cohen’s κ =
0.48.

Candidate type Mean Median Q25 Q75

sim(positive) 0.729 0.741 0.674 0.798
sim(GPT-5 negative) 0.561 0.573 0.479 0.651
sim(mined negative) 0.539 0.548 0.475 0.613
sim(random negative) 0.202 0.197 0.123 0.270

Table 22: Cosine similarity to the query across candi-
date types on a stratified sample of (n=10,000) triples,
measured with Qwen3-Embedding-0.6B (Zhang et al.,
2025), an embedding model not used in STM training.
GPT-5 hard negatives lie slightly above mined negatives,
well below positives, and far above random negatives;
the expected regime for a genuine hard negative, topi-
cally related to the query but not a correct answer.

Backbone Linear Task-Arith TIES DARE-TIES

Qwen3 0.005 0.064 0.083 0.087
Gemma 0.006 0.036 0.038 0.029
Phi4 0.008 0.095 0.107 0.125
Mistral 0.015 0.048 0.059 0.062

Table 23: Sweep range of dev-set NDCG@10 across
the N=10 random-search configurations per (backbone,
method) bucket, aggregated across the three expert pools
(n=30 per cell). Values report the gap between the
best sampled configuration (Max) and the arithmetic
mean of the ten. Linear merging is largely insensitive
to the sampled weights (≤ 0.015 across backbones);
interference-aware methods (TIES, DARE-TIES) show
wider sweep ranges (up to 0.125), reflecting a stronger
dependence on the specific weight configuration.
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