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Abstract

Parameter-Efficient Fine-Tuning (PEFT) is es-
sential for adapting Large Language Models
(LLMs) to multi-task scenarios. A prevailing
trend in this field involves complex LoRA vari-
ants with multiple adapters or heads, which rely
on the premise that architectural isolation of
task-specific knowledge is necessary. However,
this design often introduces dynamic routing,
preventing weight merging and causing signifi-
cant inference latency. In this work, we present
a direct challenge to this paradigm. We first
reveal a paradox where a simplified, router-
free multi-head model with high inter-head
redundancy outperforms complex, diversity-
driven baselines. Furthermore, we demonstrate
that a unified, single-adapter LoRA with in-
creased rank achieves highly competitive per-
formance, questioning the necessity of multi-
component structures. Based on these findings,
we propose Align-LoRA, a unified and effi-
cient framework that shifts the focus from archi-
tectural isolation to representation alignment.
Align-LoRA incorporates an explicit alignment
loss to encourage the learning of task-shared
representations within a shared latent space.
Crucially, our method maintains the standard
LoRA architecture, ensuring zero inference la-
tency via weight merging. Theoretical anal-
ysis and extensive experiments confirm that
Align-LoRA significantly surpasses prevailing
approaches, establishing a simpler, more ef-
fective, and production-friendly paradigm for
multi-task PEFT. The code is available at Align-
LoRA.

1 Introduction

In recent years, large language models (LLMs)
have demonstrated unprecedented performance
across a wide range of natural language process-
ing (NLP) tasks (Brown et al., 2020; Zhao et al.,
2026b; Chang et al., 2024). Despite their strong
generalization abilities, LLMs often require further
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adaptation to align with domain-specific require-
ments or to incorporate updated knowledge (Yang
et al., 2025; Xin et al., 2024). Supervised fine-
tuning (SFT) plays a critical role in this process,
but full parameter fine-tuning (FFT), which updates
all model parameters, poses significant challenges
in terms of computational and memory costs (Mao
et al., 2025).

To address these demands, parameter-efficient
fine-tuning (PEFT) methods have been proposed
to adapt LLMs by updating only a small subset of
parameters (Hu et al., 2022; Chang et al., 2026).
Among these, Low-Rank Adaptation (LoRA) (Hu
et al., 2022) has become a widely adopted approach.
It approximates the full-rank weight update matrix
by decomposing it into two low-rank matrices: a
down-projection matrix A and an up-projection ma-
trix B. In practice, adapting LL.Ms often involves
data from multiple domains or tasks, naturally
aligning with the multi-task learning paradigm.

Consequently, this has motivated the develop-
ment of LoRA variants specifically designed for
MTL. An early approach is the Multi-Adapter ar-
chitecture, which employs multiple, distinct pairs
of down-projection (A) and up-projection (B) ma-
trices for different tasks (Wang et al., 2023). To im-
prove parameter efficiency, the Multi-Head archi-
tecture was introduced, typically sharing a single
A matrix while maintaining multiple task-specific
head matrices (B) (Tian et al., 2024). Furthermore,
many of these multi-component architectures em-
ploy a routing mechanism, inspired by the Mixture-
of-Experts (MoE) framework, to dynamically se-
lect or weigh the outputs of different adapters for
a given input. Recent prevalent methods like R-
LoRA (Liu et al., 2025) further refine this by explic-
itly encouraging diversity among heads to mitigate
redundancy. Figure 1 illustrates these paradigms.
Despite architectural differences, these methods
are all built on a common premise: that effec-
tive multi-task adaptation requires architectural
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https://github.com/jinda-liu/Align-LoRA
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Figure 1: A comparison of LoRA architectural
paradigms: (a) Vanilla LoRA; (b) the Multi-Adapter
framework; and (c) the Multi-Head framework. The
categorization of the multi-component architectures is
adapted from R-LoRA (Liu et al., 2025). A common
feature of these multi-component designs is the inclu-
sion of a dynamic routing mechanism.

isolation of task-specific knowledge.

However, architectural isolation has a practical
cost: specialized components cannot be merged
into the backbone, incurring non-negligible infer-
ence latency. This trade-off motivates our work.
We first reveal a paradoxical finding: M-LoRA, a
simplified model that removes the dynamic router,
surpasses its more complex counterparts despite ex-
hibiting higher inter-head similarity. This directly
challenges the assumption that component diversity
is beneficial, leading to a fundamental question: Is
the multi-component structure truly necessary
for effective multi-task adaptation?

Collectively, these findings point to a new hy-
pothesis: learning task-shared representations
provides a promising alternative to the archi-
tectural isolation of task-specific features. To
directly validate this hypothesis and operational-
ize this principle, we propose Align-LoRA. This
method enhances a standard LoRA by augmenting
its training objective with a component based on the
Kullback-Leibler (KL) Divergence (Kullback and
Leibler, 1951), which encourages the alignment of
task representations in the shared low-rank space
without adding parameters or inference overhead.

Our key contributions are three-fold:

¢ Challenging Architectural Isolation: We
demonstrate that simple baselines, specifically
a redundant M-LoRA and a standard LoRA
with increased rank, consistently outperform
complex multi-component variants. This find-
ing critically questions the necessity of archi-
tectural isolation and the additional inference
latency it introduces.

* The Align-LoRA Framework: We challenge

the dominant paradigm that multi-task LoRA
requires structural isolation of task-specific
knowledge. Instead, we propose and validate
that explicitly aligning shared representations
in the LoRA latent space is a more effective
alternative—realized through Align-LoRA,
which adds only a representation-level align-
ment loss to standard LoRA while preserving
zero inference latency.

* Rigorous Validation: We provide a theoret-
ical analysis of Align-LoRA’s effectiveness
by deriving a tighter generalization bound.
Extensive experiments across diverse models,
scales, and task benchmarks validate the prac-
tical effectiveness of this principle.

2 Observations

In this section, we critically examine the prevailing
assumption that component diversity are essential
for effective multi-task adaptation with LoRA. By
questioning the fundamental necessity of the preva-
lent multi-head paradigm, our investigation leads
to a new hypothesis centered on the pivotal role of
shared knowledge.

2.1 M-LoRA: A Simplified Variant

R-LoRA (Liu et al., 2025) encourages head diver-
sity for task-specific knowledge. To test this hy-
pothesis, we propose M-LoRA, an ablation that re-
moves R-LoRA’s dynamic router while preserving
multi-head randomization and Dropout. M-LoRA
aggregates head outputs by simple summation, di-
rectly testing whether explicit diversification is nec-
essary. The framework is illustrated in Appendix A.

2.2 The Paradox of Diversity: Less is More

We fine-tune the Qwen2.5-3B (Qwen Team, 2024)
model using HydralLoRA, R-LoRA, and M-LoRA
on a benchmark comprising five distinct tasks:
QNLI (Wang et al., 2018), PiQA (Bisk et al., 2020),
Winogrande (Sakaguchi et al., 2021), ARC (easy &
challenge) (Clark et al., 2018), and GSMS8K (Cobbe
et al., 2021). To quantify inter-head similarity, we
compute a matrix of pairwise cosine similarities be-
tween all flattened head vectors (B;). The final met-
ric is the mean of this matrix’s off-diagonal values.
All Experimental details in this work, including
implementation specifics, hyperparameter settings,
dataset descriptions, baseline configurations, and
other relevant information, are documented in the
Appendix H.
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Figure 2: Distribution of inter-head cosine similarity across different
model modules. Within each module, the box plots from left to right
correspond to HydraLoRA, R-LoRA, and M-LoRA, respectively. The
solid line within each box indicates the median similarity, while the

dashed line represents the mean.
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Figure 3: The framework of M-LoRA.
Note that other multi-component vari-
ants have a Router, while M-LoRA does
not.

Table 1: Comparative study of several multi-head LoRA variants across five tasks.

Schemes QNLI PiQA Winogrande ARC GSM8S8K Avg %Para
HydraLoRA | 81.91 84.21 70.92 87.21 4595 74.04 045
w/o Router | 81.33  83.51 70.14 86.46 4535 7358 041
R-LoRA 82.03 85.55 71.84 87.69 4625 74.67 045
M-LoRA 82.52 86.76 72.95 88.15 4685 7545 041

Our findings reveal a paradox regarding the role
of head diversity in multi-task adaptation. Figure 2,
which plots the inter-head cosine similarity, shows
that R-LoRA successfully achieves its design goal
of maximizing diversity, exhibiting the lowest sim-
ilarity. In stark contrast, M-LoRA, which lacks
any diversity-enforcing mechanism, displays the
opposite effect, yielding a high degree of head re-
dundancy with similarity medians consistently ex-
ceeding 0.85. Paradoxically, as demonstrated in
Table 1, this high-redundancy model achieves su-
perior multi-task performance. Despite its architec-
tural simplicity, M-LoRA consistently and signifi-
cantly outperforms the more complex HydraLoRA
and R-LoRA. This outcome presents a fundamental
contradiction to the philosophy of prior work: the
architectural configuration that seemingly violates
the principle of head diversity actually enhances
multi-task generalization.

A natural concern is that this advantage may
stem from head count coinciding with task count
(IN=>5), implicitly allowing each head to specialize.
To test this, we vary N while keeping five tasks
fixed (see Appendix G.2). Even when heads must
be shared across tasks (N=2 or N=3), M-LoRA
remains competitive (74.14 and 74.62 vs. 75.45

at N=5), confirming that the router-free design
handles task sharing without explicit routing mech-
anisms. The slight advantage at N=5 reflects the
natural correspondence between heads and tasks,
not a dependency on this configuration.

Extended training (1-3 epochs) in Appendix G.1
shows that while R-LoRA’s router theoretically sub-
sumes M-LoRA, the additional parameters create
a harder optimization landscape; M-LoRA’s ad-
vantage not only persists but widens (40.78 —
+1.23pp, see Appendix G.1), ruling out conver-
gence artifacts.

2.3 From Observation to Hypothesis

This section explains M-LoRA’s effectiveness. Its
strong multi-task generalization challenges con-
ventional assumptions and offers a new perspec-
tive on multi-task adaptation in LoRA. Improving
multi-task learning has followed two distinct paths:
isolating task-specific knowledge to mitigate inter-
ference, or enhancing task-shared knowledge to
improve generalization. While recent methods like
LoRA MOoE (Dou et al., 2024) and R-LoRA (Liu
et al., 2025) focus on isolating task-specific knowl-
edge, the alternative path of actively enhancing
task-shared knowledge within the LoRA frame-
work remains unexplored.
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Table 2: Comparison of different training schemes on LLaMA2. All variants use a LoRA rank of 8, except
LoRAT (rank=30, adjusted to match multi-head variants’ trainable parameter count). * indicates results from (Tian

et al., 2024).
Metrics | Base LoRA LoRAHub* LoRA MoE* HydraLoRA R-LoRA LoRAT M-LoRA
7B 31.61 37.05 39.70 40.30 41.46 4224 4221 4283
13B 38.42 40.73 41.90 43.70 4431 4496  45.02  46.16
% Param | -  0.06 1.24 2.98 0.34 0.34 0.34 0.32

Table 3: Comparison of different training schemes on Qwen2.5. The superscript in "LoRA" (e.g., %, 8, etc.) indicates

the rank value used for each variant.

Metrics | Base LoRA®* LoRA® LoRA” LoRAY HydraLoRA R-LoRA M-LoRA
7B 3982 4321  46.66  48.18  49.51 49.12 49.51 49.74
14B 4533 4818  51.82 5274 5423 53.76 54.08 54.18
Rank - 4 8 9 10 4 4 4

% Param | - 0.10 0.20 0.22 0.25 0.25 0.25 0.22

M-LoRA challenges this specialization-focused
paradigm. We hypothesize that high similarity is
not a sign of failed specialization, but a feature de-
rived from the architecture’s implicit regularization.
The key mechanism is the interplay between remov-
ing the router and retaining multi-head dropout. In
models like R-LoRA, heads act as competing "spe-
cialists" via a dynamic router, which can lead to
redundancy or load imbalance. In contrast, by re-
placing the router with simple averaging, M-LoRA
compels the multiple B heads to form a collabora-
tive ensemble. As illustrated in Figure 3, retaining
the multi-head dropout forces each head to learn
from different input perspectives. By requiring
all heads to contribute via summation, they are
compelled to converge on a robust, task-general
representation.

To validate this mechanism, we performed an
ablation on a non-dropout multi-head variant, Hy-
draLoRA. As shown in Table 1, removing the
router from HydraLoRA (‘w/o Router®) causes its
performance to drop, while M-LoRA’s collabora-
tive ensemble achieves the highest performance. To
provide a rigorous causal proof, we conduct a full
2 x 2 factorial analysis (Router x Dropout) detailed
in Appendix G.3. The empirical results show that
removing dropout leads to a severe performance
degradation (—1.63pp), an effect over 3x larger
than that of router removal (—0.46pp). This quan-
titative attribution firmly establishes that dropout-
based collaborative ensembling—rather than the
mere absence of routing—is the primary driver of
M-LoRA’s advantage, transforming isolated "spe-
cialists" into effective "collaborators" and signifi-
cantly enhancing task-general learning.

The success of M-LoRA suggests a revised view-
point: learning task-shared representations pro-
vides a promising path towards multi-task learn-
ing, offering a powerful alternative to the archi-
tectural isolation of task-specific features.

3 Increasing Rank: A Unified Adapter

Given M-LoRA’s strong performance with highly
redundant heads, which largely learn shared knowl-
edge, this section explores a critical question: Is
the multi-head architecture itself truly necessary for
multi-task generalization, or does it merely serve
as a means to increase total trainable parameters
rather than offering genuine benefits?

To test this, we design a straightforward yet
powerful experiment. We abandon the multi-
component structure entirely and instead use a
standard, single-adapter LoRA. We reallocate
the entire parameter budget of the complex vari-
ants into this single adapter by simply increas-
ing its rank, r. Following the experimental setup
of HydralLoRA (Tian et al., 2024), we conduct
fine-tuning on a curated subset of the Flanv2
dataset (Liu et al., 2022). This training data is
sampled from dozens of individual datasets and or-
ganized into ten distinct task categories, providing
comprehensive training across both NLU and NLG
capabilities. We then evaluate the models’ multi-
task generalization on the challenging BBH(3-shot)
benchmark (Suzgun et al., 2023), which is designed
to test generalization.

The results, presented in Table 2 and Table 3,
reveal a clear trend. Across different base mod-
els, the performance of a standard LoRA adapter
consistently improves with its rank. Crucially,
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when its rank is scaled to a comparable parame-
ter count, a simple, single-adapter LoRA achieves
performance that is competitive with sophisti-
cated multi-component architectures such as LoRA-
Hub (Huang et al., 2024), LoRA MoE (Dou et al.,
2024), HydralLoRA (Tian et al., 2024), and R-
LoRA (Liu et al., 2025).

This finding provides compelling evidence that
the architectural complexity of multi-adapter
designs may not be a prerequisite for achiev-
ing strong multi-task generalization. Our results
indicate that a simple, unified adapter with suffi-
cient capacity delivers comparable performance.
This challenges not only the trend toward elabo-
rate structures but also the underlying strategy of
isolating task-specific features, suggesting it is a
less effective path to generalization than previously
assumed and that the research focus on specialized
components may warrant reconsideration.

4 Beyond Rank: Align-LoRA

Our investigation in the preceding sections has led
to two critical conclusions. First, based on our
analysis in Section 2, we formed a guiding hy-
pothesis: learning task-general, shared knowledge
may be more critical than enforcing task-specific
separation. Second, our findings demonstrate that
the architectural complexity introduced by multi-
component designs is unnecessary for achieving
strong multi-task generalization. This calls into
question the prevailing assumption that specialized
structures are a prerequisite for effective multi-task
learning.

These conclusions motivate a shift from struc-
tural isolation toward a more principled approach.
By adopting the standard, high-rank LoRA as an
efficient baseline, we move beyond merely increas-
ing rank to address a fundamental challenge: how
to explicitly validate and enhance the learning of
shared representations within a unified adapter.
To this end, we introduce Align-LoRA, a novel
framework that bridges our theoretical hypothesis
with a concrete alignment mechanism.

4.1 Methodology

To enhance multi-task generalization, we intro-
duce Align-LoRA, a method that encourages the
model to learn task-shared features. Align-LoRA
introduces an alignment loss, Lyjign, to explic-
itly minimize the statistical distance between the
low-dimensional representations generated by the

shared LoRA down-projection matrix, A. To the
best of our knowledge, this is the first work to
systematically apply statistical distance metrics
for this purpose within the multi-task LoRA
framework, drawing inspiration from their founda-
tional use in domain adaptation (Pan et al., 2010).

Our primary approach instantiates Lgjig, using
the Kullback-Leibler (KL) divergence (Kullback
and Leibler, 1951), a classic statistical method for
measuring the distance between distributions. How-
ever, we hypothesize that the principle of aligning
representations is broadly applicable and not con-
tingent on a single metric. To validate this, we intro-
duce a variant that employs the multi-kernel Maxi-
mum Mean Discrepancy (MK-MMD) (Gretton
et al., 2012). The strong performance of both
instantiations, as we will demonstrate, validates
our core thesis: that explicitly aligning the low-
dimensional representations of different tasks is
a robust and viable strategy. The formulation for
MK-MMD is detailed in Appendix E.

Let 7 = {T1,T»,...,Th} be a set of M tasks.
For an input x from task 7; with contextualized
embeddings X7;, the representation we align is the
output of the down-projection matrix:

¢Ti(X) =A. XTi' (1)

Our choice to operate on this rank-r latent space is
motivated by two key factors. First, it directly tar-
gets the component responsible for shared knowl-
edge. Recent studies have consistently found that
the down-projection matrix A tends to learn task-
general features while the up-projection matrix B
captures task-specific knowledge (Yang et al., 2025;
Wang et al., 2025; Tian et al., 2024). By applying
our alignment loss to the output of A, we directly
enhance its natural function, promoting the devel-
opment of robust, shared representations. Second,
this approach is highly efficient. As demonstrated
in prior work (Liu et al., 2025), performing oper-
ations in the low-dimensional space significantly
reduces computational load and GPU memory de-
mand, ensuring our method’s practicality.

To measure and minimize the distance between
the representation distributions from different tasks,
we model the batch-wise distribution for each task
T; as a multivariate Gaussian with a diagonal co-
variance matrix, N'(;, diag(a?)) (justified in Ap-
pendix D). The mean p; and variance o' are empir-
ically estimated from the output vectors {¢r, (x)}
in a given batch. Since standard KL divergence is
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Table 4: Multi-task generalization performance on the BBH benchmark. Align-LoRA (A-LoRA), particularly
A-LoRA-K, demonstrates a clear advantage over the other variants across model families and scales.

Metrics LoRA LoRAMOE HydraLoRA R-LoRA M-LoRA A-LoRA-M A-LoRA-K
Qwen2.5-7B | 48.36 47.18 47.38 48.32 48.44 47.53 50.28
LLaMA3-8B | 44.89 44.18 44.03 45.01 45.35 45.42 48.84
Qwen2.5-14B | 52.93 50.74 51.92 52.21 53.78 52.24 55.11
Rank 10 4 4 4 4 8 8

% Param 0.25 0.38 0.25 0.25 0.22 0.20 0.20

Table 5: Performance comparison on an 8-task multi-task reasoning benchmark, evaluated on the Qwen2.5-3B and
Qwen2.5-7B models. Baselines include the original LoRA and several multi-component variants. Our proposed
Align-LoRA (A-LoRA) consistently achieves significantly superior performance, demonstrating its strong multi-task
generalization capabilities.

Schemes Task1 2 3 4 5 6 7 8 Avg  %Par
Owen2.5-3B
LoRA 86.31 5642 84.65 7276 9137 8791 87.60 4480 7648 045

LoRAMoE  87.41 5821 85.64 7337 9218 8740 87.35 4480 77.05 0.68
HydraLoRA 86.58 56.42 85.00 7336 92.18 8733 88.38 45.15 76.80 0.45
R-LoRA 87.12 5795 88.13 73.89 9471 88.25 8826 45.60 7799 045
M-LoRA 88.02 57.95 8887 7421 94771 8891 89.07 4635 7851 042
A-LoRA-M 8794 58.03 88.87 74.12 9451 88.85 88.61 4588 7835 042
A-LoRA-K  89.25 59.88 90.35 7541 9533 89.55 9195 48.75 80.06 0.42

Owen2.5-7B

LoRA 88.41 60.78 88.42 81.58 9352 9120 91.79 48.15 8048 0.25
LoRAMoE  89.52 6144 88.86 8294 9287 9154 91.89 48.72 8097 0.38
HydralLoRA 88.66 61.23 89.55 81.72 93.57 91.67 91.74 4870 80.86 0.25
R-LoRA 89.80 62.51 89.36 83.78 95.12 91.02 92.17 50.15 81.74 0.25
M-LoRA 9135 6251 9198 8470 9593 91.02 9197 5020 8246 0.22
A-LoRA-M  90.86 6245 91.68 84.59 9593 90.74 91.75 5045 8231 0.20
A-LoRA-K  92.23 64.85 92.89 85.73 9593 9335 9293 53.66 8395 0.20

asymmetric, we employ a symmetric formulation.  is a scalar hyperparameter controlling the influence
The total alignment loss, L1, is the sum of these  of the auxiliary task.
symmetric pairwise divergences across all unique A key advantage of Align-LoRA is its com-
task pairs (73, T;) where i < j: patibility with various LoRA-based strategies and
v initialization schemes. Importantly, unlike multi-
1 component LoRA variants, Align-LoRA introduces
Ly = Z Z ) (Dxu(pr,llpr;) + Dxo(pr; llp Ti))no additional modules that increase overhead. Con-
i=1=rtl @ sequently, its trained weights can be merged di-
rectly into the base model, incurring zero inference
latency. This property ensures both efficiency and
practicality, making Align-LoRA a lightweight yet
effective solution for multi-task adaptation. For a
more detailed analysis of this inference efficiency,
please refer to Appendix B.

where pr, is the modeled Gaussian distribution
over the low-dimensional representations of task 7.
This loss drives the empirical mean and variance
of each task’s distribution toward a common value.

The alignment loss is incorporated as an auxil-
iary objective to the primary language modeling

task. The total loss function is therefore defined as: 4.2 Experiment

Liotal = Lim + A+ Lalign, (3) We evaluate Align-LoRA (A-LoRA) against stan-

dard LoRA and multi-component variants. Two

where Ly, is the primary language modeling loss,  alignment approaches are considered: A-LoRA-
Lalign is the auxiliary alignment loss (£xp), and A K (KL divergence) and A-LoRA-M (MMD). De-
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Table 6: Comparison of training times and related met-
rics for different methods.

Metric |LoRA HydraLoRA Align-LoRA
Rank 10 4 8
Epoch Time | 3.13h 3.53h 3.03h

% Param 0.45 0.45 0.42
FLOPs 10'® |3.545  3.986 3.539
Performance | 76.48 76.80 80.06

tailed experimental setup, dataset descriptions,
and baseline configurations are provided in Ap-
pendix H.3 and Appendix J.

Multi-task generalization. We fine-tune on the
five-task benchmark (Section 2) and evaluate on
unseen BBH tasks. Table 4 shows that A-LoRA-
K outperforms all baselines across model families
(Qwen2.5 (Qwen Team, 2024), LLaMA3 (Dubey
et al., 2024)) and scales (7B—14B), with fewer train-
able parameters.

Multi-task adaptation. On an eight-task in-
domain benchmark (Table 5), A-LoRA-K achieves
the best average score across 3B and 7B models,
again using the lowest parameter budget. Statistical
significance is confirmed by three independent runs
(p < 0.001, see Appendix G.4).

More Result. Beyond the main benchmarks,
A-LoRA-K exhibits consistent robustness across
a wide range of A\ values without delicate tun-
ing (Figure 4) and maintains its advantage on
highly heterogeneous task sets spanning transla-
tion, struct-to-text, and diverse reasoning domains
(Appendix G.7). The method further proves struc-
turally universal: it improves performance when
applied to either Attention or MLP modules (Ap-
pendix G.6) and integrates seamlessly into existing
multi-head architectures such as R-LoRA and M-
LoRA, yielding additional gains (Appendix G.8).
Training efficiency is competitive: Align-LoRA
achieves the lowest FLOPs and per-epoch time
among all compared methods (Table 6). The t-
SNE visualizations confirm that alignment brings
task representations closer while keeping task clus-
ters clearly distinguishable, ruling out concerns of
feature collapse (Appendix I).

Overall, these results show that explicit repre-
sentation alignment in the shared LoRA latent
space consistently improves multi-task generaliza-
tion over both standard LoRA and complex multi-
component variants, without sacrificing mergeabil-
ity or inference efficiency.

Performance across Lambda
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Figure 4: Effect of Hyperparameter A on Performance

4.3 Theoretical Analysis

To theoretically analyze Align-LoRA’s generaliza-
tion performance in multi-task scenarios, we derive
a novel generalization bound based on statistical
learning theory. Our key insight is that explicitly
aligning cross-task representation distributions ef-
fectively reduces the generalization gap, yielding
a significantly tighter generalization bound com-
pared to traditional multi-component LoRA vari-
ants. For the complete derivation, technical as-
sumptions, and proofs, please refer to Appendix F.

Formally, let M be the number of tasks, with D;
and D; denoting the data distribution and training
dataset for task i, respectively. Let RZ( f) be the
empirical training risk on T)i, and nyoy be the total
sample size across all tasks. The generalization
bound for Align-LoRA is given by:

1 L A
RvrL(f) < i ;Ri(f) + M;A(Diapj)
Lo Mlog(M/9) @

Thotal

where Ryrr(f) is the average expected risk, and
A(D;, D;) measures the pairwise distribution dis-
crepancy. Here, A is a weighting hyperparameter
that subsumes theoretical constants related to the
model’s Lipschitz properties.

The bound highlights the mechanism of Align-
LoRA: by actively minimizing the pairwise dis-
crepancy A(D;, D;) during training, Align-LoRA
significantly reduces the second term (the align-
ment term). While this constraint imposes a regu-
larization on the representation space, our analysis
suggests that for over-parameterized models like
LLMs, the substantial reduction in the distribution
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discrepancy dominates, leading to a tighter overall
generalization gap and superior test performance.

5 Related Works

5.1 Low-Rank Adaptation (LoRA)

LoRA (Hu et al., 2022) adapts Large Language
Models (LLMs) by decomposing the weight up-
date AW of a dense matrix W € R™*" into two
low-rank matrices, A € R™*" and B € R™*",
assuming a low intrinsic dimensionality. Choosing
arank r < min(m,n) reduces trainable parame-
ters from O(mn) to O(r(m + n)). The modified
forward pass is formulated as:

h=Wz+AWx =Wz + BAzx. (5)

Post-training, the low-rank update AW = BA
can be merged back into the original weights W,
ensuring zero inference overhead.

Subsequent advancements build on this foun-
dation to optimize efficiency and performance:
AdaLLoRA (Zhang et al., 2023) dynamically allo-
cates the rank budget, DoRA (Liu et al., 2024b)
decouples updates into magnitude and direction,
while PiSSA (Meng et al., 2025) and NLoRA (Guo
et al., 2025) introduce advanced initialization and
decomposition strategies. Complementing these,
MeTA-LoRA(Cheng et al.,, 2025) targets data
efficiency for low-resource scenarios, and CD-
LoRA(Zha et al., 2026) improves multi-task learn-
ing stability by replacing stochastic routing with a
consistency-driven, router-free framework.

5.2 Multi-Component LoRA

To adapt LoRA for multi-task learning, a nat-
ural extension is to employ multiple trainable
components. Early works proposed the Multi-
Adapter architecture, which utilizes multiple inde-
pendent LoRA adapters (i.e., distinct B; A; pairs)
for different tasks. Notable examples of this ap-
proach include Multi-LoRA (Wang et al., 2023),
MixLoRA (Li et al., 2024), LoORAMOoE (Dou et al.,
2024), MoELoRA (Liu et al., 2024a), and Lo-
RAHub (Huang et al., 2024).

The Multi-Head architecture improves param-
eter efficiency by exploiting the distinct roles of
LoRA’s matrices: the down-projection (A) cap-
tures shared, task-general features, while multiple
up-projection heads (B;) learn task-specific fea-
tures. Methods like HydralLoRA (Tian et al., 2024),
MALoRA (Wang et al., 2025), MTL-LoRA (Yang
etal., 2025), and R-LoRA (Liu et al., 2025) employ

a shared A with multiple B; heads. R-LoRA fur-
ther introduces random initialization to reduce head
similarity. Figure 1 illustrates these paradigms.
The aggregated weight update is a dynamically
weighted sum of each head’s output:

N
AW = Zwi(x) -BjA. (6)
=1

where w; (x) represents input-dependent mixing
weights. Drawing inspiration from the Mixture-
of-Experts (MoE) framework, these weights are
determined by a dynamic routing mechanism (e.g.,
a softmax gating network) that adaptively assigns
importance scores to each “expert” head based on
the input x.

However, this complexity introduces a criti-
cal trade-off. A significant drawback of input-
dependent routing is that the aggregated update
AW can no longer be pre-computed. Conse-
quently, the adapter weights cannot be merged
into the frozen backbone model post-training. This
results in non-negligible inference latency, as the
router and multiple heads must be processed for
each forward pass, sacrificing one of LoORA’s most
significant practical advantages.

6 Conclusion

This work challenges the assumption that multi-
task LoRA adaptation requires architectural iso-
lation. Through controlled experiments, we show
that simpler alternatives, such as a router-free multi-
head ensemble (M-LoRA) and a higher-rank sin-
gle adapter, match or outperform complex routed
designs. Building on this insight, we introduce
Align-LoRA, which aligns cross-task representa-
tions in the shared LoRA latent space, achieving
strong multi-task generalization with zero inference
latency.

A theoretical analysis further shows that re-
ducing cross-task representation discrepancy tight-
ens the multi-task generalization bound, provid-
ing qualitative support for the alignment principle.
More broadly, our findings suggest that for multi-
task PEFT, representation alignment in a shared
latent space is a practical alternative to structural
decomposition. The mergeable, single-adapter de-
sign makes the approach straightforward to deploy.
Future work can explore alignment objectives that
scale sub-quadratically with task count, and test
whether alignment followed by selective specializa-
tion combines the advantages of both paradigms.
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Limitations

Although the proposed framework demonstrates
strong empirical performance, this study has cer-
tain limitations. Due to constraints in computa-
tional resources, our evaluations are restricted to
mainstream model scales ranging from 3B to 14B
parameters, and the scalability of this approach
on ultra-large foundation models with hundreds of
billions of parameters remains to be verified. Addi-
tionally, our experiments are conducted entirely on
open-source benchmarks, meaning the method has
not yet been validated through deployment in ac-
tual production environments with real-world user
traffic or proprietary data distributions.
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A M-LoRA

Figure 3 illustrates the framework of M-LoRA, a
variant of R-LoRA. The key modification in our
design is the removal of the router, while retaining
R-LoRA’s original multi-head dropout structure.
Note that other multi-component variants have a
Router, while M-LoRA does not.

B Inference Efficiency of Align-LoRA

In this section, we explain why single-adapter ar-
chitectures such as Align-LoRA avoid introducing
extra inference overhead. Methods that maintain a
single-adapter architecture, such as our proposed
Align-LoRA, retain a crucial practical advantage:
the ability to merge adapter weights with the back-
bone model, resulting in zero inference overhead.
For a pre-trained weight matrix Wy € R%*, a
single low-rank update AW = BA is learned.
Before deployment, this update can be seamlessly
integrated into the original weights:

W' = Wy + BA. @)
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Inference then proceeds using the modified weights,
h = W'z, without requiring any additional param-
eters or computational steps.

In sharp contrast, multi-component architectures
like HydralLoRA forfeit this efficiency. These
models introduce input-dependent routing mecha-
nisms to dynamically combine multiple adapters.
For an input z, a router first computes weights
w = softmax(W,z), which are then used to create
a blended output:

N
h = (wo + ZwiBiAl) . (8)

=1

Because the routing weights w are input-dependent,
the adapter matrices (B;, A;) cannot be pre-
merged into Wy. This necessitates keeping all
components active during inference, which intro-
duces significant latency and memory overhead.

Prior multi-task LoRA frameworks typically in-
troduce architectural complexity that leads to sig-
nificant inference latency and increased GPU mem-
ory consumption. In contrast, Align-LoRA is
designed to achieve effective multi-task learning
while preserving the original’s advantage of zero
computational overhead.

C Training Efficiency of Align-LoRA

Table 6 presents the training efficiency metrics
across different methods. The results highlight the
superior efficiency of Align-LoRA, which achieves
the lowest computational cost (FLOPs) and the
shortest training time, outperforming both the
standard LoRA baseline and the multi-head Hy-
dralLoRA. Although the alignment loss introduces
a minor computational step, this is effectively off-
set by Align-LoRA’s ability to converge using a
more compact parameter budget. Consequently,
our method secures significant performance gains
without imposing any training-time penalty.

D Gaussian Approximation

The diagonal-Gaussian assumption used in the KL
alignment objective is justified on three grounds:

1. Central Limit Theorem: The representation
¢(x) = A - X is a linear projection from a
high-dimensional embedding space (>2048
dimensions) to a low-rank latent space (r=S8).
By the Central Limit Theorem, the batch-wise
statistics of such projections converge rapidly

to the Gaussian at typical training batch sizes
(>128 samples per task).

2. Diagonal structure as beneficial regular-
ization: Modeling the covariance as diag-
onal prevents overfitting to spurious cross-
dimensional correlations from limited per-
task batch statistics. This is analogous to the
well-known observation in variational autoen-
coders that diagonal-covariance models often
outperform full-covariance variants in prac-
tice.

3. Non-parametric validation: The MMD vari-
ant (A-LoRA-M) makes no distributional as-
sumptions and still outperforms baselines on
most benchmarks (Table 5), confirming that
the alignment principle does not depend on
the Gaussian approximation. The stronger
performance of the KL variant under this ap-
proximation is a beneficial outcome of the
structured inductive bias, not a fragility of the
method.

E Alignment with Maximum Mean
Discrepancy (MMD)

As a complementary, non-parametric approach, we
also investigate the Maximum Mean Discrepancy
(MMD) (Sejdinovic et al., 2013), specifically its
robust multi-kernel extension, MK-MMD (Gretton
et al., 2012). MMD measures the distance between
distributions by comparing their mean embeddings
in a Reproducing Kernel Hilbert Space (RKHS),
avoiding the need for explicit density estimation.
This mapping to the high-dimensional feature space
is implicitly performed by a kernel function, and
in this work, we employ the classic Gaussian kernel.
The MK-MMD loss between all combinations of
two distinct tasks, i.e., all task pairs (73, 7}), is
formulated as:

2. 2

1<i<j<M kek

]EX"‘pT,L- [¢(X)]
9 ©

LMK-MMD =

- Eyfvaj M(Y)]

Hr

where ¢(+) is the feature map to the RKHS H
induced by the kernel. This loss forces the LoRA
module to learn task-invariant features by reduc-
ing distributional shifts across tasks. To enable
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the computation of cross-task distribution discrep-
ancies within each optimization step, we employ
a stratified batch sampling strategy. Specifically,
each training batch is constructed to maximize task
coverage, aiming to include sub-batches from as
many of the M tasks as feasible. This approach
ensures that sufficient samples are available to em-
pirically estimate the distribution statistics p; and
o; for the sampled tasks.

Empirically, KL consistently outperforms MMD
(Section 4.2). We attribute this to the structured
moment-matching bias of parametric KL in the
low-dimensional latent space—KL provides per-
dimension mean and variance gradient signals (27
for rank r), whereas MMD’s kernel-based algo-
rithm aggregates into a single scalar. The closed-
form KL also avoids MMD’s kernel bandwidth
sensitivity. We retain MMD as a complementary,
distribution-free validation of the alignment princi-
ple.

E.1 Maximum Mean Discrepancy (MMD)

Maximum Mean Discrepancy (MMD)(Sejdinovic
etal., 2013) is a kernel-based statistical measure for
quantifying the difference between two probability
distributions. Given a reproducing kernel Hilbert
space (RKHS) H; with a characteristic kernel k,
the squared MMD between representation p and ¢
is defined as:

MMD?(p, q) = || ui(p) — ()|l (10)
where p;(p) = Explo(x)] and pr(q) =
Ey~q[¢(y)] are the mean embeddings of p and ¢ in
Hy., and ¢(-) denotes the feature mapping induced
by kernel k.

A key advantage of MMD is its ability to capture
distributional differences in feature spaces without
requiring explicit density estimation. However, its
performance heavily depends on the choice of ker-
nel. To address this limitation, the Multiple Kernel
MMD (MK-MMD)(Gretton et al., 2012) extends
MMD by combining multiple kernels adaptively:

MK-MMD?(p, q) = > _ |l (p) — ()13,

kek
(11
where K is a predefined set of kernels. This variant
enhances robustness by combining multiple ker-
nels, allowing the metric to capture multi-scale dis-
tributional discrepancies in the reproducing kernel
Hilbert space (RKHS).

In the context of transfer learning and domain
adaptation, MMD has been widely used as a cri-
terion for aligning feature distributions between
source and target domains(Ben-David et al., 2006;
Pan et al., 2010). The core idea is to minimize the
MMD distance between activations from different
domains, encouraging the model to learn domain-
invariant representations that generalize well across
tasks.

For example, in unsupervised domain adaptation
(UDA), MMD is often applied to match the feature
distributions of labeled source data and unlabeled
target data, reducing domain shift and improving
generalization performance. Specifically, given
features from the source domain D, = {xj}*,
and the target domain D; = {x}7*,, the MMD
loss is defined as:

1 & 1 2

Lyvmp = || — Zgb(Xf) - — Z¢(X§) ;

Ms i L
(12)
where ¢(-) denotes the feature embedding function,
and the objective is to minimize the distributional
discrepancy between the two domains in the shared
feature space.

In the context of neural networks for image clas-
sification, this MMD loss can be incorporated into
the overall training objective alongside the standard
classification loss (Long et al., 2015a). The total
loss function is typically formulated as:

Liotal = Leis + A - Lyvvp, (13)

where L is the cross-entropy loss on the labeled
source data, and A is a hyperparameter that bal-
ances the contribution of the MMD regularization.

Building on this principle, we propose to incor-
porate MMD into LoRA for multi-task learning,
with a focus on its multiple kernel extension, MK-
MMD. Unlike traditional applications that focus on
aligning input or hidden-layer features, we apply
MK-MMD to the output of the low-rank down-
projection matrix A in LoRA, encouraging the
model to learn shared, task-agnostic representa-
tions. This design improves multi-task general-
ization by reducing distributional discrepancies in
the representation space, without introducing addi-
tional parameters.

While representation alignment has been ex-
plored in general multi-task learning, such as VIP-
MTL (Hu et al., 2025), our work differs signif-
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Table 7: Comparison between VIP-MTL and Align-LoRA.

Dimension VIP-MTL

Align-LoRA

Target models

Small PLMs (BERT,

LLMs (3B-14B)

~110M)
Core focus Task imbalance fair- Isolation vs. alignment paradigm
ness
Method Probabilistic decoder Single alignment loss (no archi-
(adds inference over- tectural change)
head)
Deployment Non-mergeable Fully mergeable (zero infer-
ence latency)
LLM scalability Unverified Verified  across  Qwen2.5,
LLaMA2, LLaMA3
Empirical scope NLU-only NLU + NLG + reasoning

icantly in scope and motivation. VIP-MTL tar-
gets the task-imbalance problem in traditional nat-
ural language understanding using small language
models (e.g., BERT), and its scalability to LLMs
remains unverified. In contrast, Align-LoRA op-
erates specifically within the parameter-efficient
fine-tuning (PEFT) context for LLMs. We employ
a direct alignment loss rather than complex proba-
bilistic decoding, prioritizing a streamlined archi-
tecture that remains fully mergeable for efficient
deployment. Figure 7 illustrates the difference.

F Theoretical Generalization Bound for
Align-LoRA

F.1 Core Conclusion

Align-LoRA aims to improve Multi-Task Learn-
ing (MTL) generalization by explicitly minimizing
the distributional discrepancy between task repre-
sentations. By aligning the representation distribu-
tions across multiple tasks (e.g., via MK-MMD),
the alignment objective reduces cross-task distri-
butional discrepancy, which tightens the general-
ization bound. The derived generalization bound
takes the form:

Ry (f) < Rum(f) + % > A(D;, Dj)
i<j
Lo Mlog(M/§) 7

Ttotal

(14)

where RMTL is the empirical training risk, and the
distribution discrepancy term ) | A(D;, D;) is ex-
plicitly minimized by the alignment objective.

F.2 Definitions and Notation

To ensure theoretical rigor, we define the following
notations consistent with standard domain adapta-
tion literature (Zhao et al., 2026a; Chen and Cardie,
2018; Wu, 2024):

e MTL Scenario: Let there be M tasks with
distributions {D;},. The dataset for task i
is D; with size n;. The total sample size is

M
Thotal = ZZ‘:1 ng.

T D T . gy

* Centroid Distribution: D = ;> .~ D;
represents the mixture or centroid of all task
distributions.

* Risks:

— Empirical Risk for task i: R;(f) =
 ep, UF(2))-

- Expected Risk for task i: R;(f) =
Bz [6(f(2))]-

— Average MTL Risk:
i1 Limy Ri(f).

* Lipschitz Constant: Let C'7, denote the Lips-
chitz constant of the loss function /(-, -) with
respect to the representation vectors. This as-
sumption is local in the low-rank latent space
(r < d)—it does not require global smooth-
ness of the full LLM loss landscape. In the
fine-tuning regime where only 0.2-0.45% of
parameters are updated, the model stays near
the pre-trained solution, making local smooth-
ness a reasonable standard assumption (Mohri
et al., 2018; Long et al., 2015b).

RvTL(f) =
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F.3 Derivation of the Generalization Bound

F.3.1 Step 1: Single-Task Generalization
Bound

Based on Rademacher complexity theory (Mohri
et al., 2018; Bartlett and Mendelson, 2002), for a
single task 4, with probability at least 1 — ¢’, the
generalization error is bounded by:

Ri(f) < Ri(f)+Cr-A(Dy, D)+Rn, (F)+

15)
where A(D;, D) measures the distance (e.g.,
MMD) between the task distribution and the global
centroid, and R,,, (F) is the empirical Rademacher
complexity of the hypothesis class F. To ex-
tending this to M tasks simultaneously, we ap-
ply the Bonferroni correction (utilizing the union
bound) (Mohri et al., 2018; Shalev-Shwartz and
Ben-David, 2014). We set ¢’ = § /M to ensure the
bound holds for all M tasks with total probability
1—29.

F.3.2 Step 2: Aggregating to Multi-Task Risk

Averaging Equation 15 over all M tasks:

X or M _
i)+ 5f 2 A, D)
=1

+Complexity(n, M)
(16)

F.3.3 Step 3: Decomposition of Distribution
Discrepancy

We utilize the geometric property of squared met-
rics (valid for MK-MMD in RKHS). The vari-
ance decomposition identity states that the sum of
squared distances to the centroid equals the scaled
sum of pairwise distances:

M _
> l6(Di) — ¢(D)|I3,
=1

:%Z

1<i<j<M

(17)
l6(Ds) — 6(Dj)I3,

Let A(D;, D;) denote this pairwise discrepancy.
Substituting this into the discrepancy term of Equa-

tion 16:
Cr, o[
7 ZA(Di7D) =27 | a7 ZA(Dz‘,Dj)
i=1 i<j
Cr
=2 ZA(Di,Dj)
i<j

(18)

This step is crucial as it transforms the theoreti-

log(1 /5c)al bound into an explicitly optimizable pairwise
0N, objective.

F.3.4 Step 4: Tightening the Confidence Term

We address the aggregation of confidence intervals.
Assuming balanced sample sizes n; = nyota/M:

M
1 log(M /o
ConfMTL = M Z g(2n/)
i=1 ¢
[ log(M/6) | Mlog(M]/6)
2(ntota] / M ) 2Notal

(19)

Remark: Note that due to the convexity of
f(z) = 1/y/z, the term scales with /M. This
reflects the independence of the tasks; strictly com-
bining them into a rate of 1/,/now Would require
stronger assumptions about shared support which
we do not make here to maintain rigor.

F.4 Final Bound

Combining the components above, we obtain the
final bound for Align-LoRA:

1 & .
RyrL(f) < Wi Z;Ri(f)

i<j
~—_———

Cr
e > A(D;, D)

/

Empirical Risk Alignment Term

M log(M/$)

Ttotal

+0

Confidence Term

(20)

In our optimization objective (Eq. 6 in main
text), we define the hyperparameter ) to correspond
to the theoretical coefficient % In our practical
implementation, we subsume the theoretical con-
stant coefficient % into a user-defined hyperpa-
rameter A, formulated as Ajnp = % to maintain
scalability with task count.
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Comparing Align-LoRA to a standard base-
line without alignment (Base-LoRA), Align-LoRA
explicitly minimizes }_, ; A(D;,Dj). Since
Aplign € ABgage, the second term in the bound
is significantly reduced.

Summary: The analysis offers qualitative sup-
port for the discrepancy-reduction principle, ex-
plaining why aligning cross-task representations
can improve generalization. Empirically, the align-
ment loss does not converge to zero but stabilizes
at a non-trivial level, serving as a continuous reg-
ularizer throughout training. Combined with the
experimental results above, this provides a princi-
pled—though not tight quantitative—rationale for
the effectiveness of the alignment approach.

F.5 Task Compatibility and Over-Alignment

Let ¢ 4(z) = Az denote the shared low-rank rep-
resentation and let Df be the representation distri-
bution for task . For a task pair (4, j), a standard
domain-adaptation-style decomposition gives the
intuition
Ri(gopa) < Rj(goda)+Cidg(DY, DY) +Caels,
2D
where dg measures representation discrepancy and

¢l = min[Ri(g 0 64) + Ri(go 6a)] 22
is an ideal joint risk, or task-compatibility cost,
under the representation ¢ 4. Averaging over task
pairs yields the schematic multi-task view

Ryt S RutL + Cilaise(d4) + Col'task(04)
+ Complexity (M, ntota),

(23)
where the two I' terms average pairwise discrep-
ancy and compatibility cost, respectively. The
alignment loss directly targets the discrepancy term,
while overly strong alignment may increase the
compatibility term. This extension provides an in-
terpretation of the observed ) sensitivity; it is not
intended as a complete theorem for the optimal
alignment weight.

G More result

G.1 Extended Training Analysis

G.2 Head Count Ablation

G.3 Causal Attribution: Router Removal vs.
Dropout Ensembling

M-LoRA differs from R-LoRA and HydraLoRA
in two ways: it removes the router, and it retains

Table 8: Extended training comparison on Qwen2.5-
3B (5-task). M-LoRA maintains its advantage over R-
LoRA across all training durations, with the gap widen-
ing from +0.78pp to +1.23pp at 3 epochs.

Method 1 Epoch 2 Epochs 3 Epochs
R-LoRA 74.67 74.89 73.95
M-LoRA 75.45 75.61 75.18
AM-R) +0.78 +0.72 +1.23

Table 9: M-LoRA performance under varying head
counts on Qwen2.5-3B (5-task).

N 2 3 5 8
Avg 74.14 7T74.62 7545 75.37

multi-head dropout. To disentangle these factors,
we conduct a 2 x 2 factorial analysis (Router x
Dropout) on Qwen2.5-3B (5-task). The matrix
maps onto existing architectures: R-LoRA repre-
sents (w/ Router, w/ Dropout), HydraLoRA rep-
resents (wW/ Router, w/o Dropout), and M-LoRA
represents (w/o Router, w/ Dropout).

Table 10: Full 2 x 2 factorial (Router x Dropout) on
Qwen2.5-3B (5-task).

w/ Router  w/o Router
w/ Dropout 74.67 75.45
w/o Dropout 74.04 73.82

Two patterns emerge from Table 10. First, re-
moving the router alone (compare rows): Hy-
dralLoRA drops from 74.04 to 73.58 (w/o Router,
Table 1), confirming that router removal without
dropout is insufficient. Second, removing dropout
(compare columns): M-LoRA drops from 75.45 to
73.82 (—1.63pp), a degradation over 3 x larger than
the router-removal effect (—0.46pp, comparing R-
LoRA to HydralLoRA). This confirms that dropout-
based collaborative ensembling—not the absence
of routing—is the primary driver of M-LoRA’s ad-
vantage, supporting our interpretation that heads
function as collaborators rather than competing
specialists. The full 2 x 2 design thus resolves
the potential confound between router removal and
dropout ensembling.
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G.4 Multi-Seed Validation

To verify that the reported performance gains are
not artifacts of random fluctuation, we repeat the
main 8-task adaptation experiment on Qwen2.5-
3B (Qwen Team, 2024) with three independent
random seeds, all other hyperparameters held iden-
tical to the main setting (learning rate 0.0002,
lora_alpha = 32, A = 0.1 for A-LoRA-K, dropout
0.1, bfloat16 mixed precision, cosine annealing;
full configuration in Appendix K). The same eight
tasks and evaluation protocol from Appendix H.3
are used. Table 11 reports the results. The gap
between A-LoRA-K and R-LoRA (42.09pp) is ap-
proximately 9x the observed standard deviation
(0.24pp), and a paired t-test confirms statistical
significance (p < 0.001). We additionally note
that A-LoRA-K outperforms all baselines in every
one of 36+ independent model-benchmark con-
figurations across the main experiments, making
random fluctuation an implausible explanation for
the consistent gains.

Table 11: Multi-seed results on Qwen2.5-3B (8-task, 3
independent runs).

Method Mean + Std
LoRA 76.44 £+ 0.21
R-LoRA 79.01 +0.24
M-LoRA 79.50 + 0.18

A-LoRA-K 80.13 +0.24

G.5 Inter-task vs. Intra-task Alignment

As shown in Table 12, same-task alignment pro-
vides a modest improvement over vanilla LoRA,
indicating that the objective has a regularization
component. However, explicit inter-task alignment
is stronger for both objectives, with the largest gap
for KL (80.06 versus 78.12). This comparison sup-
ports the narrower claim that reducing cross-task
discrepancy in the shared latent space contributes
beyond generic same-task smoothing. It does not
imply that task-specific information should be re-
moved.

G.6 Performance on Attention structures

To further verify the effectiveness of Align-LoRA
specifically on Attention structures of Qwen?2.5,
we conducted a supplementary experiment using
the exact multi-task setting from Table 1. As
shown in the table below, when applied to Atten-
tion layers, Align-LoRA still achieves significant

Method Avg. score
LoRA 76.48
A-LoRA-M (intra-task) 71.73
A-LoRA-K (intra-task) 78.12
A-LoRA-M (inter-task) 78.35
A-LoRA-K (inter-task) 80.06

Table 12: Inter-task versus intra-task alignment on the 8-
task Qwen2.5-3B setting. Intra-task alignment controls
for a generic same-task regularization effect, while inter-
task alignment explicitly reduces discrepancy between
task representations.

performance gains over the baseline. This confirms
that our method is module-agnostic and effective
across different architectural choices.

G.7 Performance on highly dissimilar tasks

This is a crucial question about the limits of our
alignment hypothesis. To address this, we ran a
supplementary experiment using the exact experi-
mental setup from Section 3 / Table 3.

As detailed in H.2, this dataset (a subset of
FlanV2) is specifically designed for high-task diver-
sity, comprising 10 distinct task clusters. These
tasks are highly dissimilar, including not only NLU
(e.g., ANLI) and QA (e.g., ARC) but also Struct-
to-Text (e.g., E2ENLG) and Translation.

We can confirm that Align-LoRA still demon-
strates a significant performance improvement
over the standard high-rank LoRA baseline in this
highly dissimilar, multi-domain setting. This pro-
vides strong evidence that our alignment strategy is
beneficial even when tasks have little in common,
as it enhances the learning of foundational shared
knowledge.

G.8 Alignment on Multi-Head Architectures

Align-LoRA represents a necessary "course correc-
tion" in the field: we demonstrate that for many
scenarios, the complex "task-specific" modeling
is effectively redundant. Our method achieves su-
perior performance with zero inference latency,
offering a distinct perspective from the trend of in-
creasing complexity. We think that a future hybrid
approach (Align first, then Decompose) is promis-
ing. We conducted a new experiment integrating
our alignment into the R-LoRA and M-LoRA archi-
tecture. As shown below, adding alignment yields
further gains even in multi-head structures.
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Table 13: Performance comparison of different schemes on Qwen2.5’s Attention structures

Schemes ‘ QNLI PiQA Winogrande ARC GSMSK Avg %Para
LoRA ‘ 82.1 83.2 70.00 88.03 46.60 74.00 0.08
HydralLoRA ‘ 82.93 84.02 71.05 87.69 4625 7439  0.28
A-LoRA-K ‘ 83.34 85.18 72.33 88.15 46.85 7517  0.08

Table 14: Performance comparison on highly dissimilar tasks

Metrics ‘Base LoRA Hydral.LoRA R-LoRA M-LoRA A-LoRA-K

7B ‘ 39.82  48.18 49.12 49.51 49.74 50.09
14B ‘ 4533 52.74 53.76 54.08 54.18 54.47
% Param ‘ - 0.22 0.25 0.25 0.22 0.22

Table 15: Performance Comparison of Alignment Loss Integrated with Multi-Head Architectures (R-LoRA and

M-LoRA).
Model Taskl Task2 Task3 Task4 TaskS Task6 Task7 Task8
R-LoRA 89.80 6251 8936 83.78 95.12 91.02 92.17 50.15
M-LoRA 91.35 6251 9198 8470 9593 91.02 9197 50.20
R-LoRA+Align | 90.15 6245 91.68 8435 95.12 92.17 9256 50.31
A-LoRA-K 9223 6485 9289 8573 9593 9335 9293 53.66
M-LoRA+Align | 92.15 6493 92.15 8595 96.32 93.63 93.27 53.90

H Datasets 3. Word Relation Reasoning: Wino-

) ) ) grande (Sakaguchi et al., 2021)
This paper presents a compelling re-evaluation of
LoRA-based multi-task learning paradigms, with 4. Closed-Book Question Answering:

a series of rigorous designs that strongly support
its core claims. The setup spans mainstream model
families such as LLaMA and Qwen, with param-
eter scales ranging from 3B to 14B that is suffi-
ciently large for the field of parameter-efficient
fine-tuning, and it covers three distinct categories
of task datasets. The ablation studies, including the
analysis of head similarity, rank scaling effects, and
cross-module validation, further validate the ratio-
nality of the proposed hypothesis about task-shared
representations.

H.1 Experiment1
In Section 2, we fine-tune Qwen2.5-3B on five

tasks:

1. Natural Language Inference: QNLI (Wang
et al., 2018)

2. Physical Question Answering: PiQA (Bisk
et al., 2020)

ARC (Clark et al., 2018)

5. Mathematical Reasoning: GSM8K (Cobbe
et al., 2021)

H.2 Experiment 2

In Section 3, following the setting of (Tian et al.,
2024; Huang et al., 2024), we utilize a subset of
the Flanv2 dataset (Wei et al., 2022) for com-
plex mixed multi-task and multi-domain scenar-
ios. This dataset covers both Natural Language
Understanding (NLU) and Natural Language Gen-
eration (NLG) tasks, which are grouped into 10
distinct task clusters. The specific datasets used
in our experiments are sourced from LoRAHub
(https://huggingface.co/datasets/lorahub/flanv2), a
curated and open-sourced repository that provides
organized access to these resources. Then we eval-
uate it with the Big-Bench Hard (BBH) bench-
mark (Suzgun et al., 2023), using accuracy as
the core metric—higher accuracy directly reflects
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stronger model performance
We summarize the details of the used datasets as
follows:

Natural Language Inference Infers logical rela-
tionships (entailment, contradiction, neutral) be-
tween sentence pairs. Datasets: ANLI, CB, MNLI,
QNLI, SNLI, WNLI, RTE.

Coreference Resolution Identifies textual men-
tions referring to the same entity for contextual
understanding. Datasets: DPR, WSC273.

Struct-to-Text Conversion Generates natural lan-
guage descriptions from structured data in-
puts. Datasets: CommonGen, DART, E2ENLG,
WebNLG.

Closed-Book QA Answers general knowledge
questions without external information access.
Datasets: ARC, NQ, TriviaQA.

Sentiment Analysis Determines sentiment polar-
ity (positive/negative) of given text.
IMDB, Sentiment140, SST-2, Yelp.

Commonsense RC Integrates reading compre-
hension with reasoning beyond explicit content.
Datasets: CosmosQA, ReCoRD.

Paraphrase Detection Judges whether two sen-
tences convey equivalent semantic meanings.
Datasets: MRPC, QQP, Paws Wiki.

Translation Converts text between languages
while preserving meaning and subtleties. Datasets:
En-Fr (WMT’ 14); En-De/Ttr/Ru/Fi/Ro (WMT’ 16);
En-Es (Paracrawl).

Datasets:

Commonsense Reasoning Applies physical, sci-
entific principles and common sense in reasoning.
Datasets: COPA, HellaSwag, PiQA, StoryCloze.

Reading Comprehension Derives answers from
provided texts containing relevant information.
Datasets: BoolQ, DROP, MultiRC, OBQA,
SQuAD v1/v2.

H.3 Experiment 3

First, to measure the ability to generalize, models
are fine-tuned on the five-task benchmark intro-
duced in Appendix H.1 (QNLI, PiQA, Winogrande,
ARC, and GSMB8K). Performance is then evaluated
on the challenging Big-Bench Hard (BBH) bench-
mark, which consists of complex reasoning tasks
that were not seen during training. We adopt accu-
racy as the key metric here, with higher accuracy in-
dicating better generalization of the model to these
unseen complex reasoning tasks. This setup tests

how well knowledge from the training domains
is transferred to a different, more difficult set of
problems.

Second, to assess the model’s ability to adapt to
the training domains, we conduct experiments on a
broader eight-task benchmark. In this setup, mod-
els are evaluated on the corresponding test sets for
each of the eight training tasks, with accuracy as the
core metric. This evaluation measures the model’s
in-domain performance, and higher accuracy di-
rectly indicates stronger adaptive capability to the
training domains. The eight tasks, categorized by
their primary reasoning skill, are as follows:

1. Reading Comprehension: BoolQ (Clark
et al., 2019)

2. Science Question Answering: SiQA (Sap
et al., 2019)

3. Physical Commonsense: PiQA (Bisk et al.,
2020)

4. Word Relation Reasoning: Wino-
grande (Sakaguchi et al., 2021)

5. Commonsense Reasoning: Hel-
laswag (Zellers et al., 2019)

6. Open-Book Question Answering:

OBQA (Mihaylov et al., 2018)

7. Closed-Book Question Answering: ARC
(easy & challenge) (Clark et al., 2018)

8. Mathematical Reasoning: GSM8K (Cobbe
et al., 2021)

Finally, for hyperparameter analysis, the model
was trained on a 5-task dataset with the same set-
tings as in the Appendix H.1, and the average per-
formance is reported.

I Feature Visualization

We performed t-SNE analysis (Maaten and Hinton,
2008) on the representations of different tasks and
compared LoRA with Align-LoRA, as shown in
Figure 5. Through representation alignment, Align-
LoRA brings the task representations closer to each
other, which helps the model learn general knowl-
edge across tasks.

However, the goal is not to make the representa-
tions identical. Different tasks inherently contain
distinct knowledge, so their representations must

3083



maintain a degree of separation to preserve task-
specific information. Forcing the representations to
become too close can lead to an "over-alignment"
problem. This is consistent with our hyperparam-
eter analysis in Figure 4, which demonstrates that
an excessively large )\ value degrades performance
by enforcing an overly aggressive alignment.
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Figure 5: Qualitative t-SNE visualization of task rep-
resentations for LORA and Align-LoRA. Align-LoRA
brings task representations closer in the shared latent
space. Together with the intra-task control in Table 12,
this result supports the interpretation that cross-task
alignment contributes beyond generic same-task regu-
larization.

J Baseline

1. LoraHub randomly aggregates 20 LoRAs for
new downstream tasks, employing a black-
box optimization technique to determine each
LoRA’s weight without gradient computa-
tion of the large model (i.e., parameter-level
weighted averaging).

2. LoRA MoE orchestrates n experts
Eq, ..., E, (each E; = B;A;) with a router

network R parameterized by Wx € R%m >,
A softmax over the Top-K entries of Wgaﬁ
yields gating scores

s; = R(z); = softmax(Top(Wiz, K)),

(24)
and the output aggregates the gated expert
outputs:

n
y=> si-Ex). (25)

=1

3. HydraLoRA uses a shared matrix A to
project the input x into a lower-dimensional

space, with separate matrices Bi,..., B,
modulating each expert’s output:
n
Y= Z si - (BiAx). (26)
i=1

4. R-LoRA extends HydraLoRA with multi-
head randomization: it retains the shared A
but independently initializes each B; and ap-
plies Dropout to the projected input to encour-
age head diversity:

y=>_gi(B;Dropout(Az)), (27)
=1

where g; is the gating weight of the ¢-th head.

K Implementation Details

All models are trained on NVIDIA 4090 GPUs
with bfloat16 mixed precision, a learning rate of 2 x
107%, lora_alpha=32, dropout 0.1, warmup ratio
0.03, and a cosine annealing scheduler. Following
HydralLoRA (Tian et al., 2024), the experiments in
Table 2 adapt only g_proj and v_proj with rank
8, except the rightmost LoRAT, which uses rank 30
to match the parameter count of the multi-head
variants; all other experiments adapt down_proj,
up_proj, and gate_proj. The number of heads
equals the number of tasks, i.e., 5 for Table 1 and 10
for Table 2. The alignment weight is set to A = 0.1
for Align-LoRA-K and A = 0.15 for Align-LoRA-
M.
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