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ABSTRACT

Merging multiple task-specific LoORA adapters into a single multi-task adapter
is challenging due to parameter interference. Existing adaptive methods learn
merge coefficients by minimizing entropy on unlabeled data, but this reference-
free objective can lead to “confidently wrong” predictions where the model be-
comes overconfident on incorrect outputs. We propose SourceJS-LoRA, which
learns merge coefficients by minimizing Jensen-Shannon divergence between the
merged model’s predictions and each task expert’s predictions. This source-
referenced objective anchors the optimization to task-specific expert models,
preventing confidence collapse. On 8 GLUE tasks with T5-base, SourceJS-
LoRA achieves 83.10% average accuracy, outperforming the state-of-the-art DO-
Merging by +2.29 points and entropy-based coefficient learning by +5.55 points.
Analysis reveals that our method produces stable, balanced coefficients while en-
tropy minimization leads to extreme values with negative weights.

WARNING: This paper was generated by an automated research system. The code
is publicly availableE]

1 INTRODUCTION

Parameter-efficient fine-tuning methods such as LoRA (Hu et al., |2021) have become the standard
approach for adapting large language models to downstream tasks. By learning low-rank updates
to frozen pre-trained weights, LoRA enables efficient task-specific adaptation while dramatically
reducing storage and computational costs. In practice, organizations often accumulate multiple
task-specific LORA adapters for the same base model, creating a need to consolidate these adapters
into a single multi-task model for simplified deployment.

Model merging offers a promising solution by combining multiple fine-tuned models without addi-
tional training. Task arithmetic (Ilharco et al., [2022)) treats task-specific parameters as vectors that
can be added to create multi-task models, while methods like TIES-Merging (Yadav et al.,[2023) ad-
dress parameter interference through sign resolution and pruning. For LoRA adapters specifically,
DO-Merging (Zheng et al., 2025) proposes magnitude decoupling and orthogonalization to reduce
interference. However, these approaches use fixed or heuristically-determined merge coefficients.

Adaptive methods learn merge coefficients from data. AdaMerging (Yang et al.,|2024b)) optimizes
coefficients by minimizing the entropy of the merged model’s predictions on unlabeled data, en-
couraging confident outputs. However, we identify a fundamental limitation: entropy minimization
is reference-free—it encourages confidence without constraining which predictions should be con-
fident. Under LoRA interference, this can lead to confidently wrong predictions where the model
becomes overconfident on incorrect outputs. Our experiments confirm this: entropy-based coeffi-
cient learning performs worse than simple uniform merging (77.55% vs 79.76% on GLUE).

We propose SourceJS-LoRA, which learns merge coefficients by minimizing Jensen-Shannon diver-
gence between the merged model’s predictions and each task expert’s predictions. Unlike entropy
minimization, this source-referenced objective anchors the optimization to the task-specific expert
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models, preventing confidence collapse. Our method requires only unlabeled data, making it practi-
cal when labeled data is scarce.

Our contributions are:

* We identify a failure mode of entropy-based coefficient learning for LoRA merging: with-
out reference targets, optimization can produce confidently wrong predictions and unstable
coefficients.

* We propose SourceJS-LoRA, which uses Jensen-Shannon divergence to task expert predic-
tions as a teacher-anchored objective for learning merge coefficients.

* We demonstrate that SourceJS-LoRA achieves 83.10% average accuracy on 8§ GLUE
tasks with T5-base, outperforming DO-Merging (+2.29) and entropy minimization (+5.55),
while producing stable, balanced coefficients.

2 RELATED WORK

Model Merging. Model merging combines multiple fine-tuned models into a single model with-
out additional training. Wortsman et al.| (2022) introduced model soups, demonstrating that aver-
aging weights of models fine-tuned with different hyperparameters improves accuracy. Task Arith-
metic (Ilharco et al., [2022) formalized task vectors as the difference between fine-tuned and pre-
trained weights, enabling arithmetic operations for multi-task learning. TIES-Merging (Yadav et al.,
2023) addressed parameter interference by trimming low-magnitude values, resolving sign conflicts,
and merging only aligned parameters. Fisher-weighted averaging (Matena & Raffel, [2021) uses
Fisher information to weight parameters by their importance. Recent surveys (Yang et al.| [2024al)
provide comprehensive overviews of merging techniques for large language models.

Adaptive Merging. Rather than using fixed coefficients, adaptive methods learn merge weights
from data. AdaMerging (Yang et al.| 2024b)) learns task-wise or layer-wise coefficients by minimiz-
ing entropy on unlabeled test data, achieving strong multi-task performance. DO-Merging (Zheng
et al.,2025) decouples and orthogonalizes LORA components to reduce interference without requir-
ing data. IterIS (Chen et al.| 2024) iteratively aligns inference and solving phases for improved
LoRA merging. Other approaches include KnOTS (Stoica et al.| [2024), which uses SVD-based
techniques, and PCB-Merging (Du et al., [2024), which balances parameter competition. Our work
differs by identifying a fundamental limitation of entropy-based objectives and proposing source-
referenced JS divergence as a principled alternative.

Parameter-Efficient Fine-Tuning. LoRA (Hu et al.,|2021) enables efficient adaptation by learn-
ing low-rank updates to frozen pre-trained weights, dramatically reducing trainable parameters.
Comprehensive surveys (Han et al., 2024) cover the landscape of parameter-efficient methods in-
cluding adapters, prefix tuning, and prompt tuning. The modularity of LoRA adapters makes them
particularly amenable to merging, motivating specialized techniques for combining task-specific
adapters (Zhao et al., 2024; Zhang & Zhou, [2025)).

Multi-Task Learning. Traditional multi-task learning (Crawshawl [2020) trains a single model on
multiple tasks simultaneously, requiring careful balancing of task losses and shared representations.
Model merging offers an alternative paradigm where task-specific models are trained independently
and combined post-hoc, avoiding the challenges of joint optimization while enabling knowledge
transfer across tasks.

3 METHOD

3.1 PROBLEM SETUP

Consider a pre-trained model with parameters 6y and K task-specific LoRA adapters
{A1,..., Ak}, where each adapter Ay, represents the low-rank updates learned for task k. Fol-
lowing LoRA (Hu et al.| 2021)), each adapter modifies the weight matrices through low-rank decom-
position: A, = B Ay, where By, € R¥" and A;, € R"*% with rank r < d.
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Figure 1: Overview of SourceJS-LoRA. Stage 1: Task expert inference generates predictions from
K task-specific LoORA adapters. Stage 2: Coefficient optimization learns merge coefficients ~y that
combine adapters into a merged model. Stage 3: Divergence minimization optimizes coefficients
by minimizing JS divergence between merged and expert predictions, anchoring the optimization to
task-specific knowledge.

The goal of LoRA merging is to combine these K task-specific adapters into a single multi-task
adapter Apergeq that performs well across all tasks. Following task arithmetic (ITharco et al. [2022),
the merged adapter is typically formed as a weighted combination:

K
Amn:rged = Z 'Vk:Ak:v (D
k=1
where -, are the merge coefficients. The merged model is then Omergea = 00 + Amerged-

The key challenge is determining appropriate coefficients I' = {71, ..., vk }. Uniform coefficients
(v = 1/K) often lead to suboptimal performance due to task interference, motivating learned
coefficient approaches. Figure [T]illustrates our three-stage pipeline for learning these coefficients.

3.2 ENTROPY MINIMIZATION AND ITS LIMITATIONS

AdaMerging (Yang et al., 2024b) proposes learning merge coefficients by minimizing the entropy
of the merged model’s predictions on unlabeled data:

K
Eenlropy(r) = Z E:r:NXk [H(pHmsrged("x))] ) (2)
k=1

where H (-) denotes entropy and X}, is unlabeled data from task k.

While entropy minimization encourages confident predictions, it is reference-free: it does not con-
strain which predictions the model should be confident about. Under LoRA interference, this can
lead to confidently wrong predictions, where the merged model becomes overconfident on incorrect
outputs. The model may collapse toward coefficients that produce confident predictions on “easy”
tasks while degrading performance on others.

3.3 SOURCE-REFERENCED JS DIVERGENCE

We propose SourceJS-LoRA, which learns merge coefficients by minimizing the Jensen-Shannon
(JS) divergence between the merged model’s predictions and each task expert’s predictions on that
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task’s inputs. Unlike entropy minimization, this objective anchors the optimization to the task-
specific expert models, preventing confidence collapse.
For each task k, let 0, = 0y + A}, denote the task-specific model. Our objective minimizes:

K

Lis(L) = Bonxy [Dis (20, (2)][00epes (12))] €)

k=1
where Djs is the Jensen-Shannon divergence:

Dis(PlIQ) = 5 Dxe(PIM) + 3 Dia (QI[M), @

with M = (P + Q) being the mixture distribution.

The key insight is that JS divergence provides a teacher-anchored objective: rather than simply
encouraging confidence, it requires the merged model to agree with the task expert on its own inputs.
This is a stronger constraint that prevents the merged model from becoming confidently wrong.

For classification tasks, we compute distributions over the label space ), rather than the full vocab-
ulary, enabling stable divergence estimation with small sample sizes:

q0(y|x) o exp(log o (verbalize(y)|[prompt(z))), (5)
where verbalize(y) converts the label to its text representation.

3.4 LAYER-WISE COEFFICIENT LEARNING

While task-wise coefficients {fyk}szl provide a simple parameterization, different layers may

benefit from different task weightings. We extend to layer-wise coefficients 71(;) for each layer

le{l,...,L}:

K
l l l
Ar(nzrged = Z ,y](c )Al(c ) (6)
k=1

For T5-base with LoRA applied to query and value projections in both encoder and decoder, this
yields L x K = 72 x 8 = 576 learnable parameters, enabling fine-grained control over task mixing
at each layer while remaining highly parameter-efficient.

3.5 OPTIMIZATION

We optimize the coefficients I' using Adam with a cosine learning rate schedule. The base model
6o and all task adapters { A} remain frozen; only the merge coefficients are trainable. We add L2
regularization toward uniform coefficients to prevent extreme values:

L(T) = Lis(T) + AT = Toll3, (7
where T'g = {1/K,...,1/K} represents uniform initialization.
Our method requires only 128 unlabeled examples per task for coefficient learning, making it practi-

cal for scenarios where labeled data is scarce but unlabeled data is available. The optimization con-
verges in approximately 300 steps with learning rate 0.02 and L2 regularization weight A = 0.0002.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate SourceJS-LoRA on the GLUE benchmark (Wang et al., 2018)), using 8 tasks: CoLA
(linguistic acceptability), MNLI (natural language inference), MRPC (paraphrase detection), QNLI
(question answering NLI), QQP (question paraphrase), RTE (textual entailment), SST-2 (sentiment
analysis), and STS-B (semantic similarity).

We use T5-base (Raffel et al., 2019) (220M parameters) as the base model. LoRA adapters (Hu
et al., 2021)) are applied to query and value projections in both encoder and decoder with rank
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Table 1: Main results on 8 GLUE tasks with T5-base. SourceJS-LoRA outperforms all baselines
including DO-Merging (+2.29) and entropy-based learning (+5.55). Best merging method in bold,
second-best underlined. Single-task LoRA shown as upper bound.

Method CoLA MNLI MRPC OQNLI QQP RTE SST-2 STS-B ‘ Avg
Pre-trained 49.67 58.86 91.69 9331 8759 71.14 9355 89.53 | 79.42
Uniform Merge 51.04 60.07 9222 9336 8743 70.69 93.64 89.66 | 79.76
DO-Merging 5193 67.88 92.18 93.13 8644 7226 93.46 89.18 | 80.81
Entropy Coeff 41.12 60.37 8520 92.08 86.37 7450 9328 8747 | 71.55

Supervised Coeff  58.70 81.99 92.40 90.00 86.41 58.16 82.80 87.87 | 79.79
SourceJS-LoRA 5249 83.53 9224 9293 86.58 7651 9328 87.21 | 83.10

Single-task LORA ~ 60.72 8526 9349 9347 8743 81.66 9395 90.34 | 8579

Table 2: Ablation study on coefficient granularity. Layer-wise coefficients with optimized hyper-
parameters improve over task-wise by +0.41 points. Matched hyperparameters show layer-wise
underperforms without proper tuning.

Variant CoLA MNLI MRPC OQNLI QQP RTE SST-2 STS-B | Avg

Task-wise (8 params) 49.03 8270 9145 93.10 86.70 76.51 9337 88.65 | 82.69
Layer-wise matched (576) 51.34 7527 91.78 9325 86.99 7494 93.50 89.03 | 82.01
Layer-wise optimized (576) 52.49 8353 9224 9293 86.58 76.51 9328 8721 | 83.10

r = 16, a = 32, and dropout 0.05. We train one adapter per task and report results averaged over
three seeds (42, 123, 456).

We compare against the following baselines: (1) Pre-trained: T5-base without any adapter; (2)
Uniform Merge: task arithmetic with equal coefficients (5, = 1/8); (3) DO-Merging (Zheng et al.,
2025): state-of-the-art data-free LORA merging with magnitude decoupling and orthogonalization;
(4) Entropy Coeff: AdaMerging-style (Yang et al 2024b) entropy minimization for coefficient
learning; (5) Supervised Coeff: coefficient learning with labeled data (64 samples per task); and (6)
Single-task LoRA: separate adapters per task (upper bound).

4.2 MAIN RESULTS

Table [T presents the main results. SourceJS-LoRA achieves 83.10% average accuracy, outperform-
ing the state-of-the-art DO-Merging by +2.29 points (80.81%) and entropy-based coefficient learn-
ing by +5.55 points (77.55%). The gap to the single-task upper bound is only 2.69 points, demon-
strating effective multi-task consolidation.

A striking finding is that entropy minimization performs worse than simple uniform merging
(77.55% vs 79.76%), confirming our hypothesis that reference-free confidence optimization can
lead to “confidently wrong” predictions. This failure is particularly pronounced on CoLA (41.12%
vs 51.04% uniform) and MRPC (85.20% vs 92.22% uniform).

SourceJS-LoRA shows the largest improvement on MNLI, achieving 83.53% compared to 67.88%
for DO-Merging (+15.65 points). This challenging natural language inference task is where en-
tropy minimization particularly struggles (60.37%), suggesting that source-referenced optimization
is especially beneficial for tasks requiring nuanced reasoning.

4.3 ABLATION STUDY

Table [2] compares coefficient granularity variants. Task-wise coefficients (8 parameters) achieve
82.69% average accuracy. Directly applying layer-wise coefficients (576 parameters) with the same
hyperparameters actually decreases performance to 82.01% (—0.68 points), demonstrating that in-
creased parameterization requires careful tuning.

With optimized hyperparameters (learning rate 0.02, cosine schedule, L2 weight 0.0002, 128 unla-
beled samples), layer-wise coefficients achieve 83.10%, improving over task-wise by +0.41 points.
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Figure 2: Comparison of learned merge coefficients across methods. (a) Per-task coefficients show
SourceJS-LoRA produces balanced, positive values (0.06-0.50) while entropy minimization pro-
duces unstable coefficients with negative values. (b) Stability metrics confirm Source]S has smallest
range (0.44), lowest std (0.13), and zero negative coefficients.

The improvement is most pronounced on MNLI (+0.83 points), suggesting that different layers ben-
efit from different task weightings for complex reasoning tasks.

4.4 COEFFICIENT ANALYSIS

Figure |2 visualizes the learned coefficients across methods. Entropy minimization produces highly
unstable coefficients with negative values ranging from —3.04 to +2.50, indicating that the optimiza-
tion collapses toward extreme weightings. In contrast, SourceJS-LoRA produces balanced coeffi-
cients in the range 0.06—0.50, with all values positive and low variance (std = 0.13).

This stability analysis explains why entropy minimization fails: extreme coefficients cause some
task adapters to be effectively subtracted from the merged model, leading to degraded performance.
The source-referenced JS divergence objective prevents this collapse by anchoring each task’s con-
tribution to its expert predictions, ensuring balanced and stable merge coefficients.

5 CONCLUSION

We identified a fundamental limitation of entropy-based coefficient learning for LoRA merging:
without reference targets, the optimization can produce “confidently wrong” predictions. To address
this, we proposed SourceJS-LoRA, which learns merge coefficients by minimizing Jensen-Shannon
divergence between the merged model and task expert predictions. On 8 GLUE tasks with T5-
base, SourceJS-LoRA achieves 83.10% average accuracy, outperforming DO-Merging (+2.29) and
entropy minimization (+5.55). Our analysis reveals that source-referenced optimization produces
stable, balanced coefficients while entropy minimization leads to extreme values.

Limitations. Our evaluation is limited to T5-base on GLUE tasks. The method requires access to
unlabeled data from each task and the original task-specific adapters during coefficient learning.

Future Work. Promising directions include scaling to larger models, exploring alternative diver-
gence measures, and extending to vision and multimodal tasks.
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A IMPLEMENTATION DETAILS

We provide additional implementation details for reproducibility. All experiments use the Hugging-
Face Transformers library with PEFT for LoRA training. Single-task LoRA adapters are trained for
3 epochs with learning rate 3 x 10~ and batch size 32. For coefficient optimization, we use Adam
with learning rate 0.02, cosine schedule over 1000 steps, and L2 regularization weight A = 0.0002.
We sample 128 unlabeled examples per task from the validation split for coefficient learning, using
a separate held-out portion for evaluation.
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