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Abstract

Large language model (LLM)-based rerankers have demonstrated
strong performance in information retrieval tasks, but adapting
them to specialized domains remains challenging due to the sub-
stantial cost and effort required to construct high-quality domain-
specific training datasets. To address this limitation, we leverage
task vectors derived from continuous pretraining as a mechanism
for transferring domain knowledge. However, existing task vector
integration methods are highly sensitive to scaling factors and can
lead to unstable performance across domains and model scales.
In this work, we propose a fine-grained task vector adaptation
method that learns parameter-wise scaling coefficients for the task
vector. These coefficients are optimized using a language model-
ing objective while keeping all model parameters fixed, enabling
effective integration of domain-specific knowledge without de-
grading reranking capabilities. Experiments on a general-domain
benchmark and five specialized domains across two model scales
demonstrate that our method provides stable improvements across
most domains and avoids the degradation observed with fixed task
vector scaling.
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1 Introduction

Recent advances in Large Language Models (LLMs) have enabled the
development of LLM-based rerankers, which demonstrate state-of-
the-art performance across diverse retrieval benchmarks. However,
despite strong performance in general-domain settings, publicly
available rerankers exhibit significant performance degradation
under domain shift[5, 15]. This limitation arises because most mod-
els are trained on large-scale general-domain corpora; when ap-
plied to specialized domains, distributional discrepancies lead to
reduced effectiveness. A straightforward solution is supervised
domain adaptation through fine-tuning on domain-specific rele-
vance annotations. Nevertheless, the construction of such datasets
is resource-intensive and often impractical, particularly in expert-
driven domains[3, 19].

A practical alternative is to use unlabeled domain corpora, which
are easier to obtain than annotated reranking data. Continuous
pretraining (CP) on domain text can incorporate domain knowledge
without manual labeling. Its objective—next-token prediction—does
not always align with relevance estimation, and excessive CP may
lead to forgetting of general-domain knowledge.

To mitigate the instability associated with direct continual pre-
training, prior work[4] proposed task vectors, defined as the pa-
rameter differences between a domain-adapted model and its base
model. This approach has been applied to information retrieval and
reranking tasks, where domain-specific task vectors are scaled by a
global coefficient and added to pretrained models, thereby enabling
zero-shot domain adaptation without additional fine-tuning. How-
ever, scalar-based integration is highly sensitive to the choice of
the global scaling factor, which may result in unstable behavior or
negative transfer.

Motivated by these limitations, we propose a fine-grained task

vector adaptation framework for domain-specific LLM-based rerankers.

Instead of relying on a manually tuned global coefficient, we intro-
duce a vector of trainable scaling factors that are applied element-
wise to the task vector. Specifically, a learnable scaling coefficient is
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assigned to each parameter of the task vector and optimized using
a language modeling objective. This parameter-wise modulation
enables fine-grained control over how domain knowledge is in-
corporated, allowing the model to selectively amplify beneficial
components while suppressing harmful ones. The main contribu-
tions of this work are summarized as follows:

o A fine-grained task vector adaptation framework is proposed,
replacing a single global scaling factor with element-wise
trainable coefficients, thereby enabling parameter-wise con-
trol of domain knowledge integration using only unlabeled
domain corpora.

e The proposed approach achieves competitive or improved
performance across multiple domains compared to existing
task vector integration methods.

2 Related Works
2.1 Task Vector Arithmetic

Task vector arithmetic has emerged as an effective approach for
adapting pretrained language models to diverse downstream tasks.
By representing task-specific knowledge as parameter differences
between a base model and a task-adapted model, prior studies have
shown that task vectors can be linearly combined or scaled to enable
flexible task composition and adaptation [4, 7, 8, 13]. Beyond simple
addition or scaling, more principled methods have been proposed
to combine task vectors while mitigating interference between
task-specific parameters [21, 24].

Chat vector[8] represents instruction-following and alignment
capabilities as parameter differences between a base model and a
chat-aligned model. By incorporating such vectors into continu-
ously pretrained models, prior work demonstrates that instruction-
following behavior can be transferred without additional supervised
fine-tuning. Similarly, Braga et al.[4] showed that task vectors de-
rived from domain-specific fine-tuned models can be integrated
into information retrieval systems, enabling improved zero-shot
retrieval performance without further training. These findings high-
light the effectiveness of task vectors as a mechanism for inject-
ing new capabilities or domain knowledge into pretrained models.
However, prior work[4, 8] has shown that performance is highly
sensitive to the choice of the scaling factor used for task vector
integration.

To address this limitation, several approaches have been pro-
posed to replace a single global scaling factor with more structured
weighting schemes. AdaMerging[23] formulates task vector merg-
ing as an optimization problem, learning task-specific coefficients
via entropy minimization on unlabeled multi-task data. Instead of
directly learning scaling coefficients, LATA[6] estimates the relative
dominance of instruction-following and task-specific behavior at
each layer by measuring layer-wise cosine similarity between in-
struction vectors. Based on this estimate, layer-dependent weights
are assigned to control the strength of task vector arithmetic at
each layer. In contrast to layer- or block-level approaches, we as-
sign trainable scaling coefficients to each parameter of the task
vector and optimize them using a language modeling objective for
fine-grained adaptation.
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2.2 LLM-based Reranker

Recent studies have demonstrated that LLMs achieve strong per-
formance in retrieval and reranking tasks by leveraging advanced
reasoning and language understanding capabilities [1, 11, 14, 25]. In
particular, LLM-based rerankers have been widely explored, where
a model evaluates the relevance between a query and a document
by jointly encoding them within a single context.

In reranking, existing approaches can be broadly categorized into
prompt-based zero-shot methods[18] and supervised fine-tuning
(SFT)-based methods. The former assess relevance by conditioning
the LLM on a query-document pair and comparing the generation
probabilities of predefined tokens (e.g., yes/no), while the latter
improves performance by training on labeled data.

Qwen3-Reranker[25] adopts a point-wise reranking formulation,
in which the query, document, and instruction prompt are concate-
nated into a single input context, and relevance is estimated by
comparing the generation probabilities of binary tokens. In this
work, we use Qwen3-Reranker for our experiments, as both the
reranker and its corresponding pretrained base model[22] are pub-
licly available.

3 Methodology

3.1 Preliminary

Following prior work[4], we construct a domain-specific reranker
by leveraging task vectors derived from continuous pretraining.
Specifically, we apply continuous pretraining to a pretrained base
model using unlabeled raw corpora from the target domain, en-
abling the model to acquire domain-specific knowledge. We then
compute a task vector as the parameter difference between the
continuously pretrained model and the original base model, and
integrate it into the reranker to obtain a domain-adapted reranking
model.

Let 8y denote the parameters of the pretrained base model, and

Oéi)m denote those of the model continuously pretrained on the i-th
domain corpus. The parameters of the reranker model are denoted
as Orerank-

The task vector corresponding to the i-th domain is defined as
the parameter difference between the domain-adapted model and
the base model:

U(i) = 0(1) - opre.

dom (1)
The domain-specific reranker is obtained by combining the
reranker parameters with the task vector as follows:
Eézank = (2)
where « is a scalar coefficient controlling the contribution of the
task vector.

Orerank + au(l)’

3.2 Fine-grained Task Vector Adaptation

Previous studies have shown that the performance of task vector-
based adaptation is highly sensitive to the scalar coefficient that
governs the contribution of the task vector [4, 8]. Depending on
the value of this coefficient, incorporating a task vector can lead to
substantial performance gains, but may also result in performance
degradation in certain cases. This observation highlights the impor-
tance of integrating task vectors in a way that effectively leverages
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Figure 1: Method overview comparing prior task vector integration with our proposed fine-grained adaptation.

domain-specific knowledge while avoiding interference with the
base model’s original capabilities.

To address this issue, we assign a randomly initialized trainable
scalar coeflicient to each parameter of the task vector and optimize
these coefficients using the language modeling loss. By learning
parameter-wise scaling factors, our method enables fine-grained
control over how domain-specific knowledge is incorporated into
the reranker. Specifically, we introduce a vector of trainable scaling
coefficients A € RIZ"” |, where each element corresponds to a weight
in the task vector. The domain-specific reranker parameters are
then computed as:
®)

9(1') Orerank + A Qo(i),

rerank

where © denotes element-wise multiplication.
To ensure that the task vector effectively contributes to the
reranking task, we further optimize the scaling coefficients using a

language modeling loss on general-domain reranker training data.

Specifically, we use the TriviaQA training set as the general-domain
question answering dataset. For each question, the positive passage
is defined as the Wikipedia passage that contains the ground-truth
answer, while negative passages are sampled from passages that
do not contain the answer.

Unlike prior approaches that apply a shared scaling coefficient at
the layer or block level, our method assigns independent trainable
scalars to individual parameters of the task vector. Although this
fine-grained formulation increases adaptation flexibility, it can also
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distort the original task vector, potentially weakening the domain-
specific knowledge acquired through continuous pretraining. To
mitigate this issue, we incorporate a portion of the unlabeled do-
main corpus used for continuous pretraining into the training data
for coefficient optimization, together with the general-domain QA
dataset. This mixed training strategy encourages the learned scaling
coefficients to preserve domain-specific knowledge while maintain-
ing compatibility with the reranking task.

During this stage, all parameters of the reranker model and the
task vector are frozen, and only the scaling coefficients are updated.
In our experiments, we set the mixing ratio between general-domain
QA data and unlabeled domain corpora to 9:1 based on empirical
validation.

4 Experimental Setup

To evaluate the proposed method, we conduct experiments on both
a general-domain corpus and five specialized domains: patent, legal,
medical, financial, and biomedical. For each domain, we perform
continuous pretraining using domain-relevant unlabeled corpora
and evaluate reranking performance on corresponding QA datasets.
For the general-domain setting, we construct reranking evaluation
datasets based on open-domain QA benchmarks, namely Natural
Questions (NQ) [10] and WebQuestions (WebQ) [2]. We use these
datasets as they provide explicit annotations linking questions to
source Wikipedia documents, enabling reliable construction of pos-
itive and negative passages. Passages containing the ground-truth
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Table 1: Comparison of reranking performance across domains using the 0.6B model with different task vector integration
methods. The upper table reports Top-1 Accuracy and MRR, while the lower table is reserved for nDCG@3 and nDCG@5.

Method Finance Bio Law Medical Patent NQ WebQ
Acc MRR Acc MRR Acc MRR Acc MRR Acc MRR Acc MRR Acc MRR
Qwen3-Reranker 604 774 864 920 578 751 580 .748 562 .743 463 .653  .282 452
Qwen3-Reranker + CP 685 .819 .868 .922 .406 .632 .394 .626 .569 .746 477 .659 .296 .467
Task Vector (Fixed) 765  .866 820 .895 610 771 564 737 663 .805 484 .664 307 470
Task Vector (TIES) .858 .920 830 .901 588 758 566 738 .634 788 460  .652 307 470
Task Vector (Ours) 811 895 .883 .930 .619 .778 .605 .767 487 .699 .506 .679 .321 .486
Method Finance Bio Law Medical Patent NQ WebQ
n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@b5
Qwen3-Reranker 816 .832 930 .940 .784 814 779 812 .781 .808 .666 .706  .417 475
Qwen3-Reranker + CP .831 .851 .932 940 .657 .724 .656 .720 .780 .810 .674 .713 440 492
Task Vector (Fixed) 889 900 908 921 .801 .829 .766 .803 .835 .855 .681 713 435 496
Task Vector (TIES) 936 .940 913 925 789 819 768 804 .835 .855 .670 .706 .437 497
Task Vector (Ours) 915 922 941 .948 .812 .834 .799 .826 .781 .807 .691 .729 .454 .513

Table 2: Comparison of reranking performance across domains using the 4B model with different task vector integration
methods. The upper table reports Top-1 Accuracy and MRR, while the lower table is reserved for nDCG@3 and nDCG@5.

Method Finance Bio Law Medical Patent NQ WebQ
Acc MRR Acc MRR Acc MRR Acc MRR Acc MRR Acc MRR Acc MRR
Qwen3-Reranker 945 970 947 970 940 .967 929 960 895 943 546 706 311 477
Qwen3-Reranker + CP 888 .939 935 962 .910 .950 .912 .952 .868 .928 .539 .701 .338 .494
Task Vector (Fixed) 915 953 929 959 926 959 903 947 .917 .954 540 .703 .346 .497
Task Vector (TIES) 935  .964 935  .963 935  .964 905 .948 916  .953 539 .703 346 .497
Task Vector (Ours) 967 982 968 .982 929 961 932 964 911 952 547 .707 .350 .497
Method Finance Bio Law Medical Patent NQ WebQ
n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@5 n@3 n@X5 n@3 n@5
Qwen3-Reranker 977 978 976 977 974 976 969 971 955 957 .720 .754 451 498
Qwen3-Reranker + CP 1954 .955 .968 .968 .960 .963 .962 964 .942 946 .711 .750 462 518
Task Vector (Fixed) 963 965 965 969 968 970 957 960 962 .965 717 749 458 523
Task Vector (TIES) 971 973 968 972 972 973 958 961 962 .965 717 749 458 .520
Task Vector (Ours) 986 986 968 .985 969 971 972 973 963 964 .720 .754 476 .523

answer within the annotated Wikipedia documents are used as
positive passages. When multiple such passages are available for a
given question, we retain only one positive passage per question
by sampling. Other passages from the same documents that do not
contain the answer are treated as negative passages. We use the
Wikipedia corpus for continuous pretraining, while the QA data
with their corresponding positive and negative passages are used
for reranking evaluation.

For specialized domains, we evaluate reranking performance
on datasets closely aligned with the corpora used for continuous
pretraining. We first perform continuous pretraining on publicly
available domain-specific corpora, and then synthesize QA pairs
with positive and negative passages based on these corpora using
a large-scale commercial language model. For each question, we
generate one positive passage and five to seven negative passages.
This procedure enables the construction of reranking evaluation
datasets that reflect the domain knowledge learned during continu-
ous pretraining.
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Specifically, we use the BigPatent dataset[17] for the patent
domain, the English legislation split of MultiLegalPile[12] for the
legal domain, Medical Abstracts[16] for the medical domain, S&P
500 Earnings Transcripts[9] for the financial domain, and CORD-
19[20] for the biomedical domain. For datasets containing more than
50K documents, we randomly sample 50K documents. For smaller
datasets, we use the full corpus for both continuous pretraining
and evaluation data synthesis.

We conduct all experiments using Qwen3-Base[22] and Qwen3-
Reranker([25] models with 0.6B and 4B. As a baseline, we adopt
a task vector integration approach that adds a task vector scaled
by a fixed scalar coefficient to the reranker parameters, follow-
ing prior work[4]. We further include models constructed using
TIES-merging[21] to evaluate alternative task vector combination
strategies beyond simple addition.
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Table 3: Comparison of data mixture ratios for scaling coefficient optimization on the 0.6B reranker across seven domains.

Ratio Finance Bio Law Medical Patent NQ WebQ
n@5 Acc n@5 Acc n@5 Acc n@5 Acc n@5 Acc n@5 Acc n@5 Acc
Proposed ratio 922 .811 .948 .883 834 .619 .826 .605 .807 487 .729 506 .513 .321
Domain raw only  .900 764 .907 .803 .849 .654 793 542 843 .639 726 .503 .507 305
General QA only .893 745 .898 778 .852 .661 .831 .615 .776 493 718 488 492 .296
Half ratio .909 778 923 .826 .831 .613 817 .588 784 510 .716 481 476 278

5 Results and Discussion

Tables 1 and 2 present reranking performance across domains using
the 0.6B and 4B models, respectively. Qwen3-Reranker refers to the
publicly available reranker evaluated without additional training,
while Qwen3-Reranker + CP corresponds to the reranker directly
adapted via continuous pretraining on domain-specific corpora.
Among task vector-based methods, Fixed uses a task vector scaled
by a fixed coefficient, TIES denotes models constructed via TIES-
merging, and Ours represents our proposed parameter-wise task
vector adaptation optimized with a language modeling loss.

Directly adapting the reranker via continuous pretraining often
results in degraded performance compared to the base reranker,
particularly in the Law and Medical domains. This suggests that
domain-specific pretraining can lead to forgetting of the model’s
original reranking capabilities, rather than effectively incorporating
domain knowledge. In contrast, incorporating task vectors derived
from domain-specific continuous pretraining generally yields better
reranking performance than directly fine-tuned rerankers across
most domains.

For the 0.6B model, our method achieves the best performance in
most domains, including Bio, Law, Medical, NQ, and WebQ, while re-
maining competitive in Finance and showing weaker performance
in the Patent domain. While TIES-merging performs strongly in
certain domains such as Finance, our method exhibits more con-
sistent improvements across domains. For the larger 4B model, the
baseline reranker already achieves strong performance across do-
mains, leaving limited room for improvement. While some task
vector integration methods lead to performance drops in certain
domains, our method still improves performance in Finance, Bio,
Medical, NQ, and WebQ, although slight degradations remain in
Law and Patent.

Table 3 compares the performance of different data mixture
ratios for scaling coefficient optimization on the 0.6B reranker
across seven domains. Although the optimal data mixture differs
between domains, the proposed mixture generally delivers more
consistent performance across a wide range of settings. In particular,
general QA data helps align the task vector coefficients with the
reranking objective, while incorporating a domain corpus helps
preserve domain-specific knowledge acquired during continuous
pretraining. The mixed strategy offers a balance between these two
factors, leading to more stable overall performance. These results
suggest that coefficient optimization benefits from balancing task-
specific supervision with domain-relevant unlabeled data, rather
than relying exclusively on either source.
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6 Conclusion

In this paper, we study task vector-based adaptation for domain-
specific reranking with large language models. While task vectors
derived from continuous pretraining provide a promising mecha-
nism for transferring domain knowledge without additional task-
specific supervision, our results show that simple integration strate-
gies are sensitive to scaling choices and can lead to performance
degradation in certain domains.

To address this limitation, we propose a fine-grained task vector
adaptation method that assigns parameter-wise trainable scaling
coefficients to the task vector. By optimizing these coefficients
using a language modeling objective while keeping all original
model parameters fixed, our approach enables finer control over the
integration of domain-specific knowledge into pretrained rerankers.

Experimental results across general-domain and five special-
ized domains demonstrate that our method achieves competitive
performance in most domains for the 0.6B model, outperforming
other task vector-based approaches in several cases. For the larger
4B model, where baseline performance is already strong, our ap-
proach still improves performance in most domains, with only
minor degradations observed in Law and Patent. Overall, compared
to alternative integration strategies, our method demonstrates more
consistent behavior across domains.

These findings highlight the importance of fine-grained control
over task vector contributions as a practical and data-efficient mech-
anism for domain adaptation in LLM-based reranking systems.
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