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Abstract

The deployment of large language models for specialized
tasks often requires domain-specific parameter-efficient fine-
tuning through Low-Rank Adaptation (LoRA) modules. How-
ever, effectively fusing these adapters to handle complex,
multi-domain composite queries remains a critical challenge.
Existing LoRA fusion approaches either use static weights,
which assign equal relevance to each participating LoRA,
or require data-intensive supervised training for every pos-
sible LoRA combination to obtain respective optimal fu-
sion weights. We propose qa-FLoRA, a novel query-adaptive
data-and-training-free method for LoRA fusion that dynami-
cally computes layer-level fusion weights by measuring dis-
tributional divergence between the base model and respec-
tive adapters. Our approach eliminates the need for compos-
ite training data or domain-representative samples, making it
readily applicable to existing adapter collections. Extensive
experiments across nine multilingual composite tasks span-
ning mathematics, coding, and medical domains, show that
qa-FLoRA outperforms static fusion by ∼5% with LLaMA-2
and ∼6% with LLaMA-3, and the training-free baselines by
∼7% with LLaMA-2 and ∼10% with LLaMA-3, while sig-
nificantly closing the gap with supervised baselines. Further,
layer-level analysis of our fusion weights reveals interpretable
fusion patterns, demonstrating the effectiveness of our ap-
proach for robust multi-domain adaptation.

1 Introduction
Large language models (LLMs) have demonstrated remark-
able capabilities across a wide range of tasks, but their
deployment to unseen or specialized tasks often requires
domain-specific fine-tuning. However, standard full fine-
tuning of an LLM is resource-intensive and can lead to catas-
trophic forgetting (Luo et al. 2023). Low-Rank Adaptation
(LoRA) (Hu et al. 2022) has emerged as a parameter-efficient
fine-tuning technique that uses a low-rank approximation of
the parameter update matrices to reduce the effective number
of trainable parameters. LoRA’s low-rank updates effectively
act as plug-and-play modules, i.e., once a LoRA adapter is
trained for a particular task, it can be loaded into the base
LLM at inference time without modifying the original pa-
rameters. Consequently, the same pre-trained base model can
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Method Query
Adaptive

Data
required

Supervised
training

Per
layer

Static Fusion ✗ ✗ ✗ ✗
LoraFlow (Wang et al. 2024) ✓ ✓ ✓ ✓
LoraHub (Huang et al. 2023) ✓ ✓ ✓ ✗
Centroid Sim. (Belofsky 2023) ✓ ✓ ✗ ✗

qa-FLoRA(Ours) ✓ ✗ ✗ ✓

Table 1: Comparison of existing LoRA fusion approaches.
(▪) indicates an undesired trait, (▪) indicates a desired one.

be reused across multiple downstream tasks by simply swap-
ping in the appropriate LoRA modules. However, relying on
individual LoRA modules in isolation fundamentally limits
the model’s ability to handle complex or composite inputs
that span multiple domains or tasks. In such scenarios, train-
ing dedicated adapters for every possible task combination
is impractical and does not scale well with the combinatorial
explosion of domains and tasks.

This challenge has motivated the growing body of research
on LoRA fusion, which aims to integrate multiple task-
specific adapters to enable robust inference across compos-
ite inputs spanning diverse domains. Early works relied on
static merging (Liu 2024), which naively combines adapters
with fixed weights. This method does not account for the se-
mantic relevance of domain experts to individual queries.
More recent supervised approaches adopt dynamic fusion
schemes inspired by the Mixture-of-Experts(MoE) architec-
ture (Jiang et al. 2024), and train a routing network to pre-
dict fusion weights (Wang et al. 2024; Xu, Lai, and Huang
2024). While these dynamic fusion methods improve adapt-
ability to individual queries, they still require re-training the
router for each new adapter or domain addition. Moreover,
such training-based methods require a diverse collection of
composite training data for all possible adapter combina-
tions, thus creating a scalability bottleneck that limits their
applicability to heterogeneous adapter collections.

To address the scalability limitations of training-based
approaches, another line of work has explored training-
free LoRA fusion that bypasses the requirement of com-
posite data for fusion weights optimization. These meth-
ods typically compute fusion weights by measuring cosine
similarity between test queries and precomputed domain-
centroids for each adapter (Belofsky 2023; Chronopoulou
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et al. 2023). However, the effectiveness of such centroid-
based approaches is highly dependent on the quality and rep-
resentativeness of the domain-specific data used to compute
centroids. Moreover, this method fails to capture the distri-
butional shifts that adapters induce at different layers of the
LLM, and for domains with semantically similar represen-
tations, centroids provide inadequate information, leading to
suboptimal fusion weights. Table 1 compares the pros and
cons of the existing methods. These challenges highlight the
need for a more flexible and robust training-free method for
dynamic fusion of LoRA adapters.

In this paper, we introduce qa-FLoRA, a novel data-
and-training-free method that can dynamically determine
layer-level weights for query-adaptive fusion of LoRA
modules. Our approach is grounded in the following insight
– examining how each adapter modifies the base model’s
predictions reveals its relevance to the query. Specifically,
when a LoRA adapter is semantically relevant to an input,
it injects meaningful task-specific information that diverges
from the base model’s representation in a measurable way.
This divergence serves as a proxy for semantic relevance,
enabling dynamic weighing of adapters based on their
contribution to the query at hand. Notably, our proposed
approach eliminates the need for composite training data
or domain-specific representative samples as required by
previous approaches.
The key contributions of our work are threefold:
1. We propose qa-FLoRA, a novel data-free and training-

free approach for query-adaptive LoRA Fusion that dy-
namically computes layer-level fusion weights based on
the semantic relevance of adapters to individual queries.

2. We extensively compare our method with diverse base-
lines across static, supervised, and training-free fusion
paradigms. We demonstrate substantial improvements
over static and training-free methods (by 5% and 7% with
LLaMA-2-7B and by 6% and 10% with LLaMA-3-8B
base LLM respectively), while significantly closing the
performance gap with fully supervised methods.

3. Through comprehensive evaluation across nine different
composite tasks, we validate that our approach can ef-
fectively combine diverse domain expertise without re-
quiring additional training, making it readily applicable
to existing LoRA adapter collections.

2 Related Work
Parameter-Efficient Fine-Tuning (PEFT) of LLMs. With
the recent advances in PEFT techniques (Han et al. 2024;
Xu et al. 2023), LLMs are often domain-adapted by either
updating only a small subset of model parameters or adding
lightweight task-specific trainable modules. Existing PEFT
strategies can broadly be classified into three: additive meth-
ods (Houlsby et al. 2019; He et al. 2021; Zhu et al. 2021;
Lei et al. 2023; Chen et al. 2023) that introduce new train-
able modules, reparameterization methods (Hu et al. 2022;
Valipour et al. 2022; Zhang et al. 2023c,a; Hayou, Ghosh,
and Yu 2024; Liu et al. 2024a) that express updates using

low-rank adaptation of the parameter update matrix, and se-
lective methods (Guo, Rush, and Kim 2020; Zaken, Ravfogel,
and Goldberg 2021; Sung, Nair, and Raffel 2021; He et al.
2022; Das et al. 2023; Liao, Meng, and Monz 2023; Zhang
et al. 2023b) that fine-tune only chosen existing weights. In
this work, our focus is on reparameterization methods, par-
ticularly LoRA (Hu et al. 2022).
LoRA Fusion for multi-task adaptation. LoRA fusion
combines multiple domain-experts (LoRA modules) to en-
able robust inference across multi-domain composite inputs.
The simplest approach to combining multiple adapters is
static LoRA fusion, which uses arithmetic operations (av-
eraging, weighted averaging, or task arithmetic) to merge
adapters offline (Liu 2024). This method fails to adapt to
the varying semantic requirements of input queries, re-
sulting in suboptimal performance. Existing methods for
dynamic LoRA fusion predominantly rely on supervised
learning to train routing mechanisms (Zadouri et al. 2023;
Kong et al. 2024; Luo et al. 2024; Ma et al. 2024). Lo-
raRetriever (Zhao et al. 2024) combines retrieval-based se-
lection with composition strategies. LoRAMoE (Dou et al.
2023) utilizes mixture-of-experts gating networks for token-
level adapter selection. DLP-LoRA (Zhang and Li 2024)
proposes lightweight plugins and dynamic merging strate-
gies for multi-task scenarios. LoRA-Flow (Wang et al.
2024) introduces progressive fusion with learnable gates,
and MeteoRA (Xu, Lai, and Huang 2024) implements token-
level gating for fine-grained control. Another work Lo-
RAHub (Huang et al. 2023) employs gradient-free few-shot
optimization to learn fusion weights in a non-parametric
fashion. However, the above supervised methods require
composite training data for all possible adapter combina-
tions, to optimize fusion weights, which limits their general-
izability to unseen task combinations. Existing training-free
approaches (Belofsky 2023; Chronopoulou et al. 2023) rely
on cosine similarity between test queries and pre-computed
centroids of domain-specific data to select relevant adapters.
However, there is still a dependency on domain-specific data
for centroid computation, and the per-layer distributional
shifts are not taken into account. To address these limita-
tions, we propose qa-FLoRA, a query-adaptive data-and-
training-free LoRA-Fusion method that leverages divergence
between the base model and adapter distributions to dynam-
ically identify the most semantically relevant adapters, with-
out requiring additional parametric routing or few-shot data.

3 Our Approach
In this section, we present qa-FLoRA, a novel data-and-
training-free approach for query-adaptive Fusion of LoRA
modules, that leverages the distributional divergence of
each adapter with respect to the base LLM, to identify the
semantic relevance of adapters for each input query. Figure 1
illustrates the overall framework of our proposed approach.
Problem Formulation
Given a frozen large language model  with parame-
ters 𝑊 and a set of 𝑘 domain-specific LoRA adapters
{1,2,… ,𝑗 ,… ,𝑘}, each of which induces a low-
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Figure 1: Proposed qa-FLoRA framework. For an input query, we (a) dynamically calculate the per-layer fusion weights by
utilizing the KL divergence between base model and adapter vocabulary distributions, and (b) perform weighted combination
of LoRA adapter outputs with the base model for every transformer layer of the LLM.

rank update Δ𝑊𝑗 to 𝑊 . For an input query 𝑄, our objec-
tive is to dynamically determine the per-layer fusion weights
{𝛼(1)𝑗 , 𝛼(2)𝑗 ,… , 𝛼(𝑙)𝑗 ,… , 𝛼(𝑁)

𝑗 } for an adapter 𝑗 when com-
puting the model predictions.

To achieve this, we (1) compute the layer-wise probability
distributions for both the base model and each LoRA adapter
as described in section 3.1, (2) quantify the distributional
divergence between adapters and the base model to derive
adapter fusion weights, as described in section 3.2 and (3)
perform weighted LoRA fusion with the base model to com-
pute final predictions, as described in section 3.3.
3.1 Layer-level probability distribution
This stage involves extracting intermediate hidden-state
representations from both the base model and the adapters,
and projecting their logits to vocabulary space to enable
meaningful distributional comparisons of the base model
and the adapters.

Extraction of layer-level hidden states. For an input
query 𝑄, we process it through the base LLM  to obtain
the layer-wise hidden states as h(𝑙)

 = 𝑊 (𝑙)h(𝑙−1)
 , where

𝑊 (𝑙) denotes the weights of 𝑙𝑡ℎ transformer layer of the base
LLM . Similarly, we obtain the hidden states when pro-
cessing the query 𝑄 through each of the 𝑘 LoRA adapters as
h(𝑙)
𝑗

= h(𝑙)
+Δ𝑊 (𝑙)

𝑗 h(𝑙−1)
𝑗

. Here, for 𝑙=1, h(𝑙−1)
 = h(𝑙−1)

𝑗
= 𝑥,

where 𝑥 denotes the query embeddings. For brevity and
consistency, we talk about h(𝑙) and 𝑊 (𝑙) at the transformer
block level. The actual computations happen at linear-layer
level for self-attention and feedforward networks within
each transformer block.

Projection onto vocabulary distribution. To compute
meaningful divergences between layer-level representations,
we must first project each hidden state h(𝑙) onto the model’s
vocabulary space. Notably, we reuse the pre-trained LM head
parameterized by 𝑊𝐿𝑀 to produce logits for every layer as
z(𝑙) = 𝑊𝐿𝑀h(𝑙)

 and z(𝑙)𝑗
= 𝑊𝐿𝑀h(𝑙)

𝑗
. The LM head is orig-

inally trained to process only the final-layer hidden states.
However, similar to (Kavehzadeh et al. 2023; Varshney et al.
2023), we empirically found that applying the same projec-
tion to intermediate hidden-states yields well-calibrated log-
its for divergence computation.

Finally, we convert these logits into probability distribu-
tion over the vocabulary by applying softmax normalization

𝑝(𝑙) =
exp(z(𝑙))

∑𝑑
𝑚=1 exp(z

(𝑙)
(𝑚))

; 𝑞(𝑙)𝑗 =
exp(z(𝑙)𝑗

)
∑𝑑

𝑚=1 exp(z
(𝑙)
𝑗 (𝑚)

)

to obtain 𝑝(𝑙) and 𝑞(𝑙)𝑗 which denote the probability distribu-
tion of the outputs of layer 𝑙 from base LLM and 𝑗𝑡ℎ adapter
respectively. 𝑑 denotes the dimensionality of the logits.
3.2 Distributional divergence and fusion weights
Here, we quantify how the predictions of each LoRA adapter
diverge from the predictions of the base model. As shown in
Figure 1(a), for each layer 𝑙, we obtain the respective hid-
den state probability distributions for the last token of the
query 𝑄, and compute the Kullback Leibler (KL) divergence
between the distribution of the base LLM 𝑝(𝑙)[-1] and each
adapter 𝑞(𝑙)𝑗 [-1] as shown in equation 1.

𝑑𝑖𝑣(𝑙)𝑗 (𝑄,𝑗) = 𝐷𝐾𝐿(𝑝(𝑙)[-1]‖𝑞(𝑙)𝑗 [-1]) (1)
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where:
𝐷𝐾𝐿(𝑝(𝑙)‖𝑞

(𝑙)
𝑗 ) =

𝑑
∑

𝑖=1
𝑝(𝑙)(𝑖) log

𝑝(𝑙)(𝑖)
𝑞(𝑙)𝑗(𝑖)

(2)

𝑑 is the dimensionality of the probability distributions.
Intuitively, for a given query, the KL divergence

𝐷𝐾𝐿(𝑝(𝑙)‖𝑞
(𝑙)
𝑗 ) measures the information gain when using

the adapter distribution 𝑞𝑗 instead of the base model distri-
bution 𝑝, thus quantifying the semantic information injected
by each LoRA adapter relative to the base model representa-
tion. A higher KL divergence value indicates that the respec-
tive adapter is contributing task-specific information that the
base model alone does not capture. Conversely, a lower KL
divergence implies that the adapter provides little additional
semantic value for the given query.

Once the KL divergence between the respective probabil-
ity distributions is computed, the LoRA fusion weights for
adapter 𝑗 at each transformer layer can be obtained as

𝛼(𝑙)𝑗 =
𝑑𝑖𝑣(𝑙)𝑗

∑𝑘
𝑖=1 𝑑𝑖𝑣

(𝑙)
𝑖

3.3 Adaptive LoRA fusion
As shown in Figure 1(b), we fuse the LoRA
adapters with respective per-layer fusion weights
{𝛼(1)1 ,… , 𝛼(𝑁)

1 },… , {𝛼(1)𝑘 ,… , 𝛼(𝑁)
𝑘 }, and obtain the fi-

nal model predictions as shown in equation 3.

𝑂 = 𝑂 + Δ𝑂𝑗
= (𝑊 +

𝑘
∑

𝑗=1
𝛼𝑗Δ𝑊𝑗)𝑥 (3)

This per-layer adaptive fusion mechanism ensures that for
each input query, the most semantically relevant adapters re-
ceive higher weights while the less relevant ones are natu-
rally downweighted, enabling the model to dynamically and
effectively combine diverse domain expertise for improved
performance across heterogeneous tasks, without requiring
additional training or optimization.

4 Experiments and Results
4.1 Setup
Our experiments are constrained to LLaMA-2-7B (Touvron
et al. 2023) and LLaMA-3-8B (Grattafiori et al. 2024) base
LLMs due to computational limitations. The base model
parameters remain frozen throughout, with domain-specific
adaptation performed exclusively through lightweight LoRA
modules. All inference experiments are conducted on V100
32G GPUs, with LLaMA-3-8B inference performed in
bfloat16 precision format for computational efficiency.
4.2 Baselines
We compare our approach with different baselines spanning
three fusion paradigms.
Static fusion is a naive baseline that assigns equal weigh-
tage to each participating LoRA without considering the rel-
evance of respective adapters to the query at hand. This ap-
proach lacks query-adaptability and layer-level granularity.

Supervised methods learn optimal fusion weights from
composite data. LoRAFlow (Wang et al. 2024) trains a para-
metric router using composite examples per adapter com-
bination to predict fusion weights. LoRAHub (Huang et al.
2023) performs gradient-free optimization of fusion weights.
Although effective, these methods heavily rely on training
data for different adapter combinations, thus lacking scala-
bility and generalizability.
Training-free methods like (Belofsky 2023; Chronopoulou
et al. 2023) avoid supervised optimization of fusion weights
by computing domain centroids from representative exam-
ples (subset of data used for training LoRA adapters), and
assigning fusion weights based on respective cosine similar-
ities. Although unsupervised, these approaches still require
access to domain-representative data and do not capture the
per-layer distributional shift introduced by adapters.
Data and Training free methods To the best of our knowl-
edge, our method is the first under the data and training free
paradigm. We differ from existing training-free methods by
(i) eliminating dependence on representative examples en-
tirely, and (ii) utilizing dynamic fusion weights per-layer.
4.3 Datasets
Our objective is to investigate the effectiveness of differ-
ent LoRA fusion methods in handling challenging com-
posite queries, where multi-domain expertise is intricately
amalgamated in a query, rather than appearing as sequential
tasks (Xu, Lai, and Huang 2024). To this end, we draw inspi-
ration from the evaluation tasks used in LoRAFlow (Wang
et al. 2024). LoRAFlow evaluates fusion performance on six
composite tasks combining three language adapters (Chi-
nese, Russian, Spanish) with two domain adapters (Math,
Code). To introduce more diversity in evaluation tasks, we
extend their evaluation framework by introducing a Medical
domain adapter, thereby enabling evaluation on nine multi-
lingual composite tasks that span mathematical reasoning,
code generation, and medical question answering, and re-
quire combining linguistic and domain expertise. In this sec-
tion, we provide details on the datasets used for (i) training
each LoRA expert, (ii) fusion weight optimization in super-
vised baselines, and (iii) our evaluation benchmarks.
LoRA expert training. To evaluate LoRA fusion perfor-
mance, the six LoRA expert modules are trained as follows.
The (i) Chinese (zh), (ii) Russian (ru), and (iii) Spanish (es)
language experts are trained using the respective 52K con-
versational examples from (Lai et al. 2023). The (iv) Math
adapter is trained on 395K english mathematical reasoning
problems from the MetaMathQA dataset (Yu et al. 2023),
the (v) Code adapter employs 186K english code genera-
tion problems from the MagiCoder dataset (Wei et al. 2023),
and the (vi) Medical adapter is trained using 182K multiple-
choice medical question-answer pairs from the MedMCQA
dataset (Pal et al. 2022).

All adapters except code are trained using a LoRA rank
r=64 with scaling factor 𝛼=16. Following (Wang et al.
2024), the code LoRA is trained using a rank r=256. Each
LoRA adapter is trained for 3 epochs with a cosine warmup
scheduling, where the peak learning rate is 1e-4, and the
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Base LLM Paradigm Method
Math (accuracy) Code (pass@1) Medical (accuracy) Avg across

3 domainszh ru es Avg zh ru es Avg zh ru es Avg

LLaMA-2-7B

Static fusion Avg [0.5, 0.5] 12.8 10.4 18.4 13.9 17.1 17.7 18.3 17.7 28.0 33.0 28.0 29.7 20.4

Supervised LoRAFlow 33.2 37.6 42.0 37.6 20.7 23.8 23.2 22.6 31.7 35.3 30.6 32.5 30.9
LoRAHub 20.8 28.4 36.8 28.7 19.5 21.3 20.1 20.3 30.5 33.2 26.7 30.1 26.4

Training free Centroid sim. 8.4 4.4 17.6 10.1 21.7 16.5 18.3 18.8 32.4 32.7 17 27.4 18.8
Data & Training free qa-FLoRA (Ours) 21.6 21.6 36.4 26.5 20.9 16.5 15.6 17.7 30.0 39.0 31.0 33.3 25.8

LLaMA-3-8B

Static fusion Avg [0.5, 0.5] 40.8 45.2 49.2 45.1 48.2 23.8 22.6 31.5 42.4 40.0 34.7 39.0 38.5
Supervised LoRAFlow 56.8 60.4 69.2 62.1 36.6 28.7 37.2 34.2 43.2 39.3 43.5 42.0 46.1
Training free Centroid sim. 34.4 41.6 45.6 40.5 43.9 28.7 27.4 33.3 35.3 22.7 30.6 29.5 34.4
Data & Training free qa-FLoRA (Ours) 50.4 58.4 66.0 58.3 48.2 23.8 31.1 34.4 39.6 38.0 42.2 39.9 44.2

Table 2: Quantitative comparison of different fusion methods across nine composite tasks with LLaMA-2-7B and LLaMA-3-8B
as base LLMs. Best results within the training-free paradigm are highlighted in bold.

warmup ratio is 0.04.
Data for supervised baselines. Supervised LoRA fusion
methods such as LoRAFlow (Wang et al. 2024) and Lo-
RAHub (Huang et al. 2023) require training data for each
task to learn optimal fusion weights. Towards this, for math
and code tasks, we utilize the translated datasets from (Wang
et al. 2024), which comprise 200 training examples for each
of the six tasks. For medical tasks, we construct the training
datasets by translating 280 medical QA examples from (Pal
et al. 2022) into Chinese, Russian, and Spanish using GPT-4o
with subsequent human verification. We follow the default
training configurations of LoRAFlow (Wang et al. 2024) and
LoRAHub (Huang et al. 2023) and train them on two A100
80G GPUs to benchmark their performance for our tasks.
Evaluation benchmarks. To evaluate the fusion perfor-
mance of different baselines in math tasks, we use 250 test
samples from the MGSM dataset (Shi et al. 2022) which
provides grade-school multilingual mathematical reasoning
problems. For code tasks, we utilize 164 translated codes
from the HumanEval dataset. For medical evaluation, we
translate 150 test samples from the MedMCQA dataset (Pal
et al. 2022) using GPT-4o with human verification.
4.4 Evaluation Metrics
We employ different evaluation metrics for each domain. For
mathematical reasoning tasks, we extract numerical answers
from model outputs using regex-based postprocessing and
compute accuracy against ground truth answers. Code gen-
eration tasks are assessed using the pass@1 metric, which
measures the percentage of problems in which the generated
code passes all test cases on the first attempt. Medical QA
tasks use exact match scoring, where we evaluate whether the
model’s selected option matches the ground-truth answer.
4.5 Results and Discussion
Quantitative analysis. Table 2 presents a comprehensive
quantitative comparison of different LoRA fusion methods
utilizing LLaMA-2-7B and LLaMA-3-8B as base LLMs,
across nine composite tasks spanning mathematics, cod-
ing, and medical domains. Our proposed method qa-FLoRA

substantially outperforms static and training-free baselines
while significantly closing the gap with supervised baselines.

Compared to the centroid similarity training-free base-
line (Belofsky 2023; Chronopoulou et al. 2023), qa-FLoRA
demonstrates superior overall average performance, achiev-
ing an improvement of ∼7% with LLaMA-2 and ∼10%
with LLaMA-3 base LLM. This improvement is particularly
pronounced in the mathematics domain, where qa-FLoRA
outperforms centroid approach by ∼16% with LLaMA-2
and ∼18% with LLaMA-3. Similarly, the medical domain
achieves an average improvement of ∼6% with LLaMA-2
and ∼10% with LLaMA-3. However, in the coding domain,
both qa-FLoRA and centroid approach achieve compara-
ble performance. This domain-specific performance varia-
tion can be explained as follows: Math and medical queries
are language-heavy as illustrated in the second column of
Figure 2. Centroid method overweighs language LoRA via
lexical similarity, while qa-FLoRA overweighs task LoRA
via distributional divergence. Thus, the centroid method has
a lower performance in math and medical. Code queries on
the other hand have both language(zh/ru/es) dominance and
programming keywords (refer to second column of Figure 2).
The lexical similarity measure in the centroid method causes
higher weights for task LoRA due to keywords and syntactic
matches. Thus, both methods produce similar fusion weights
resulting in comparable performance.

The static fusion baseline, which naively employs equal
weighing of adapters, achieves an overall average of 20.4%
with LLaMA-2 and 38.5% with LLaMA-3. In contrast, our
method delivers an improvement of∼5% with LLaMA-2 and
∼6% with LLaMA-3. The consistent superior performance
of qa-FLoRA over static fusion across all domains highlights
the importance of dynamic, query-aware fusion weights.

Supervised fusion approaches LoRAFlow (Wang et al.
2024) and LoRAHub (Huang et al. 2023) outperform our
training-free method by 5.1% and 0.6% respectively with
LLaMA-2 base LLM. Notably, with LLaMA-3, the perfor-
mance gap with supervised LoRAFlow narrows significantly
to just 1.9%, suggesting that our approach scales effectively
with more capable base models. Further, it is important to
note that these supervised methods require a training phase
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Response : 
珍妮特每天下 16 颗蛋，每天吃 3 颗，每天用 4 颗为自己的朋友做松饼，剩下的

鸭蛋她每天拿去农贸市场卖，每颗新鲜鸭蛋卖 2 美元。\n每天她拿去卖的鸭蛋数

量是 16 - 3 - 4 = 9 颗。\n每天她在农贸市场赚 9 * 2 = 18 美元。\n所以，珍妮

特每天在农贸市场赚 18 美元。

Translated : 
Janet lays 16 eggs a day, eats 3 eggs a day, uses 4 eggs a day to 
make muffins for her friends, and sells the remaining eggs at the 
farmer's market every day, selling each fresh egg for $2. \nThe 
number of eggs she sells every day is 16-3-4 = 9 eggs. \nShe earns 
9*2 = $18 at the farmer's market every day. \nSo, Janet earns $18 a 
day at the farmer's market.

Question : 
珍妮特的鸭子每天下 16 颗蛋。她每天早上早餐时吃 3 颗，每天用 4 颗为自己的

朋友做松饼。剩下的鸭蛋她每天拿去农贸市场卖，每颗新鲜鸭蛋卖 2 美元。她每

天在农贸市场赚多少钱？

Translated : 
Janet's duck lays 16 eggs every day. She eats 3 eggs for breakfast 
every morning and uses 4 eggs to make muffins for her friends every 
day. She sells the remaining eggs at the farmer's market every day for 
$2 per fresh egg. How much money does she make at the farmer's 
market every day?

Question : 
from typing import List, Tuple
def rolling_max(numbers: List[int]) -> List[int]:

"""从给定的整数列表中，生成序列中到每个时刻为止找到的最大元素的列

表。\n\t>>> rolling_max([1, 2, 3, 2, 3, 4, 2])\n\t[1, 2, 3, 3, 3, 4, 4]\n\t"""

Translated : 
……"""From a given list of integers, generate a list of the maximum 
element found at each time in the sequence. \n\t>>> rolling_max([1, 
2, 3, 2, 3, 4, 2])\n\t[1, 2, 3, 3, 3, 4, 4]\n\t"""

Response : 
def rolling_max(numbers: List[int]) -> List[int]:

"""从给定的整数列表中，生成序列中到每个时刻为止找到的最大元素的列

表。\n >>> rolling_max([1, 2, 3, 2, 3, 4, 2])\n [1, 2, 3, 3, 3, 4, 4]\n"""
max_list = []
for i in range(len(numbers)):

    max_list.append(max(numbers[:i+1]))
return max_list

(a) (b)

Figure 2: Layer-wise KL divergence analysis. In the first row, we visualize the layer-level variation in mean KL divergence val-
ues (averaged across all test queries and then normalized) with LLaMA-2-7B base LLM for 2 composite tasks: (a) Chinese(zh)-
math, and (b) Chinese(zh)-code. The second and third rows show an example question-response pair (translations provided for
understanding) for each of the two tasks.

to optimize the fusion weights. In contrast, our proposed
method operates in a training-free paradigm and even omits
the requirement of representative samples (as in the centroid-
based approach). qa-FLoRA’s ability to approach supervised
performance while maintaining the flexibility and efficiency
of data-and-training-free operation represents a significant
practical advantage, especially when quality fusion data is
expensive to obtain and repeated training for new adapter
combinations is cumbersome.
Qualitative analysis. To gain deeper insights into the fu-
sion behavior of our method, we conduct a layer-level diver-
gence analysis that reveals how respective domain and lan-
guage adapters contribute across different network depths.
Figure 2 presents the KL divergence values of respective do-
main LoRAs and the Chinese language LoRA, averaged and
normalized across all test queries for two composite tasks.

We observe a consistent pattern in the initial trans-
former layers of the LLM, where KL divergence values ap-
proach zero for both domain and language adapters. This

phenomenon aligns with established findings that lower
transformer layers typically handle universal linguistic fea-
tures (Liu et al. 2024b) that are well-captured during large-
scale pre-training of the base LLM, requiring negligible task-
specific adaptation.

In the Chinese(zh)-math task (Figure 2a), the math LoRA
exhibits consistently higher KL divergence values through-
out the middle layers (layers 10-30), reflecting its dominant
role in foundational reasoning and arithmetic computations.
However, there is a notable increase in the contribution from
the Chinese LoRA in the final layer. This can be attributed to
the generation phase: although the reasoning chain is math-
ematical, the final solution must be articulated in fluent Chi-
nese with appropriate explanations and formatting. Thus, the
language adapter becomes crucial for producing coherent,
linguistically accurate responses that maintain mathematical
precision while adhering to Chinese linguistic conventions.

In the Chinese(zh)-code task (Figure 2b), we observe a
slight dominance of Chinese LoRA in the middle layers(20-
23). This phase corresponds to the interpretation stage,
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Token Granularity Math Code Medical Avg across
3 domainszh ru es Avg zh ru es Avg zh ru es Avg

Full query 18.8 18.4 26.4 21.2 20.9 18.0 17.7 18.9 27.3 36.0 27.9 30.4 23.5
Last token (Ours) 21.6 21.6 36.4 26.5 20.9 16.5 15.6 17.7 30.0 39.0 31.0 33.3 25.8

Table 3: Ablation Study to identify the optimal token-level granularity for best performance.

where the model must fully comprehend the algorithmic
requirements, constraints, and expected functionality de-
scribed in Chinese (code comment). Following this interpre-
tation phase, the code LoRA assumes dominant influence
across all subsequent layers, reflecting the transition from
language understanding to code synthesis. The generation
process involves universal programming language constructs
(keywords, operators, control structures) that are language-
agnostic. Once the initial intent is decoded from the Chinese
description, the subsequent generation process relies heavily
on the code adapter’s specialized knowledge of programming
patterns, algorithmic structures, and syntax rules.

The interpretability provided by these layer-level visu-
alizations serves as both a theoretical validation of our
method’s effectiveness and a diagnostic tool for understand-
ing fusion dynamics. This analysis suggests that an optimal
fusion strategy must capture the layer-level dynamics of how
different expertise are required at different processing stages
of a query. Appendix A also provides a similar layer-level
analysis for the remaining composite tasks.
Ablation Study: Optimal query tokens granularity for
relevance estimation. We investigate the optimal token
granularity for KL divergence computation by comparing
two approaches: averaging divergence across all query to-
kens versus using only the last token’s divergence. Table 3
shows that the latter approach outperforms all-token averag-
ing by ∼2%. This performance gap can be attributed to the
autoregressive nature of transformer models, where the fi-
nal token’s hidden state encapsulates the full sequential con-
text through self-attention mechanisms. Additionally, relying
on the last-token alone reduces computational overhead by
eliminating position-wise calculations, making it both effec-
tive and efficient for adapter relevance estimation.

Appendix A discusses another ablation study justifying
the choice of our divergence measure technique.
Latency Analysis. To evaluate the computational effi-
ciency of our approach, we measure the average latency for
250 queries of the Chinese(zh)-math task using LLaMA-2-
7B base LLM. The queries average 154 tokens in length. We
perform all evaluations on V100 32G GPUs.

The inference process comprises two components: (a) fu-
sion weight computation, which adds ∼192ms per query per
adapter. This overhead stems from the forward passes re-
quired to extract layer-level hidden states and their proba-
bility distributions to compute KL divergences. Importantly,
this computation can be parallelized across adapters, en-
abling substantial speedup. (b) generation time, which re-
mains comparable to supervised LoRAFlow method.

While qa-FLoRA introduces a negligible overhead for

fusion-weight computation, it completely eliminates the
training phase required by supervised methods. Thus, there
is no need for composite data collection and fusion weights
optimization for all possible adapter combinations. Our
training-free paradigm computes fusion weights on-the-fly,
making it readily applicable to new adapter collections and
substantially more scalable as the number of adapters grow.

5 Conclusion
In this work, we propose qa-FLoRA, a novel training-free
approach for query-adaptive LoRA fusion that dynamically
integrates multiple domain-specific adapters. Our method
leverages distributional divergence between adapter and base
model representations at each layer, to quantify the seman-
tic relevance of each adapter to the query, thereby enabling
principled and interpretable fusion weight computation. Ex-
tensive experimental evaluation across nine composite tasks
demonstrates that qa-FLoRA achieves substantial improve-
ments, outperforming static and training-free methods by
large margins, while closing the gap with supervised fusion
approaches that require additional training overhead. Over-
all, our approach offers a scalable and effective solution for
training-free adapter fusion, eliminating the need for addi-
tional composite data, and setting a strong foundation for fu-
ture research in unsupervised adapter fusion techniques.

6 Limitations and Future Work
Our evaluation is restricted to the LLaMA-2-7B and
LLaMA-3-8B models due to computational constraints.
While we demonstrate improvements across nine diverse
composite tasks, future work could further validate our ap-
proach with varied-scale LLMs (13B, 70B variants).

Despite achieving substantial improvements over training-
free baselines, our method still exhibits a performance gap
compared to supervised fusion approaches, particularly in
domains requiring complex reasoning. Future research could
explore more sophisticated relevance measures beyond KL
divergence, while preserving the training-free paradigm.
Moreover, investigating fusion strategies that can dynami-
cally select between different relevance measures based on
query characteristics represents a promising avenue to close
the remaining performance gap with supervised methods.
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