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Abstract

With the emergence of large multimodal models, dual-
encoder alignment via contrastive learning has seen a resur-
gence. However, the escalating model size demands effective
Parameter-Efficient Fine-Tuning (PEFT). While LoRA is a
promising inference-free alternative to adapters, we find that
its naive application to multimodal tasks causes a severe rank
imbalance, favoring the text modality and FFN layers. To
address this, we propose HALoRA (Hierarchical Allocation
LoRA), which introduces a component-wise budget alloca-
tor to ensure balanced fine-tuning across both modalities
and their internal components. This is complemented by
a gradient-approximated initialization to accelerate conver-
gence. With only half the parameters of adapters, HALoRA
achieves superior or competitive performance in retrieval and
zero-shot classification. Our work presents a more princi-
pled approach to multimodal LoRA, uncovering an intriguing
asymmetry in vision-language alignment.

Introduction

Modal alignment through contrastive learning (Radford
et al. 2021; Wang et al. 2022a; Zhao et al. 2023; Wang
et al. 2024a,c; Li et al. 2025a; Zhang et al. 2025) has
been a prominent area of focus in multimodal research.
This dual-encoder paradigm proved foundational, inspiring
a wave of subsequent models (Jia et al. 2021; Yu et al. 2022)
that push the state-of-the-art by scaling up architectures
and web-scale data. With expanding parameters and data,
Parameter-Efficient Fine-Tuning (PEFT) has gained atten-
tion for its cost-effectiveness and lower risk of catastrophic
forgetting, especially in data-limited scenarios, making it a
practical alternative to fully fine-tuning. PEFT approaches
include adapter (Houlsby et al. 2019; Rebuffi, Bilen, and
Vedaldi 2017), prompt tuning (Li and Liang 2021; Liu et al.
2021), and Low-Rank Adaptation (LoRA) (Hu et al. 2022;
Liang et al. 2025). While adapters are widely used in mul-
timodal alignment, they introduce additional inference la-
tency. LoRA, with its ability to be merged into the origi-
nal weights, offers an inference-free advantage, making it a
highly attractive option.
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Figure 1: Illustration of hierarchical rank imbalance in
adaptive LoRA. The baseline model-level approach (blue
line)—using a single, shared pool of ranks—creates a se-
vere skew, favoring the text modality (d vs. a) and FFN
layers (e vs. f). In contrast, our component-level ap-
proach (red line)—which allocates ranks to each sub-layer
(MHSA/FFN) independently—rectifies this imbalance. The
modality-level scheme (green line), assigning separate rank
pools per modality, represents an intermediate solution.

However, LoRA’s success in unimodal NLP does not
guarantee similar performance in vision-language align-
ment. Our investigation, visualized in Figure 1 (blue line),
reveals a critical, previously overlooked problem: a severe
rank imbalance emerges when naively applying adaptive
LoRA to dual-encoder architectures. We identify two lev-
els of this phenomenon: a cross-modal imbalance, where the
text encoder monopolizes the budget at the expense of the vi-
sion encoder, and an intra-modal imbalance, where FFN lay-
ers are favored over MHSA modules within each encoder.
This unchecked, hierarchical imbalance hobbles the fine-
tuning process, leading to unstable training and suboptimal
performance as crucial components are “starved” of adap-
tive capacity. We hypothesize that this occurs because naive
optimizers disproportionately assign credit to the final, more
task-specific layers (like FFNs) and the more flexible modal-



ity (text), fundamentally misunderstanding the distributed
nature of knowledge within dual-encoder architectures.

To rectify this fundamental imbalance, we introduce
HALoRA (Hierarchical Allocation LoRA), a principled
adaptive framework designed specifically for dual-encoder
alignment. Our approach is twofold. First, to directly coun-
teract the resource monopolization, we introduce a more
granular, structure-aware control mechanism. Instead of a
single, shared rank pool, it enforces balanced adaptation by
managing resources independently for each modality (vision
and text) and for each internal component type (MHSA and
FFN). Second, recognizing that such fine-grained adaptation
can initially slow down convergence, we complement our al-
locator with a gradient-aware initialization. This provides a
much stronger starting point for optimization by aligning the
initial update direction with that of full fine-tuning, signifi-
cantly accelerating convergence and improving stability.

Extensive experiments demonstrate that HALoRA, de-
spite using only half the trainable parameters of adapter-
based methods, achieves superior or competitive perfor-
mance on various retrieval and classification benchmarks
Intriguingly, our analysis of the final rank distribution un-
covers a consistent asymmetry between modalities, offering
novelty insights into their interplay.

Our contributions can be summarized as follows:

e We identify and analyze a critical, previously over-
looked hierarchical rank imbalance when applying adap-
tive LoRA to dual-encoders, where ranks are skewed
across modalities and components.

To resolve this, we propose HALORA, a principled
framework that implements a hierarchical allocation
strategy for adaptive LoRA. It enforces balanced fine-
tuning by managing resources independently per modal-
ity and component, ensuring the model adapt effectively.
We further introduce a gradient-approximated initializa-
tion to accelerate convergence and enhance stability by
providing a more effective initial optimization direction,
addressing a common pitfall of adaptive methods.

Extensive experiments show HALoRA achieves supe-
rior or competitive performance with fewer parame-
ters. Our analysis also uncovers a consistent rank asym-
metry between modalities, opening new avenues for
architecturally-aware PEFT design.

Related Work

Aligning Image to Text. The dual-encoder paradigm, pi-
oneered by CLIP (Radford et al. 2021) and ALIGN (Jia
etal. 2021), established a foundational approach for aligning
visual and language representations. Numerous follow-up
works (Wang et al. 2022b, 2023; Meng et al. 2025, 2026a,b;
Tang et al. 2025, 2026) have since refined this paradigm
with improved training objectives, datasets, and architec-
tural tweaks (Li et al. 2021; Yao et al. 2022). While alter-
native architectures like fusion encoders (Li, Li et al. 2022;
Kim, Son, and Kim 2021) have demonstrated strong perfor-
mance on certain benchmarks, their inherent need to pro-
cess modalities jointly makes them unsuitable for latency-
sensitive applications like large-scale retrieval (Wang et al.
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2024b; Li et al. 2025b). Consequently, the efficient dual-
encoder structure remains the cornerstone for many state-of-
the-art Large Multimodal Models (LMMs) (Liu et al. 2023,
2024a, 2025; Gao et al. 2025), where it serves as a criti-
cal feature alignment stage. This underscores the continued
importance of optimizing the foundational contrastive align-
ment process itself.

Parameter-Efficient Finetuning. PEFT methods are criti-
cal for adapting large-scale models and are broadly catego-
rized into adapter tuning (Chen et al. 2022; Sung, Cho et al.
2022), prompt tuning (Zhou et al. 2022; Jia et al. 2022), and
parameter tuning (Hu et al. 2022). Adapter-based methods
are dominant in multimodal alignment. These approaches
range from inserting small network layers directly within en-
coders, such as in LilT (Khan and Fu 2023), to employing
dedicated modules like Q-Former (Li, Li et al. 2022, 2023)
or projection layers (Liu et al. 2023, 2024a) to bridge vi-
sion encoders with Large Language Models. The ubiquity
of adapters is further highlighted by their widespread use in
unified modal tasks, where various modalities are projected
into a common space (Shukor et al. 2023). In contrast, pa-
rameter tuning methods like LoRA are appealing for their
zero inference overhead but are less explored for founda-
tional dual-encoder alignment. The few existing works ei-
ther apply LoRA to downstream LMM instruction tuning,
like MixLoRA (Shen et al. 2024), or for few-shot adaptation,
as in CLIP-LoRA (Zanella and Ayed 2024). Our work differs
fundamentally by investigating a more basic question: how
to properly apply adaptive LoRA to the core dual-encoder
alignment task itself. We are the first to identify and address
the inherent structural imbalance that these prior methods
overlook, making the process more principled and effective.
Enhancements to LoRA. LoRA (Hu et al. 2022) approx-
imates weight changes in full fine-tuning using low-rank
matrices. Several variants have been proposed to improve
it. LoRA+ (Hayou, Ghosh, and Yu 2024) uses different
learning rates for LoRA’s matrices to enhance convergence.
DoRA (Liu et al. 2024b) boosts model expressiveness with
learnable magnitudes. AdaLLoRA (Zhang et al. 2023) selec-
tively prunes weights during fine-tuning. While these meth-
ods refine LoRA, they overlook the structural imbalance
that becomes evident in multimodal domains, a problem our
work directly addresses by ensuring fair attention to every
component. Separately, methods like LORA-GA (Wang, Yu,
and Li 2024) and LoRA-Pro (Wang et al. 2025) align LoRA
with full fine-tuning gradients to accelerate convergence. We
build upon and adapt these ideas for our novel architecture.

Method

HALORA achieves balanced and stable fine-tuning of dual-
encoders via three core components: Contribution Index
(CD) to quantify parameter importance, Hierarchical Rank
Allocators that use CI to intelligently distribute ranks,
and Gradient-Approximation Initialization for stable conver-
gence. The complete workflow is outlined in Algorithm 1.

Quantifying Parameter Contribution

To enable dynamic rank allocation, we first need a reliable
metric to assess the real-time contribution of each trainable



parameter. We achieve this through a two-step process: de-
signing a re-parameterization of LoRA that allows for flexi-
ble rank adjustment, and then defining a contribution index
to guide this adjustment.

SVD-like LoRA. In traditional LoRA, the increment of the
parameter matrix Wy € R™*™ is represented by a low-rank
decomposition:

W' =Wy + AW = Wy + yBA, (1)

where W', AW € R™*" B € R™*X", A € R™". r <«
min(m, ,n), and v = & represents the scaling hyperparam-
eter. A limitation of this representation is that, without mod-
ifying the matrix structure, adjusting the number of train-
able parameters in each weight matrix becomes challenging.
Building upon Zhang et al. (2023), we also employ the SVD
form to construct our LoORA module. The low-rank decom-
position is expressed as follows:

W =Wy + AW = Wy +~vPAQ. 2)

Here P € R™*", A € R"™*", @ € R"*" represent the SVD
decomposition of the update AW, where P and (Q are the
left and right singular matrices, and A = {\; }1<i<,. In this
form, during training, the unnecessary singular values \j are
masked to 0, and consequently, the corresponding feature
vectors P and Q. will not produce gradients in the next
gradient propagation. This reduces the rank of the trainable
parameter matrix W by one, and pruning the matrix A cor-
responds to a reduction in the rank of the LoRA module.
Contribution Index. We draw on the design of PLATON
(Zhang et al. 2022) and utilize sensitivity of parameters to
assess the contribution of each parameter to the model. The
first-order Taylor expansion of the model’s loss quantifies
the impact of setting this parameter to zero on the model
output, while the momentum update method mitigates fluc-
tuations between mini-batches:

5(0) < mS(H) + (1 —m)|0 VL.
Here m € [0, 1) is a momentum coefficient.

In addition, we corrected the importance S (0) by calcu-
lating the matrix’s overall fluctuations where the parameters
reside, further enhancing numerical stability during training:

A(6) - mA8) + (1 —m) (14 15@s0lle) )

The initial value of A is set to 1, fluctuating around this value
during training, thereby adjusting S(6).
We compute the corrected sensitivity of parameter 6 using
the sensitivity of parameters S(6) and the correction term 0:
5(0) = \(0)5(0). (5)
We focus on the contribution index of each singular value
)\,(j) in the SVD-like LoRA matrix, where the superscript
(*) represents the parameter matrix indexed by i, and k €
{1, 2, ---, r}. In the low-rank decomposition PV A() Q)
the k-th singular value corresponds to the feature vectors
P[(:f,)ﬂ and QEQ:], which together represent the Contribution
Index (CI) of the singular value )\,(f):

1 & SOV + (S + (5@,

3

(6)
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(S(+)) denotes the average sensitivity of each parameter in
the vector.

We adopt the pruning method proposed in Zhang et al.
(2023) during training, maintaining a monotonically de-
creasing singular value budget scheduler b®). Singular val-
ues ranked ranked lower than the b(*) in the contribution in-
dex are directly set to 0, while others are updated via stan-
dard gradient descent:

A e {

7 is the learning rate, and L is the loss function. Through
this approach, the model enables autonomously select pa-
rameters that are more valuable.

D v, o1 intop-b® of {CI
0, otherwise

)
b

Hierarchical Rank Allocation

With the Contribution Index established, the core chal-
lenge is how to allocate ranks effectively. A naive, model-
level allocation—where a single rank pool is shared glob-
ally—proves problematic. Our initial experiments confirmed
that in dual-encoder models, this leads to the text encoder
monopolizing resources and starving other crucial compo-
nents. This is not a sign of importance, but an artifact of
flawed, direct comparison.

To resolve this, our first logical step was to introduce a
modality-level allocator. This design creates two indepen-
dent rank pools, one for the vision encoder and one for the
text encoder, preventing cross-modal interference. By iso-
lating the modalities, we ensure that the learning process
within the vision encoder, for example, is no longer sup-
pressed by the typically faster-evolving text encoder. This
established a much healthier inter-modal balance.

However, further analysis revealed a persistent intra-
modal imbalance, as FFN layers consumed more ranks than
their MHSA counterparts. To achieve a truly fine-grained
balance, we therefore developed our final component-level
allocator. This approach further subdivides each modal-
ity’s pool, creating four independent allocators for Vision-
MHSA, Vision-FFN, Text-MHSA, and Text-FFN. This hier-
archical design, which forms the core of HALoORA, ensures
that every functionally distinct part of the model receives a
fair and dynamically adjusted share of resources.

Gradient-Approximation Initialization

The fine-grained, dynamic nature of our hierarchical alloca-
tor, while ensuring balance, introduces a new challenge: po-
tential instability and slower initial convergence compared
to static LoRA. To mitigate this, we developed a specialized
initialization scheme that provides a stronger, more stable
starting point for optimization.

Adapting Gradient-Approximation for an SVD-like
Structure. In the original structure of LoRA Equation (1),
A is usually initialized with Kaiming initialization, while B
is initialized to zero (Hu et al. 2022). LoRA-GA (Wang, Yu,
and Li 2024) and LoRA-Pro (Wang et al. 2025) provide so-
lutions to align gradients with that in full fine-tuning.



Building upon their work, we explore analogous initial-
izations under an SVD-like structure. In cases where the ini-
tial LoRA matrix is non-zero, the LoRA structure in Equa-
tion (2) is reformulated in the form of Equation (8):

W' = (W — vPooQo) + YPAQ. (8)

Approximating the gradient of LoRA to that of full fine-
tuning means:

F§, AS, Q5 = argmin [|[A(yPAQ)1 — CAW|r,  (9)

0, Ao,

( is a positive hyperparameter.

According to the Eckart-Young-Mirsky theorem (Eckart
and Young 1936; Mirsky 1960), if the SVD decomposition
of Vi, L is given by Vi, £L = UXVT and the rank of
LoRA is r, then the following solution is a feasible solution
to Equation (9) under the 27 low-rank approximation:

*x \f( \/Z T *
Py = oy a\ﬁv[b , Ay = al,, (10)

st.ol =|bl=r,aUb={i|1<i<2r i N},

07 QO

where [,- represents the identity matrix of rank r, and « is a
hyperparameter used to scale the singular value matrix A,
ensuring numerical stability, and is typically smaller than 1.
Taking into account the 1ntr1n51c constraint of the SVD-
like LoRA, P} Py = QOQO = [,, the initialization scheme
actually implemented in our experiments is as follows:

/vl =al,.  (11)

By adjusting the merged hyperparameter o, we derive an
SVD-like initialization scheme which approximates the full
fine-tuning gradient.

Py =U,, Q5 =V , A} =

Experiments
Settings

Dataset. We investigate multimodal alignment on the
COCO02014 dataset (Lin et al. 2014), which has ~ 118K
unique images, following the split defined in Karpathy and
Fei-Fei (2017). Each image is associated with an average of
five captions, resulting in ~ 591K text-image pairs. This fol-
lows the experimental settings of LilT (Khan and Fu 2023),
where we conduct full fine-tuning and parameter-efficient
fine-tuning on a relatively small yet high-quality training set
to compare alignment performance.

Training. The vision encoders’ weights are initialized from
DeiT (Touvron et al. 2021; Touvron, Cord, and Jégou 2022),
and the text encoders’ weights are initialized from SimCSE
(Gao, Yao, and Chen 2021). We use a mini-batch size of 512
in our training configuration. The optimizer used is AdamW
(Loshchilov and Hutter 2019), with a weight decay of 0.02.
The learning rate is warmed up to le-4 over the first 1,000
steps, then decayed to le-5 using a cosine scheduler. These
settings are generally consistent with ALBEF (Li et al. 2021)
and LilT (Khan and Fu 2023). The training process takes
approximately 5 hours on four NVIDIA A100 40GB GPUs.

Algorithm 1: HALoRA Workflow

Require: Dataset D, model f(-, W), loss function £, train-
ing iterations 7', scaling factor «, component-wise bud-

image 1mage text text
get schedulers {byn° , by, 5 biens b M

=0
Ensure: Fine-tuned LoRA params {P(T) A(T) Q(T)}
1: Sample a mini-batch (z, y) from D
2: g+ f(z, W) > Init from gradient-approximation
30+ L(y, 4)
4: for w® in W do
5: U, 2,V + svd_lowrank(V,m¥)
6
7
8

P(l)v A(1)7 Q(L) — U[:r, HE al, ‘/[r+1:2r, ;]

. W@ W@ — pOAGQHE
: end for

9:fort=1,---,Tdo © Allocate rank during training

10: Sample a mini-batch (z, y) from D

1 < f(z, P, Q, A)

12: L+ L(y, 9)

13: for () in W do > Prune with hierarchical budgets
14: Compute CT ,gl) by Equation (3) ~ (6)

15: Update P9, Q) via gradient descend

16: Update A by Equation (7) based on b(*)

17: end for

18: end for

19: return P(T), A7) Q(T)

Tasks. The effectiveness of model alignment is evaluated
using two types of tasks: image-text retrieval and zero-
shot natural-language-guided image classification (Radford
et al. 2021). For image-text retrieval, since the training
data includes the COCO validation set, we evaluate on the
Flickr30k (Young et al. 2014; Plummer et al. 2017) dataset,
which contains 1000 images and 5000 captions. The re-
ported metrics include recall rates for both image-to-text
retrieval and text-to-image retrieval. For zero-shot classi-
fication, we selected a set of representative image clas-
sification datasets, including ImageNet-V2 (Recht et al.
2019), ImageNet-A (Hendrycks et al. 2019), CIFARI100
(Krizhevsky, Hinton et al. 2009), UCF101 (Soomro, Za-
mir, and Shah 2012), SUN397 (Xiao et al. 2010), Aircraft
(Maji et al. 2013), EuroSAT (Helber et al. 2019), Stanford-
Cars (Krause et al. 2013), Food101 (Bossard, Guillaumin,
and Gool 2014), OxfordPets (Parkhi et al. 2012), Flower102
(Nilsback and Zisserman 2008), Caltech101 (Fei-Fei, Fer-
gus, and Perona 2007) and DTD (Cimpoi et al. 2014), fol-
lowing the setup in Zhou et al. (2022).

Baselines. We selected various parameter-tuning strategies
as baselines, including fully fine-tuned method (Radford
et al. 2021), single-model fine-tuned LiT (Zhai et al. 2022),
and LilT (Khan and Fu 2023), which uses adapters for
parameter-efficient fine-tuning. We reproduced these ap-
proaches under our COCO training setting, reporting their
results. Additionally, our approach drew inspiration from
AdaLoRA (Zhang et al. 2023) and LoRA-GA (Wang, Yu,
and Li 2024), whose methods we also replicated and incor-
porated into our baselines.



Flickr30k ImageNet V2 ImageNet-A CIFAR100 UCF101
Method % Trained | TR@1 IR@1 TR@5 IR@5 | Acc-1 Acc-5 | Acc-1  Acc-5 | Acc-1  Acc-5 | Acc-1  Acc-5
Full FT 100.0% 56.1 44.3 81.7 72.0 13.5 30.6 5.48 18.1 27.3 52.9 23.9 46.0
LiT 56.01% 44.1 29.6 72.1 59.9 15.1 31.3 6.22 19.7 29.3 54.1 25.3 48.1
LilTpa 7.51% 47.6 34.5 74.1 64.9 13.8 30.9 6.39 20.1 32.7 59.8 25.9 49.1
Lil Ty wa 7.01% 568 41.7 81.1 70.7 13.4 30.5 6.25 19.6 32.3 60.4 24.0 48.4
LoRA 2.56% 54.7 40.9 81.5 70.2 12.8 29.7 5.99 19.6 30.0 55.2 26.1 49.0
AdaLoRA 4.22% 52.8 37.9 79.1 68.5 13.3 31.2 6.44 20.7 31.6 57.5 25.7 47.8
LoRA-GA 2.56% 56.4 42.0 82.2 70.6 12.8 29.4 5.85 18.9 30.1 56.3 25.0 48.6
HALoORA 4.22% 56.8 420 819 710 14.0 31.5 6.93 20.9 32.8 60.2 27.2 49.4

Table 1: Performance of multimodal alignment in retrieval and classification. All methods were trained for 15 epochs using
identical hyperparameter configurations. Flickr30k: The retrieval accuracy of the model was tested on the Flickr30k test set, with
TR and IR representing image-to-text and text-to-image tasks, respectively. ImageNet V2, ImageNet-A, CIFAR100, UCFI101:
The model’s zero-shot natural-language guided classification performance was tested with Acc-1/5 accuracy. Highest value is
highlighted in bold, and the second highest is underlined (over 3 trials).

Main Results

In Table 1, we compare HALORA with other meth-
ods trained using the CLIP-based contrastive learning on
Flickr30k for retrieval, ImageNet V2, ImageNet-A and CI-
FARI100 for general classification, and UCF for action
recognition. The textual descriptions for zero-shot classifi-
cation are consistent with CLIP (Radford et al. 2021). The
same training dataset and hyperparameters were employed
across all methods.

Table 1 shows that the standard LoRA method, lack-
ing adaptive training budget allocation, exhibits significantly
worse than the adapter-based method (Table 1, "LilT”).
While the improved LoRA-GA performs well on retrieval
tasks, it yields limited improvements for classification. On
the other hand, the straightforward adaptive rank allocation
strategy employed by AdaLoRA is not well-suited for re-
trieval tasks. Our improvements outperform all these LoRA-
based baselines and remain highly competitive when com-
pared to all fine-tuning baselines in the rankings.

Ablation Study

Following the evaluation of basic accuracy, we further
performed ablation studies on the critical components of
HALORA to elucidate their respective contributions to the
model’s capabilities.

Effectiveness of Hierarchical Allocator. As visually
demonstrated in the Introduction’s Figure 1, our different al-
locator designs lead to distinct rank budget distributions. Ta-
ble 2 quantifies how these distributional differences directly
impact final model performance.

We first revisit the allocation dynamics shown in Figure 1
(b, c, e, f), which detail the budget split between MHSA and
FFN layers. Although the modality-level allocator (green
line) resolves the cross-modal imbalance (Figure 1a vs. 1d),
it fails to address the intra-modal skew, where FEN layers
still seize the majority of the budget. Ideally, the MHSA bud-
get should be double the FFN budget, as attention sublayers
contain four matrices (W, Wy, W,,, and W,) compared to
two in the linear sublayers (¥, for upsampling and W7,
for downsampling). Our component-level allocator (red line)
successfully enforces this more balanced and theoretically-
grounded allocation.
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Method TR@1 IR@]1 TR@5 IR@5
model-level 55.6 409 80.7 703
modality-level 549 41.0 812 706
component-level | 56.8 42.0 819 71.0
Method Acc’? Acc®  Accf Acctf
model-level 134 6.65 322 264
modality-level 13.6  6.67 320 265
component-level | 14.0 6.93 32.8 27.2

Table 2: Ablation study on different parameter allocator lev-
els. Performance comparison of the model-level, modality-
level, and component-level allocators. The top sub-table re-
ports retrieval results on Flickr30k, while the bottom reports
zero-shot classification accuracy (Acc-1) on four datasets.
Bold indicates the best performance.

The performance results in Table 2 confirm our hypothe-
sis. The component-level approach, by ensuring a fair dis-
tribution of trainable parameters to all functional compo-
nents, consistently and significantly outperforms the other
two methods across all evaluated retrieval and classifica-
tion tasks. This aligns with findings from studies like Geva
et al. (2021), which show that MHSA and FFN serve distinct
functions and thus benefit from separate treatment.

Effectiveness of Gradient-Approximating Initialization.
Figure 2 and Table 3 illustrates the improvements achieved
by approximating full fine-tuning gradients with a special-
ized initialization compared to general initialization (fol-
lowing the design of Zhang et al. (2023), where general
initialization refers to normal initialization for P and (),
and zero initialization for A). Gradient-approximating ini-
tialization facilitates faster convergence, with particularly
pronounced effects in retrieval tasks. The only additional
cost is computing a single step of full fine-tuning, which is
entirely acceptable even with CPU resources. This initial-
ization is crucial for our SVD-like structure—where stan-
dard zero-initialization is inapplicable—and provides a prin-
cipled starting point to bridge the gap between our adaptive
method and the convergence speed of full fine-tuning.



fft baseline
—— Ww/o gradient-approximation init
w/ gradient-approximation init

5000 10000 15000

Figure 2: HALORA initialization with vs. without gradient-
approximation initialization. Training loss curves under gra-
dient approximation and standard initialization. Under gra-
dient approximation, the model loss decreases more rapidly,
with the curve closely approaching full fine-tuning. The loss
curves shown in the figure are smoothed using Exponential
Moving Average (EMA).

Method | TR IR | Acc"?  Acc®  Acc™ Acc™
wioinit | 742 628 | 13.6 669 323 2438
w/init | 764 651 | 139 654 328 273

Table 3: Effect of gradient-approximation initialization on
downstream performance. From left to right are the Flickr
image-to-text and text-to-image recall (mean over Rank-1,
5, and 10), followed by zero-shot classification Acc-1 on Im-
ageNet V2, ImageNet-A, CIFAR100, and UCF101.

Rank Distribution Analysis

We conducted an analysis of the fine-tuned model by count-
ing the number of non-zero singular values in A for each
SVD-like LoRA module. Figure 3 shows the distribution re-
sults obtained under the standard experimental setup.

The allocation across layers reveals that the value and
projection matrices in the attention sublayers receive more
focus than query and key. Aligning discrete text modalities
with continuous image modalities places higher demands on
the model’s ability to parse and adapt to new input forms.
At the same time, the attention allocation mechanism ex-
hibits commonalities across modalities, partially explain-
ing the variance among these matrices. In the linear sub-
layers, the upsampling matrices are allocated more atten-
tion than the downsampling ones. The former expands fea-
ture dimensions into higher-dimensional space, capturing
richer semantic information that plays a crucial role in han-
dling unfamiliar semantic structures in multimodal tasks. In
contrast, downsampling matrices function as feature com-
pression modules, leveraging single-modality compression
knowledge, which is likely to be generalizable.

From the inter-layer allocation perspective, deeper trans-
former blocks are allocated more resources than shallower
ones, a topic that has been extensively studied in previ-
ous research (Raghu et al. 2021; Chefer, Gur et al. 2021).
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Figure 3: The resulting rank of each LoRA module. This re-
sult was obtained through training under the standard experi-
mental setting. In the figure, the x-axis represents the indices
of transformer blocks, and the y-axis represents the weight
matrices of each block, where Wy, and W, belong to the
FFN, W,, Wi, Wy, and W, belong to the MHSA. Upper
plot: Vision Transformer. Bottom plot: Text Transformer.

This indicates that complex contexts and high-level seman-
tic relationships are key to contrastive learning, explaining
why models like CLIP perform well in natural-language-
guided zero-shot tasks. These functionalities impose greater
demands on deeper transformer blocks.

It is noteworthy that the shallowest layer (Layer 0) of the

text modality exhibits counterintuitive behavior, with a sig-
nificantly different allocation of resources compared to sub-
sequent shallow transformer blocks, highlighting its critical
role in multimodal alignment. Since PEFT typically does not
fine-tune the embedding matrix, the anomalous behavior of
Layer 0 may suggest that it assumes the function of modify-
ing embeddings for new tasks, somewhat akin to soft prompt
(Qin and Eisner 2021).
From Dynamic Discovery to Static Design: Can
HALo0RA'’s Insights Guide Manual LoRA? A key out-
come of HALoRA’s dynamic allocation is the consistent,
asymmetric rank distribution it converges to Figure 3. While
this distribution is a byproduct of our adaptive process,
it raises a compelling question: does it merely reflect the
quirks of our optimizer, or does it encapsulate a fundamen-
tally superior static configuration? To investigate this, we
tested whether this discovered “’blueprint” could be used to
improve standard, non-adaptive LoRA.

As shown in Table 4, we created two fixed-rank LoRA
variants: one with an intuitive symmetric distribution
(LoRA/LoRA-GAY), where deeper layers in both modalities



Flickr30k ImageNet V2 ImageNet-A CIFAR100 UCF101
Method TR@1 IR@1 TR@5 IR@5| Acc-1 Acc-5 | Acc-1  Acc-5 | Acc-1  Acc-5 | Acc-1  Acc-5
LoRA 54.7 40.9 81.5 70.2 12.8 29.7 5.01 154 30.0 55.2 26.1 49.0
LoRAT 54.3 40.1 81.5 69.8 13.0 30.0 5.90 18.2 31.3 57.0 26.7 48.2
LoRAZ 55.3 41.1 81.6 70.8 13.1 30.3 6.27 20.0 33.2 59.1 26.6 49.2

LoRA-GA 564 420 82.2 70.6 12.8
LoRA-GAY 53.7 41.4 81.7 71.2 13.3
LoRA-GA?Z 56.6 424 827 72.3 13.5

294 5.35 17.0 30.1 56.3 254 48.6
29.8 5.41 18.5 31.4 57.4 26.0 48.8
30.7 6.06 20.2 33.3 59.9 27.1 49.3

Table 4: LoRA under empirical rank allocation. The table compares different LoRA variants across datasets under manually
designed rank distributions. T denotes a symmetric rank allocation strategy, where both vision and text encoders follow the same
layer-wise trend, assigning lower ranks to shallow layers and higher ranks to deeper layers. I denotes an asymmetric strategy,
where vision and text encoders adopt different rank allocation patterns, allowing modality-specific emphasis at different depths.
This asymmetric design reflects the intrinsic imbalance between visual and textual representations in vision-language alignment.

The best performance in each column is highlighted in bold.

Shots  Method ImageNet SUN Aircraft EuroSAT Cars Food Pets Flowers Caltech DTD UCF Average
0 CLIP 66.7 62.6 24.7 47.5 653 86.1 89.1 714 929 436 66.7 65.1
CLIP-LoRA 70.4 70.4 30.2 72.3 70.1 843 923 83.2 93.7 543 763 72.5
1 CLIP-LoRAT 70.2 70.3 29.6 71.9 69.7 85.0 917 82.6 93.8 541 76.0 72.3
CLIP-LoRAZ 70.3 70.4 30.3 72.5 704 855 0918 82.9 94.0 54.7 76.7 72.7
CLIP-LoRA 714 72.8 37.9 84.9 774 827 910 93.7 952 63.8 8l1.1 774
4 CLIP-LoRAT 71.7 724 38.1 86.1 773 829 904 93.9 95.4 644 812 71.6
CLIP-LoRAL 71.5 72.6 38.2 86.2 77.7 83.0 90.8 94.3 95.5 65.3 815 71.9
CLIP-LoRA 73.6 76.1 54.7 92.1 863 842 924 98.0 96.4 720  86.7 83.0
16 CLIP-LoRAT 73.6 76.4 56.2 91.8 863 848 0918 98.3 96.5 733 864 83.2
CLIP-LoRAZ 73.9 76.5 56.7 92.5 86.4 847 923 98.3 96.7 73.5 86.5 83.5

Table 5: Detailed results for 11 datasets with the ViT-B/16 as visual backbone. In each group, the third row (CLIP-LoRAZT)
represents results using the asymmetric distribution. For comparison, a symmetric version was also designed and is displayed
in the second row of each group (CLIP-LoRA7). Highest value is highlighted in bold.

receive higher ranks, and another with the asymmetric dis-
tribution discovered by HALoRA (LoRA/LoRA-GAT). The
results clearly show that the HALoRA-inspired asymmetric
setup significantly outperforms both uniform allocation and
the symmetric scheme. This confirms that the distribution
learned by HALoRA is not just an artifact, but a valuable
and generalizable principle for PEFT design.

Exploiting the Asymmetry in New Scenarios: A Case
Study in Few-Shot Learning. To further test the utility of
this discovered asymmetry, we applied it to a different task:
the few-shot adaptation of CLIP, following the CLIP-LoRA
setup (Zanella and Ayed 2024). We replaced their default
uniform rank assignment with two configurations: a sym-
metric one and our discovered asymmetric one.

Symmetry rank of LoRA for each layer
#vision |1 1 1 1 1 1 3 3 3 3 3 3
# text 11111133 33 33

Asymmetry rank of LoRA for each layer
#vision |1 1 1 1 1 1 3 3 3 3 3 3
# text 311111133333

The results in Table 5 consistently demonstrate that across
multiple datasets and shot counts, the asymmetric rank as-
signment (CLIP-LoRAY) yields superior performance com-
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pared to both the original CLIP-LoRA and the symmet-
ric baseline (CLIP-LoRAf). This successful application in
a new context provides strong evidence that the vision-
language asymmetry is a robust phenomenon. It suggests
that future PEFT methods, even static ones, can benefit from
incorporating this architectural prior.

Conclusion

In this work, we address the challenge of applying LoRA
to vision-language alignment. Our core contribution is the
identification and mitigation of the hierarchical rank imbal-
ance inherent in dual-encoder architectures. Through a novel
Component-Wise Budget Allocator, our method, HALoRA,
enables balanced and efficient fine-tuning, achieving perfor-
mance comparable to adapter-based approaches with fewer
parameters. Furthermore, our analysis of the learned rank
distribution reveals a consistent asymmetry between modal-
ities. This phenomenon hints at deeper architectural princi-
ples and warrants further investigation. Future work could
explore the theoretical underpinnings of this asymmetry
or extend our fine-grained allocation strategy to scenarios
with additional modalities or diverse architectures. We hope
our work fosters a shift towards more architecturally-aware
PEFT designs in the multimodal domain.
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