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Abstract
Large Language Models (LLMs) have shown impressive capabilities in zero-shot scenarios, i.e. where no task-
specific labelled data is provided. However, their performance tends to degrade when applied to previously unseen
domains or tasks, primarily due to differences in term distributions. In this paper, we explore Task Arithmetic, a
simple yet effective method that allows knowledge transfer between domain-specific and retrieval models. By
leveraging basic mathematical operations, such as vector addition and subtraction, we construct LLMs that incor-
porate domain-specific knowledge into existing re-ranking models, without the need for additional Fine-Tuning.
Experimental results across eight benchmark datasets, including scientific, biomedical, and multilingual corpora,
show that our method consistently enhances re-ranking performance, with gains up to 18% in NDCG@10 and 15%
in P@10. We make our code publicly available at https://github.com/DetectiveMB/Task-Arithmetic-for-ZS-IR.
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1. Introduction

Large Language Models (LLMs) have shown state-of-the-art performance across a broad range of Natural
Language Processing (NLP) tasks [2, 3], including Information Retrieval (IR) [4]. Their ability to capture
rich semantic representations from large-scale, unlabeled corpora has enabled their applications to
different IR tasks, such as document re-ranking [5, 6, 7, 8, 9], query expansion [10, 11], and the generation
of synthetic data [12, 13]. Notably, LLMs excel in zero-shot scenarios [14], where models are evaluated
on domains unseen during training, without requiring any domain-specific labelled data. Despite
these advantages, domain mismatch remains a critical challenge due to differences in terminology,
distributional properties, and task formulations [15]. The BEIR benchmark [16], which spans different
tasks and domains, provides a heterogeneous framework for evaluating zero-shot IR performance. A
common approach to the BEIR dataset involves fine-tuning a model on a large-scale IR dataset, such as
MS MARCO [17], and applying it in a zero-shot setting to unseen domains [18]. While this strategy
can yield competitive results [16], achieving robust generalization across all domains with a single
model remains challenging [19]. This is largely due to the requirement for domain-specific datasets (and
annotations) and the computational cost associated with retraining or adapting models for each new
task or domain [20, 21, 22, 23, 24, 25]. In this work, we investigate Task Arithmetic [26] as an alternative
strategy for Fine-Tuning LLMs to unseen tasks, domains and language adaptation in the context of IR.
Task Arithmetic enables the transfer of domain-specific knowledge by combining model parameters
through simple vector operations, such as addition and subtraction, without requiring any additional
Fine-Tuning. Specifically, we define Task Vectors that represent the difference between a domain or
task-specific model and its original pre-trained version. These vectors are then added to IR-tuned
baselines to define a new model that integrates both retrieval capabilities and task-specific expertise.
We evaluate our approach across eight publicly available datasets covering scientific, biomedical, and
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multilingual retrieval tasks. Our study includes six LLM architectures, ranging from encoder-only to
encoder-decoder and decoder-only models, with parameter counts spanning from 66M to 7B. Results
show that Task Arithmetic yields consistent improvements over strong IR baselines, with gains of up to
18% in NDCG@10 and 15% in P@10. These findings highlight the effectiveness of Task Arithmetic as a
lightweight, training-free, and modular approach for zero-shot adaptation in IR, offering a practical
alternative to conventional Fine-Tuning, especially when labeled data is scarce or unavailable.

2. Methodology

Adapting Large Language Models (LLMs) to specialized domains or tasks typically demands extensive
Fine-Tuning, which requires high computational resources and data-related overhead. To mitigate these
costs, particularly in scenarios characterized by frequent domain shifts or limited access to labeled data,
recent works explore weight interpolation and model merging [27, 28]. These approaches exploit the
observation that models fine-tuned on related tasks tend to occupy compatible regions of parameter
space [29, 30], thereby enabling weight merging strategies such as averaging or interpolation to preserve
or even enhance downstream performance [31, 32]. Among these methods, Task Arithmetic [26] has
emerged as a particularly lightweight and effective approach. Unlike traditional adaptation techniques
that require gradient-based updates [33, 34, 35, 36], Task Arithmetic enables model composition through
simple mathematical operations, such as addition and subtraction, computing and combining difference
parameter vectors between models. The Task Vector, obtained by subtracting the parameters of
the pre-trained model from those of the domain- or task-specific variant, encapsulates the domain
adaptation knowledge learned during Fine-Tuning and can be applied to another model by direct
addition [37, 38]. Despite its promising effectiveness in various NLP tasks [26, 38], Task Arithmetic
has not been investigated in the context of Zero-Shot Information Retrieval (IR). Most existing domain
adaptation methods in IR rely on supervised fine-tuning [19, 39, 40], which still depend on annotated
domain-specific data. In contrast, Task Arithmetic offers a plug-and-play solution: it leverages publicly
available domain-adapted models and reuses them without any retraining, enabling efficient model
transfer under zero-shot conditions. We formalize our application of Task Arithmetic to IR as follows.
Let Θ0 = {(𝜃1)0, . . . , (𝜃𝑁 )0} denote the parameters of a pre-trained LLM. Fine-tuning this model on a
generic IR task (e.g., on the MS-MARCO benchmark [17]) produces Θ𝑇 = {(𝜃1)𝑇 , . . . , (𝜃𝑁 )𝑇 }, while
fine-tuning Θ0 on a specific domain yields Θ𝐷 = {(𝜃1)𝐷, . . . , (𝜃𝑁 )𝐷}. We define the Task Vector 𝜏𝐷
for domain 𝐷 as follows:

𝜏𝐷 = {𝜏1, . . . , 𝜏𝑁}, where 𝜏𝑖 = (𝜃𝑖)𝐷 − (𝜃𝑖)0.

This vector 𝜏𝐷 represents the domain-specific shift in the parameter space. To create a domain-aware
IR model Θ′, we add 𝜏𝐷 to the IR-tuned model Θ𝑇 :

Θ′ = {𝜃′𝑖 = (𝜃𝑖)𝑇 + 𝛼𝜏𝑖}𝑁𝑖=1

The scaling factor 𝛼 ∈ R controls how much of the domain vector is injected. If 𝛼 = 0, then Θ′ defaults
to Θ𝑇 . Setting 𝛼 > 0 adds the specialized knowledge, while 𝛼 < 0 subtracts it. In practice, 𝛼 is a
hyperparameter that can be tuned on a small development set.

3. Results and Discussion

In this Section, we describe the datasets, evaluation metrics, and models used to assess the effectiveness
of our proposed approach. Then we present the results of our evaluation, which spans scientific,
biomedical, and multilingual scenarios to show the potential of Task Arithmetic for zero-shot IR.

3.1. Datasets and Models

We assess zero-shot Information Retrieval performance on eight publicly available datasets. Four
of these, i.e. TREC-COVID [41], NFCorpus [42], SCIDOCS [43], and SciFact [44], are drawn from



the BEIR benchmark [16] and target specialized domains and tasks such as biomedical retrieval and
scientific citation prediction. Regarding language-specific retrieval, we additionally include German-
QuAD [45] and three multilingual datasets from the MIRACL benchmark [46], i.e. English, French,
and Spanish. Retrieval effectiveness is measured using P@10, NDCG@10 and MAP@100. Statistical
significance is determined via Bonferroni-adjusted, two-sided paired t-tests at a 99% confidence level.
Significant gains over the best baseline are marked with an asterisk in all result tables. Our experi-
ments span six LLM architectures covering a range of neural paradigms and models: DistilBERT
[47] and RoBERTa-base [48] as encoder-only bi-encoders, T5-base, T5-Large [49], and MT5-base
[50] as encoder-decoder cross-encoders, and LLama-2-7b [51] as a decoder-only LLM. For each pre-
trained model, we compute Task Vectors by subtracting the weights of a publicly available domain-
or language-specific fine-tuned model from those of its original pre-trained version. Specifically,
we use LLama2-MedTuned-7b [52], SciFive [53], BioMed-RoBERTa [54], and Bio-DistilBERT
[55] for the biomedical and scientific domains, as well as MT5-base-german, MT5-base-spanish,
MT5-base-french, and MT5-base-english [56] for language adaptations. These Task Vectors
are then added to models fine-tuned on MS-MARCO (RankingGPT-Llama2-7b [57], MonoT5 [58],
msmarco-RoBERTa [59], msmarco-distilbert [59], and MT5-base-msmarco [60]) [17]. To create
the Task Arithmetic model Θ′, in a fully zero-shot scenario, we set 𝛼 = 1. Furthermore, in a setting
where a small set of labeled data is available, we tune the scaling factor 𝛼 from 0.1 to 1.0 in steps of
0.1, selecting the optimal value based on the highest average retrieval performance over two develop-
ment sets: the official NFCorpus development split and a 20% subset of SciFact training queries. Since
GermanQuAD and MIRACL do not provide development sets, we apply a fully zero-shot scenario by
not optimizing the value of 𝛼, i.e. 𝛼 = 1. All re-ranking experiments begin by retrieving the top 100
documents via BM25. The final rankings are then computed using a weighted sum of BM25 and LLM
scores, with 𝜆𝐵𝑀25 and 𝜆𝐿𝐿𝑀 optimized in [0, 1] on the NFCorpus and SciFact development sets. We
take the average score for all remaining datasets.

4. Results and Discussion

Model SciFact NFCorpus SCIDOCS TREC-COVID

Re-ranker Variant P@10 NDCG@10 MAP@100 P@10 NDCG@10 MAP@100 P@10 NDCG@10 MAP@100 P@10 NDCG@10 MAP@100

BM25 .091 .691 .649 .247 .343 .154 .086 .165 .112 .764 .688 .085

Llama-2-7B
Θ𝑇 : MS-MARCO (RankingLlama) .099 .770 .731 .265 .373 .170 .096 .188 .129 .860 .810 .098

Θ′: Task Arithmetic (𝛼 = 1) .096 .757 .723 .265 .370 .167 .095 .185 .126 .858 .801 .098
Θ′: Task Arithmetic (optimized 𝛼 = 0.8) .097 .765 .730 .262 .365 .165 .097 .189 .129 .866 .812 .099*

T5-Large
Θ𝑇 : MS-MARCO (Mono-T5) .095 .743 .709 .266* .368* .167 .095 .182 .124 .784 .735 .092
Θ′: Task Arithmetic (𝛼 = 1) .092 .721 .692 .257 .356 .161 .096 .185 .124 .816 .765 .096
Θ′: Task Arithmetic (𝛼 = 0.9) .092 .727 .699 .259 .359 .162 .098* .187* .126 .818 .759 .097*

T5-base
Θ𝑇 : MS-MARCO (Mono-T5) .096 .726 .684 .258 .359 .162 .090 .173 .118 .762 .712 .089
Θ′: Task Arithmetic (𝛼 = 1) .089 .686 .649 .250 .345 .156 .070 .136 .094 .764 .726 .088
Θ′: Task Arithmetic (𝛼 = 0.7) .098 .748 .708* .259 .358 .162 .091 .176 .120 .798 .753 .095*

RoBERTa-base
Θ𝑇 : MS-MARCO (msmarco-RoBERTa) .095 .707 .662 .258 .359 .162 .087 .170 .116 .776 .732 .090

Θ′: Task Arithmetic (𝛼 = 1) .092 .700 .659 .250 .347 .156 .078 .156 .108 .784 .734 .089
Θ′: Task Arithmetic (𝛼 = 0.3) .096 .720 .676 .259 .361 .165 .088 .173 .118 .806* .757* .093*

DistilBERT
Θ𝑇 : MS-MARCO (msmarco-distilbert) .093 .703 .662 .258 .357 .161 .087 .168 .115 .794 .744 .091

Θ′: Task Arithmetic (𝛼 = 1) .090 .689 .650 .249 .346 .156 .076 .147 .099 .710 .675 .083
Θ′: Task Arithmetic (𝛼 = 0.5) .095 .720 .677 .257 .359 .163 .088 .171 .116 .806 .765 .094*

Table 1
Effectiveness of all models on Biomedical and Scientific domains. Best results are highlighted in boldface.

Table 1 presents the performance of our approach on the biomedical and scientific datasets, evaluated
with five different models. In the initial evaluation, we fix 𝛼 = 1. Under this setting, Task Arithmetic
outperforms the MS-MARCO fine-tuned baselines only on TREC-COVID with RoBERTa-base, T5-base,
and T5-Large, and on SCIDOCS with T5-Large. These findings suggest the need for a small amount
of labeled data to optimize the value of 𝑎𝑙𝑝ℎ𝑎. The remainder of this section focuses on the results
obtained when 𝛼 is optimized. Across all datasets and metrics, the Task Arithmetic–based model
(Θ′) consistently outperforms BM25, indicating its potential for effective domain adaptation in IR.
For bi-encoders (DistilBERT and RoBERTa-base), Task Arithmetic yields consistent improvements
over all baselines, with one exception: DistilBERT on the NFCorpus shows a minor drop in P@10



compared to the MS-MARCO fine-tuned counterpart (Θ𝑇 ). Nevertheless, our approach achieves a
statistically significant improvement in MAP@100 on TREC-COVID, surpassing every baseline. For
cross-encoders (T5-base and T5-Large), Task Arithmetic outperforms MonoT5 (Θ𝑇 ) on SCIDOCS and
TREC-COVID, while producing comparable results on SciFact and NFCorpus. Notably, our method
shows significant gains in MAP@100 on TREC-COVID, independent of the T5 variant, and yields
statistically significant improvements in NDCG@10 on TREC-COVID and SCIDOCS. Regarding the
decoder-only model (LLama-2), our approach (Θ′) achieves superior performance on TREC-COVID
compared to the MSMARCO fine-tuned version (Θ𝑇 ) and remains competitive on SCIDOCS. Table 2
extends the results to multilingual IR by using MT5-base as a cross-encoder for language-specific
tasks. Both our proposed approach (Θ′) and the IR-specific baseline (Θ𝑇 ) show statistically significant
improvements over BM25 on each metric. Notably, our method surpasses the IR-specific model by up
to 18% in NDCG@10, highlighting its effectiveness in adapting to new language settings. Thus, our
approach successfully injects language-specific knowledge into the multilingual IR model (Θ𝑇 ), thereby
enhancing its retrieval capabilities. These results further support Task Arithmetic as a lightweight but
powerful strategy for zero-shot adaptation in multilingual IR. Finally, it is worth noting that the optimal
scaling factor 𝛼 exceeds 0.3 for all models and surpasses 0.7 for T5 variants and LLama-2, indicating
that Task Arithmetic injects non-trivial domain knowledge into these retrieval models.

Model GermanQuAD MIRACL Spanish MIRACL French MIRACL English

Re-ranker Variant P@10 NDCG@10 MAP@100 P@10 NDCG@10 MAP@100 P@10 NDCG@10 MAP@100 P@10 NDCG@10 MAP@100

BM25 .059 .437 .397 .135 .270 .215 .052 .174 .139 .107 .302 .247

MT5-base
Θ𝑇 : MS-MARCO (en) .069 .513 .463 .190 .379 .301 .071 .234 .186 .140 .398 .325

Θ′: Task Arithmetic (𝛼 = 1) .071* .537* 487* .200* .405* .325* .081* .278* .220* .151* 435* .358*

Table 2
Effectiveness of all models on Language Transfer. Best results are highlighted in boldface.

5. Conclusion

In this paper, we investigate Task Arithmetic as a training-free method for zero-shot domain and
language adaptation in IR, leveraging publicly available domain- and IR-specific LLMs. To this aim,
we evaluate Task Arithmetic with six LLMs, including encoder-only, encoder-decoder and decoder-
only architectures, across scientific, biomedical, and multilingual datasets. Our analysis shows that
the proposed approach consistently improves the IR-specific model’s performance across the board,
reaching gains of up to 18% in NDCG@10.
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