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Abstract

Parameter-efficient fine-tuning methods intro-
duce a small number of training parameters,
enabling pre-trained models to adapt rapidly
to new data distributions. While these meth-
ods have shown promising results, they exhibit
notable limitations. First, most existing meth-
ods operate in the signal space domain, which
results in substantial information redundancy.
Second, most existing methods utilize fixed
prompts or adaptation layers, failing to fully
account for the multi-scale characteristics of
signals. To address these challenges, we pro-
pose the Multi-Scale Frequency Adapter (Fre-
qAdapter), which integrates textual informa-
tion and performs multi-scale fine-tuning of
signals in the frequency domain. Additionally,
we introduce a multi-scale adaptation strategy
to optimize receptive fields across different fre-
quency ranges, further enhancing the model’s
representational capacity. Extensive experi-
ments on multimodal models, including CLIP
and LLaVA, demonstrate that FreqAdapter sig-
nificantly improves both performance and ef-
ficiency. FreqAdapter improves performance
with minimal cost and fast convergence within
one epoch. Code is available at https://
github.com/Kelvin-ywc/FreqAdapter.

1 Introduction

The existing multimodal foundation models (Rad-
ford et al., 2021; Ilharco et al., 2021; Rombach
et al., 2022; Li et al., 2024a; Bai et al., 2025; Guo
et al., 2025) demonstrate powerful feature repre-
sentation capabilities. Benefiting from the rapid
advancements in large language models, recent re-
search (Liu et al., 2023b,a, 2024) has shifted its
focus to developing large vision-language mod-
els. These models encode images and align vi-
sual features with large language models, enabling
efficient multimodal integration. For example,
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Figure 1: The effect of different frequency adaptations on
CLIP predictions and attention. Mask represents the adjust-
ments applied to the frequency information. Image shows
the RGB image after these adjustments. CLIP logits indicate
the prediction probabilities for four classes: ketch (the correct
label), steamship, raft, and yacht. Grad CAM visualizes the
attention regions of CLIP.

CLIP (Radford et al., 2021) is pre-trained on large-
scale datasets and learns joint visual-textual repre-
sentations. Building upon CLIP’s vision encoder
as the image feature extractor, LLaVA (Liu et al.,
2023b) learns a projection layer to align image fea-
tures with the large language model Vicuna (Zheng
et al., 2023).

Numerous studies focus on improving the per-
formance of multimodal foundation models under
constrained computational resources. Efficient fine-
tuning techniques, such as prompt tuning (Zhou
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et al., 2022b,a; Khattak et al., 2023; Qiu et al., 2024;
Xiao et al., 2025), adapter tuning (Zhang et al.,
2021; Gao et al., 2024; Yang et al., 2024; Zarei
et al., 2025), and LoRA-based methods (Hu et al.,
2021; Singhal et al., 2025), achieve this by opti-
mizing only a small subset of parameters, enabling
the models to effectively adapt to new data distri-
butions. Additionally, some approaches (Yu et al.,
2024; Yang et al., 2023a,b) leverage prompt con-
struction or extract informative features from other
pre-trained models as useful information. However,
existing studies exhibit several limitations. First,
most methods directly fine-tune features in the spa-
tial domain, which contains a significant amount
of redundant information. Second, most existing
approaches adjust the entire feature set uniformly,
failing to consider its inherent multi-scale charac-
teristics.

To address the aforementioned issues, this paper
aims to adjust image frequency domain information
to fully harness model performance. We first con-
duct an experiment, as illustrated in the Fig. 1. We
transform images into the frequency domain and
apply different masks to the frequency components.
The modified images are then converted back to
the spatial domain and classified using the CLIP
model. Additionally, Grad-CAM is employed to vi-
sualize the regions of interest attended to by CLIP.
The results reveal that adjustments in the frequency
domain significantly impact both CLIP logits and
Grad-CAM visualizations.

Motivated by these findings, this paper proposes
FreqAdapter, which leverages textual information
to perform multi-scale adjustments on image fre-
quency domain features. Specifically, we first apply
a Discrete Cosine Transform (DCT) to convert the
image from the spatial domain to the frequency
domain. Then, FreqAdapter performs multi-scale
adaptations conditioned on textual information to
refine the frequency-domain features. The adjusted
frequency domain features are subsequently trans-
formed back to the spatial domain using an In-
verse Discrete Cosine Transform (IDCT) and fi-
nally fed into the encoder for feature extraction.
Subsequently, we conduct experiments on multiple
multimodal models, including CLIP and LLaVA,
and the results demonstrate the effectiveness of our
proposed method. Our contributions can be sum-
marized as follows: (1) We propose FreqAdapter,
which adjusts visual information in the frequency
domain according to the textual information. (2)
We design a multi-scale adaptation strategy to per-

form multi-scale adjustments on frequency domain
features. (3) We conduct experiments on multi-
modal models, and the results demonstrate the ef-
fectiveness of our method.

2 Preliminary

Figure 2: Information Concentration Illustration.

2.1 Frequency vs Spatial Adaptation

Proposition 1 (Information Concentration in the
Frequency Domain). To analyze the information
distribution, we transform a visual embedding Ei

into its frequency representation Xi via DCT. We
then create an approximation by retaining only the
first k low-frequency components and reconstruct-
ing it via IDCT. Finally, we compute the cosine sim-
ilarity between the original and the reconstructed
embedding.

We empirically observe that semantic informa-
tion is highly concentrated in the low-frequency
components. As shown in Fig. 2, retaining just
25.8% of frequencies (198/768) achieves a cosine
similarity of 0.5. This similarity exceeds 0.8 and
0.9 when retaining 64.5% (495) and 81.5% (626) of
components, respectively. This evidence supports
our proposition that DCT-transformed embeddings
concentrate essential information in low-frequency
bands, enabling compact and effective adaptation.

2.2 Aggregation of Frequency Coefficients
over Spatial Neighborhoods

For a sequence of W spatially contiguous tokens,
E = [E0, . . . , EW−1], each token Ej is first trans-
formed into its frequency-domain representation
Xj via the DCT.

We then compute the aggregated frequency fea-
ture X̄ by averaging the coefficients across the
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Figure 3: The framework of Multi-Scale Frequency Adapter. First, the CLIP encoder is used to encode images into
visual embeddings and text into textual embeddings. At the same time, both the visual and textual embeddings
are converted from the spatial domain to the frequency domain using the DCT. In the frequency domain, with the
guidance of textual signals, MGFA and MCFA modules are employed to fine-tune the visual signals. Subsequently,
the visual signals in the frequency domain are transformed back into the spatial domain via the IDCT as the adapted
visual features.

spatial neighborhood:

X̄ =
1

W

W−1∑

j=0

Xj . (1)

This operation aggregates coefficients for each
frequency channel independently, producing for ev-
ery frequency k an averaged coefficient X̄[k] =
1
W

∑W−1
j=0 Xj [k]. Such aggregation effectively

smooths the features in the frequency domain,
yielding a stable representation that captures the
overall spectral characteristics of the local region
while suppressing token-level noise. A detailed
mathematical interpretation and stability analysis
are provided in Appendix A.

3 Multi-Scale Frequency Adapter

We introduce FreqAdapter, an efficient framework
for text-guided fine-tuning of visual embeddings
in the frequency domain. An image–text pair is
first encoded by CLIP into a shared space, yielding
visual embeddings Ev ∈ RSv×Dv and textual em-
beddings Et ∈ RSt×Dt . Both are transformed to
the frequency domain via the DCT, producing Xv

and Xt. Operating in the frequency domain offers
compact, band-wise control and supports stable
multi-scale aggregation.

FreqAdapter refines Xv under the guidance of
Xt, producing adapted representations X̃v. It con-
sists of two lightweight components: the Multi-
Scale Global Frequency Adapter (MGFA) for

global calibration and the Multi-Scale Cross-
Modal Frequency Adapter (MCFA) for text-
guided refinement. The refined features are mapped
back to the spatial domain through the Inverse DCT
to obtain Ẽv:

X̃v = FreqAdapter(DCT(Ev),DCT(Et)), (2)

Ẽv = IDCT(X̃v). (3)

3.1 Multi-Scale Adaptation Strategy
To capture diverse receptive fields, we adopt a
multi-scale adaptation strategy in the frequency
domain. Given Xv ∈ RSv×Dv and Xt ∈ RSt×Dt ,
the goal is to refine Xv by aggregating contextual
information across scales.

We define N scales with two adapter sets: G =
{G1, . . . ,GN} (MGFA) and C = {C1, . . . , CN}
(MCFA). At each scale n, features are reshaped
to a grid X

(0)
v ∈ RH×W×Dv and downsampled by

Down(·, 2n−1):

X(n)
v = Down(X(0)

v , 2n−1). (4)

Let Xv,n = Seq(X
(n)
v ) denote the flattened se-

quence. We then refine and fuse:

Gn = Gn(Xv,n), Cn = Cn(Xv,n, Xt), (5)

X̃v,n = Gn + wCn, (6)

where w balances global and cross-modal adapta-
tion. An interleave-repeat upsampling restores the
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(a) MGFA Module. (b) MCFA Module.

Figure 4: Overview of the proposed FreqAdapter. The CLIP vision encoder divides an image into patches and encodes them
into a flattened representation of shape [N,D], where N = H × W and D is the embedding dimension. For multi-scale
aggregation, the sequence is reshaped to [H,W,D]. Spatial downsampling over (H,W ) (e.g., strided average pooling or strided
convolution) aggregates information under different receptive fields. The aggregated features are then refined by MGFA and
MCFA and finally restored to the original [N,D] via a repeat-interleave operation.

original spatial size:

X̂v,n = IR(X̃v,n, 2
n−1). (7)

Finally, outputs from all scales are averaged:

X̃v =
1

N

N∑

n=1

X̂v,n. (8)

3.2 Multi-Scale Global Frequency Adapter
The MGFA module globally calibrates visual fre-
quency features to ensure stable and consistent
adaptation across scales. Because frequency co-
efficients are inherently coupled, local modulation
alone may cause scale misalignment. MGFA ap-
plies a lightweight bottleneck transformation that
adjusts each frequency channel globally:

Gn = f(Xv,n), (9)

where f(·) is a two-layer projection with a ReLU
activation.

3.3 Multi-Scale Cross-Modal Frequency
Adapter

The MCFA module injects textual guidance into
visual frequency representations for fine-grained
cross-modal alignment. Working in the frequency
domain aggregates semantic cues across bands
while reducing spatial redundancy. At each scale
n, MCFA predicts modulation parameters from Xt

and applies them to the visual features:

γ, β = Modulator(Xt), (10)

Cn = γ ⊙Xv,n + β, (11)

where Modulator(·) is a lightweight two-layer
MLP. Together with MGFA, MCFA provides com-
plementary text-aware adaptation, enhancing over-
all representational consistency.

3.4 Training and Inference

We optimize the adapter with the CLIP contrastive
loss on paired image–text data. Inference fol-
lows the same forward procedure. The trained
FreqAdapter is plug-and-play for CLIP-based vi-
sion–language models (e.g., LLaVA), enabling
richer, text-conditioned visual features without
modifying the backbone.

4 Experiments

In Section 4.1, we first train FreqAdapter on the
CLIP model and evaluate its performance on the
image-text retrieval task. Subsequently, in Sec-
tion 4.2, we integrate FreqAdapter into LLaVA and
assess its performance on Visual Question Answer-
ing (VQA) tasks.

4.1 Quantitative Analysis on Retrieval Tasks

Foundation Model. We conduct experiments on
the CLIP-B/16, CLIP-L/14, and CLIP-L/14-336
as foundation models. The input image size for
CLIP-B/16 and CLIP-L/14 is 224×224, while for
CLIP-L/14-336, it is 336×336. It is worth noting
that the vision encoder in CLIP-L/14-336 is the
same as the one used in LLaVA 1.5.
Dataset. FreqAdapter is first trained on the MS
COCO 2017 (Lin et al., 2014) training set, and
then evaluated on the COCO 2017 validation set.
Additionally, to assess the zero-shot capability, we
evaluate the finetuned models on Flickr30K (Plum-
mer et al., 2015) validation and test set.
Evaluation Metrics. We evaluate the model’s ca-
pabilities in both image-to-text retrieval and text-
to-image retrieval, and report the results for R@1,
R@5, and R@10. R@k represents the percent-
age of cases where the correct label appears within
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Foundation
Model

Method
COCO 2017 Flickr30K Val

I2T T2I I2T T2I

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

CLIP-B/16

- 51.82 76.80 84.34 32.65 57.60 68.04 85.30 97.00 98.60 62.28 85.64 92.14
CoOp 54.76 78.64 86.78 38.53 63.19 75.27 84.60 97.50 99.10 72.04 93.22 96.26
MaPLe 52.72 76.18 85.10 37.26 62.13 73.21 82.40 97.20 99.00 70.36 92.04 95.04
CLIP-Adapter 56.30 80.32 87.88 41.60 68.57 78.32 83.90 97.60 99.20 71.26 92.64 96.08
MMA 55.80 80.04 87.66 39.41 65.53 76.09 86.00 97.80 98.90 70.56 91.56 95.88
FreqAdapter 57.96 82.78 89.66 43.30 70.58 80.04 86.80 98.50 99.30 73.42 92.88 96.56

CLIP-L/14

- 56.14 79.64 86.94 35.51 59.90 70.26 86.60 97.90 99.40 66.36 88.50 93.62
CoOp 59.02 82.30 88.74 43.26 69.84 78.29 87.70 98.50 99.30 74.96 92.12 96.14
MaPLe 57.26 81.76 88.02 44.21 71.26 77.26 86.10 98.00 99.20 71.02 91.28 94.16
CLIP-Adapter 60.38 83.12 89.58 43.18 69.92 79.28 87.30 98.20 99.30 75.76 93.24 96.44
MMA 60.20 83.12 89.76 42.58 68.32 78.22 87.20 98.10 99.30 73.14 92.38 96.10
FreqAdapter 61.02 83.30 89.68 44.18 70.04 79.55 87.50 98.70 99.60 75.72 93.72 96.86

CLIP-L/14-336

- 57.34 80.38 87.64 36.08 60.70 70.66 89.80 99.10 99.80 69.12 90.20 94.94
CoOp 59.64 82.70 88.96 44.74 71.63 79.14 90.20 98.70 99.60 75.62 94.22 97.28
MaPLe 57.32 82.34 89.02 44.45 70.16 79.62 88.30 97.50 99.10 71.24 92.04 96.38
CLIP-Adapter 60.42 82.24 90.76 44.62 70.20 79.58 90.00 98.40 99.60 77.28 94.72 97.24
MMA 60.90 82.58 90.48 43.55 69.46 78.89 89.90 99.10 99.80 75.68 93.66 96.60
LoR-VP 59.62 83.72 88.20 42.35 68.17 77.46 90.30 98.30 99.50 73.46 93.86 96.40
FreqAdapter 61.42 83.64 90.10 45.23 70.92 80.02 90.90 98.70 99.70 77.60 95.06 97.44

Table 1: Evaluation on Image-Text Retrieval. Bold: best results, Underline: second best results.

the top-k predicted scores. For the COCO 2017
and Flickr30k datasets, each image corresponds to
multiple texts. In the retrieval task, the retrieval is
considered successful if any of the associated texts
are retrieved.

Baseline. We choose several parameter-efficient
fine-tuning methods as baselines, including
CoOp (Zhou et al., 2022b), MaPLe (Khattak et al.,
2023), CLIP-Adapter (Gao et al., 2024), and
MMA (Yang et al., 2024), and LoR-VP (Jin et al.,
2025). Futher experimental details are provided in
Appendix. C.

Experiment Detail. During training, the batch
size is set to 128, the epoch is set to 1 and the
AdamW optimizer is employed with a learning rate
of 0.001. The multimodal weight parameter w is
set to 0.01 for retrieval tasks and 1.0 for VQA tasks.
All experiments were conducted on a single A100-
40G GPU.

Result. As shown in Tab. 1, our FreqAdapter
consistently achieves state-of-the-art performance
among parameter-efficient fine-tuning methods on
both the COCO 2017 and Flickr30K benchmarks.
Results for Flickr30K test subset are provided in
Appendix G. On COCO, FreqAdapter notably sur-
passes all prompt- and adapter-based baselines, im-
proving the R@1 score by up to 4.9% for the text-
to-image retrieval task under the CLIP-L/14 setting.
On Flickr30K, it further demonstrates superior gen-
eralization, outperforming other approaches across

all retrieval directions and achieving the highest
scores on both I2T and T2I tasks.

We attribute these gains to the advantages of
frequency-domain adaptation. Unlike the spatial
domain—which contains high redundancy and of-
ten suffers from overfitting under limited fine-
tuning budgets—the frequency domain provides
compact and disentangled representations that facil-
itate stable optimization. Moreover, FreqAdapter’s
multi-scale design effectively integrates fine- and
coarse-grained frequency information, enabling ef-
ficient and robust adaptation without sacrificing
generalization—a common weakness of traditional
spatial adapters.

4.2 Quantitative Analysis on VQA Tasks

Base Model and Dataset. We select
LLaVA1.5 (Liu et al., 2023a) as the base
model and validate the effectiveness of the method
on both the 7B and 13B versions. Experiments
are conducted on two datasets, MM-Vet (Yu et al.,
2023) and LLaVA-Bench (Liu et al., 2023c). Both
datasets use GPT-based evaluation scores to assess
model performance.
Baseline. We follow the work API (Yu et al., 2024)
and directly use the results reported in the paper
as our baseline for comparison. We conduct addi-
tional experiments on the LLaVA 1.5 7B model.
The evaluation methods included having the model
answer questions directly (referred to as “w/o
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Foundation
Model

Method
Dataset

MM-Vet LLaVA-Bench

LLaVA 1.5-7B
w/o prompt 30.9 64.3
CLIP-Adapter 27.1 61.8
FreqAdapter 31.8 64.8

LLaVA 1.5-13B

w/o prompt 32.8 71.9
+Step-by-Step 33.7 73.5
FGVP(Mask) 31.0 57.4
FGVP(RBM) 25.0 57.4
SoM 26.4 56.1
API (CLIP) 35.3 74.1
API (LLaVA) 36.6 74.8
CLIP-Adapter 32.9 64.9
FreqAdapter 37.4 72.4

Table 2: Performance Evaluation on VQA.

prompt”) and using a chain-of-thought approach
(named “Step-by-step”). The compared approaches
include visual prompting methods FGVP (Yang
et al., 2023b) and SoM (Yang et al., 2023a), as well
as CLIP-Adapter and FreqAdapter.
Result. The experimental results are shown in
the Tab. 2. Detailed result is provided in Ap-
pendix D. From the table, we can conclude that the
FreqAdapter trained on CLIP can be directly inte-
grated into LLaVA. On the LLaVA-Bench dataset,
FreqAdapter shows a notable improvement over
the "w/o prompt" baseline, while on the MM-Vet
dataset, it achieves impressive performance on both
the 7B and 13B models. In contrast, CLIP-Adapter
exhibits a performance degradation trend, likely
because it is tailored to a specific data distribution,
which, to some extent, compromises the model’s
generalization capability. Meanwhile, FreqAdapter
facilitates cross-modal interaction in the frequency
domain, enabling the integration of visual features
extracted from textual information, thereby provid-
ing a stronger expressive capability.

4.3 Qualitative Analysis
This section provides a qualitative analysis of Fre-
qAdapter’s performance on both CLIP and LLaVA.
Additional results can be found in the Appendix F,
and qualitative analysis for CLIP model is in Ap-
pendix E.
Qualitative Analysis for LLaVA. In this section,
we qualitatively analyze the effect of integrating the
adapter tuning method into the LLaVA approach.
Additional results can be found in the supplemen-
tary material, and the outcomes are illustrated in
the Fig. 5. In the image, various gasoline prices
are provided, and the task is to calculate how many
gallons can be purchased with $50. LLaVA’s re-

Figure 5: Qualitative Analysis for LLaVA.

sponse indicates that it fails to fully comprehend
the content of the image. Although CLIP-Adapter
exhibits a stronger understanding of the image, it
only offers a description without identifying the
specific numerical values. In contrast, FreqAdapter
accurately identifies the price of supreme gasoline,
performs the arithmetic calculation, and ultimately
produces the correct result.

4.4 Ablation Study
In this section, we validate the effectiveness of dif-
ferent modules. In appendix H, we explore the im-
pact of three hyperparameters, top-k, multimodal
weight, and downsampling factor on the experi-
mental results. We observe that FreqAdapter, when
applied in the frequency domain, can be effectively
integrated with spatial-domain fine-tuning method
clip CLIP-Adapter, leading to further performance
improvements. The experimental setup is consis-
tent with the comparative experiments.

MGFA MCFA
MSCOCO I2T MSCOCO T2I

R@1 R@5 R@10 R@1 R@5 R@10

- - 57.34 80.38 87.64 36.08 60.70 70.66
- ✓ 58.16 81.90 88.94 42.81 67.86 77.43
✓ - 58.70 82.28 89.54 43.47 68.66 78.04
✓ ✓ 61.42 83.64 90.10 45.23 70.92 80.02

Table 3: Effectiveness of FreqAdapter Modules.

Effectiveness of Frequency Adapter. We evaluate
the proposed modules on CLIP-L/14-336, and the
results in Tab. 3 show that both MCFA and MGFA
improve retrieval performance. MCFA brings a
larger gain, highlighting its importance for multi-
modal alignment. MGFA provides additional ben-
efits by capturing frequency-specific information.
Combining both modules achieves the best over-
all results, confirming their complementarity in
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Figure 6: Effectiveness of Top-K and Multimodal Weight.

enhancing cross-modal understanding and adapt-
ability.

5 Hyperparameter Analysis

Top-K and Multimodal Weight. In this section,
we conduct ablation experiments on top-k and mul-
timodal weight, visualizing the relationship be-
tween R@K and top-k under different multi-modal
weights, where the multi-modal weight takes val-
ues of 1.0, 0.5, 0.1, and 0.01. As can be seen from
the Fig. 6, relatively smaller multi-modal weights
result in higher R@k values, indicating that ex-
cessive cross-modal interaction reduces accuracy.
This is because excessive cross-modal information
interferes with the feature extraction process of the
current modality. At the same time, when the multi-
modal weight is larger, R@1 is more affected by
top-k. As the top-k value increases, R@1 first in-
creases and then decreases, reaching its maximum
around top-k = 5. For R@5 and R@10, the values
first increase and then slowly decrease, eventually
stabilizing. One reason is that for the COCO 2017,
each image has five associated captions. Select-
ing the top five relevant captions allows for more
comprehensive fine-tuning of visual features. Se-
lecting fewer captions leads to information shift,
while selecting too many captions introduces exces-
sive irrelevant information. By comparison, R@5

and R@10 emphasize the model’s recall ability and
are therefore more tolerant of precision. When the
multi-modal weight is smaller, the impact of top-k
on R@k is relatively minor.

6 In-depth Analysis

In this section, we provide a comprehensive anal-
ysis of the advantages of frequency-domain fine-
tuning over spatial-domain adaptation, the role of
multi-scale mechanisms, and the computational
complexity of the proposed model. Furthermore, in
Appendix I, we present an extended discussion on
the integration of FreqAdapter and CLIPAdapter,
along with additional comparative results between
frequency-domain and spatial-domain adaptations.
Frequency vs. Spatial Adaptation. To verify
the effectiveness of frequency-domain fine-tuning,
we conduct a controlled comparison in which
we remove the frequency transform and fine-tune
directly in the spatial domain, denoted Spatial-
Adapter. SpatialAdapter is strictly matched to Fre-
qAdapter in backbone, parameter count, optimiza-
tion settings, and training schedule. We train on
COCO 2017 and report curves for training loss, val-
idation loss, and image-to-text accuracy on COCO
and Flickr30k. The COCO 2017 dataset contains a
total of 591,753 image-text pairs, with 4,623 steps
per epoch. The results are shown in Fig. 7. Addi-
tional metrics, including T2I and further diagnos-
tics are provided in the Appendix. I.2.

From the plots, FreqAdapter trains more stably
and converges within a single epoch, with consis-
tent gains in fine-tuning accuracy on COCO valida-
tion and in generalization on Flickr30k validation.
In contrast, SpatialAdapter exhibits overfitting and
collapses in the latter half of the epoch. We at-
tribute this to the advantages of frequency-domain
adaptation: representations in the spectral domain
are less redundant, with low- and high-frequency
structure disentangled and noise separated, yield-
ing cleaner parameter updates and a smoother opti-
mization trajectory.
Effectiveness of Multi-Scale. Fig. 8 illustrates the
visual embedding refinement effect of FreqAdapter.
The first column shows the original image, while
the following three columns correspond to the ag-
gregation results using 1×1, 2×2, and 4×4 windows
respectively. For each given caption, we visual-
ize the feature modifications under different scales,
where darker colors indicate stronger adjustments
made by FreqAdapter. As observed, FreqAdapter

24175



Figure 7: Frequency vs. Spatial Adaptation.

adaptively enhances the semantically relevant re-
gions of the visual representation. For example, in
the first row, the caption mentions a clock tower,
and the model consistently focuses on the tower
region across multiple scales — finer scales em-
phasize detailed components, while coarser scales
capture the global structure. This demonstrates that
FreqAdapter effectively integrates semantic cues
to perform multi-scale frequency adaptation.

Method Param Param% GFLOPS

CLIP - - 362.5
CoOp 16.4k 0.003 370.8
MaPLe 798.7k 0.19 362.9
CLIP-Adapter 524.3k 0.12 362.5
MMA 118.7k 0.03 362.7
FreqAdapter 476.4k 0.11 362.6

Table 4: Computational Complexity.

Computational Complexity. The detailed network
architecture is provided in the Appendix. B. As
shown in Table 4, the proposed FreqAdapter intro-
duces a highly competitive number of additional pa-
rameters. Compared with other multimodal interac-
tion methods such as MaPLe, FreqAdapter requires
substantially fewer parameters—less than that of a
single linear layer—while maintaining comparable
performance. In terms of computational cost, the
GFLOPs of FreqAdapter remain almost identical
to other efficient fine-tuning approaches such as
CLIP-Adapter and MMA. Considering the total in-
ference cost of the backbone CLIP model (362.5

GFLOPs), the additional computational overhead
introduced by FreqAdapter is negligible.

7 Related Work

7.1 Multimodal Foundation Model

The advent of the Transformer (Vaswani, 2017)
architecture marked a significant breakthrough in
natural language processing and has since been ex-
tended to various multimodal tasks. Works like
CLIP (Radford et al., 2021) and ALIGN (Jia et al.,
2021) are pre-trained using the contrastive learning
to align images and text into a shared embedding
space. GIT (Wang et al., 2022) and BLIP2 (Li et al.,
2023) use image-text pairs for training, further scal-
ing up the model size. Recent works (Bai et al.,
2025; Li et al., 2024a; Guo et al., 2025; Liu et al.,
2023c; Cheng et al., 2025) on multimodal large lan-
guage models employ a pre-trained vision encoder
to extract image embeddings, which are aligned
with the language model via a vision projection
layer, bridging the modality gap and enabling joint
visual–language reasoning.

7.2 Parameter-Efficient Fine-Tuning

Common efficient fine-tuning techniques include
prompt tuning (Zhou et al., 2022b,a; Khattak et al.,
2023; Qiu et al., 2024; Fu et al., 2024), adapter
tuning (Zhang et al., 2021; Gao et al., 2024; Yang
et al., 2024; Zarei et al., 2025; Xie et al., 2025),
and LoRA (Hu et al., 2021; Dettmers et al., 2023;
Zhang et al., 2023). In prompt tuning, learnable to-
kens are introduced at the input layer of the model,
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Figure 8: Effectiveness of Multi-Scale Strategy.

allowing the model to adapt to new tasks. Adapter
tuning introduces learnable networks between lay-
ers, typically connected in a residual manner, en-
abling the model to adjust with minimal changes
to its architecture. LoRA learns low-rank vec-
tors and injects them into the original model to
adapt the model without significant overhead. For
ensemble methods (Yu et al., 2024; Yang et al.,
2023a,b), common strategies include generating
prompts with new models or extracting attention
maps from the model itself for self-reflection. Re-
cent work (Li et al., 2025) explores cross-modal
fusion during the fine-tuning stage. Most exist-
ing approaches, however, perform such fine-tuning
directly in the spatial domain.

7.3 Fourier Transform
Fourier-based transformations, including Fourier
Transform, Discrete Fourier Transform , Discrete
Cosine Transform, and Wavelet Transform, have
played pivotal roles in signal and image process-
ing. Recent advances (Xu et al., 2020; Li et al.,
2024b; Qian et al., 2024; Tan et al., 2024) have
seen these transformations combined with modern
deep learning techniques to enhance model per-
formance. SpectFormer (Patro et al., 2023) inte-
grates wavelet transform with transformer archi-
tecture. VFPT (Zeng et al., 2024) integrates the
Fast Fourier Transform into prompt embeddings, ef-
fectively combining spatial and frequency domain

information. SFMFusion (Sun et al., 2025) intro-
duces frequency-domain processing for visual fea-
tures, where representations are transformed back
to the spatial domain for fusion. DAFF-Net (Zhou
and Hu, 2024), on the other hand, models inter-
actions between high- and low-frequency compo-
nents within a single modality. Building on prior
work, our method extends frequency-domain mod-
eling to cross-modal settings by fusing latent em-
beddings directly in the frequency domain, preserv-
ing an end-to-end frequency-domain formulation.

8 Conclusion

In this paper, we propose FreqAdapter, which per-
forms multi-scale adaptation and enables modal-
ity interactions in the frequency domain. Com-
pared to methods adapting in the spatial domain,
our approach achieves superior fitting performance,
stronger generalization capability, and faster adap-
tation speed, which provides a unique perspective
for parameter-efficient fine-tuning methods.
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Limitations

Although FreqAdapter achieves strong empirical
results, its theoretical depth can be further explored
to better explain the effectiveness of frequency-
domain adaptation. Moreover, our current study
is limited to CLIP-based settings with relatively
small parameter scales, which may constrain the
upper bound of performance. Future work could
extend this approach to larger multimodal language
models, and investigate how scaling parameters
balances performance gains with computational
efficiency.
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A Preliminary

A.1 Multimodal Foundation Model

CLIP consists of a vision encoder V and a text en-
coder L, which encode image and text information,
respectively, into a unified embedding space. Both
the vision and text encoder have L transformer
layers. The image I is divided into Nv patches,
which is then projected into patch embeddings
E0

v ∈ RNv×Dv . The vision encoder processes the
patch embeddings to embeddings EL

v , and then
projected into the shared space Fv. The text T is
tokenized into a sequence of tokens. Each token is
embedded into token embeddings E0

t . Similar to
that in vision encoding, the token embeddings is
processed by the text encoder, resulted in EL

t , and
projected into textual feature Ft.

LLaVA utilizes the CLIP vision encoder to pro-
cess the input image I , encoding it into visual em-
beddings. A trainable projection layer is then em-
ployed to align these visual embeddings with the
latent space of the large language model (LLM),
resulting in the visual embeddings Ev. Simulta-
neously, the input text undergoes tokenization and

embedding, producing the textual embeddings El.
These embeddings, Ev and El, are then integrated
and fed into the large model M, which generates
the final output.

A.2 Discrete Cosine Transform

The modal information is encoded as a one-
dimensional tensor. The Discrete Cosine Trans-
form (DCT) transforms this signal from the spa-
tial domain to the frequency domain. For a signal
E ∈ RD, the DCT is applied as follows:

X[k] = α(k)
D−1∑

n=0

E[n] cos

(
π (2n+ 1) k

2D

)
,

k = 0, 1, . . . , D − 1,

where X is the frequency domain data, and α(k)
are normalization factors given by:

α(k) =





√
1
D , k = 0,√
2
D , k ̸= 0.

The Inverse Discrete Cosine Transform converts
frequency domain data back to the spatial domain:

Ẽ[n] =
D−1∑

k=0

α(k)X[k] cos

(
π (2n+ 1) k

2D

)
,

n = 0, 1, . . . , D − 1.

A.3 More Proposition

Proposition 2. Averaging the frequency-domain
representations of W spatially adjacent tokens is
equivalent to independently averaging the coeffi-
cients of each cosine basis across the spatial di-
mension.
Derivation. Let {Ej}W−1

j=0 denote W spatially
contiguous tokens, and Xj = DCT(Ej) their
frequency-domain representations. The aggrega-
tion is defined as:

X̄ =
1

W

W−1∑

j=0

Xj .
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For the k-th frequency component:

X̄[k] =
1

W

W−1∑

j=0

Xj

=
1

W

W−1∑

j=0

α(k)
D−1∑

n=0

Ej [n] cos

(
π(2n+ 1)k

2D

)

=
α(k)

W

D−1∑

n=0

W−1∑

j=0

Ej [n] cos

(
π(2n+ 1)k

2D

)

Hence, frequency-domain averaging equals spatial
aggregation of

∑W−1
j=0 Ej [n] over the same cosine

basis. Each frequency channel k is averaged inde-
pendently, acting as a spatial low-pass filter that
yields a smoother and more stable spectral repre-
sentation.
Proposition 3. (Structured and Stable Optimiza-
tion in the Frequency Domain) Let T ∈ RD×D

denote the DCT matrix. For a loss function L,

∇eiL = T⊤∇êiL, ∥∇eiL∥2 = ∥∇êiL∥2.

This orthogonality ensures identical gradient mag-
nitudes in both domains, preserving optimization
stability. Moreover, each dimension of êi corre-
sponds to a distinct frequency band, enabling inter-
pretable and selective adaptation—e.g., tuning low
frequencies for global semantics and high frequen-
cies for local details.

B Module Parameter Analysis

Let Dv, Dt, and H denote the visual, textual, and
hidden dimensions, respectively. The number of
trainable parameters in each module is:

PMGFA = 2DvH + (H +Dv),

PMCFA = DtH + 2DvH + (H + 2Dv).

For N scales without parameter sharing, the total
number of trainable parameters is:

PTotal = N × (PMGFA + PMCFA). (12)

For CLIP-L/14-336, Dv = 1024, Dt = 768,
H = 32, and N = 3, the parameter counts are
475,776.

C Experiment Detail

For the comparative methods, CoOp introduces
prompts only for the visual input, while MaPLe in-
troduces prompts in the vision-language modality

and uses a linear layer to establish connections be-
tween the modalities. CLIP-Adapter, on the other
hand, adjusts the outputs of both the vision encoder
and text encoder using adapters. MMA establish
the cross-modal using shared and modality-specific
adapter within the last few transformer layers. LoR-
VP introduces low rank prompts which enables
shared and patch-specific information across image
rows and columns.

In the retrieval task, where Nt captions are used
to retrieve Nv images, directly interacting each
image-text pair results in a time complexity of
O(NtNv), which is impractical. Therefore, in our
experiment, for each image, we select the K most
relevant text features and average them for cross-
modal interaction. This reduces the time complex-
ity to O(Nv), meaning each image only needs to
extract its features once.

FreqAdapter fine-tunes the penultimate layer of
the CLIP vision encoder while simultaneously ex-
tracting features from the penultimate layer of the
language encoder to facilitate interaction. For re-
trieval tasks, the newly obtained visual embeddings
are fed into the final transformer layer, and the
[CLS] token is extracted as the visual feature. For
VQA tasks, these new visual embeddings are di-
rectly passed into the LLaVA multimodal projector.

For CoOp and MaPLe, we follow the original im-
plementations by inserting prompts at the encoder
input. Regarding CLIP-Adapter, in comparative ex-
periments, we add it at the output of the vision en-
coder; in contrast, in the ablation studies described
in Sec. I.1, we concatenate CLIP-Adapter features
to the penultimate layer of the encoder.

For all experiments and analyses involving CLIP
models, the text is encoded into a fixed sequence of
77 tokens. Unless otherwise specified (such as in,
Appendix. 5, and Appendix. I.1, where CLIP-B/16
is used), we adopt CLIP-L/14-336 for the rest of
the experiments.

Since LLaVA employs a different tokenizer and
text encoder from CLIP, we apply an additional text
processing step using CLIP’s tokenizer and text
encoder to extract textual embeddings. These em-
beddings are used exclusively in the FreqAdapter
module to enable consistent cross-modal interac-
tion in the frequency domain.

D Detail Result For LLaVA

We provide detailed experimental results on the
MM-Vet dataset, as shown in the Fig. 9. Com-
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Figure 9: Detail Result For LLaVA.

Figure 10: Caption

pared to CLIP and CLIP-Adapter, FreqAdapter
demonstrates consistent performance improve-
ments across five question-answering categories,
except for math.

E Further Qualitative Analysis

Qualitative Analysis for CLIP. We employ Grad-
CAM++ to visualize text-aware regions within an
image, which is shown in Fig.10. Specifically,
given an image and four captions [C1, C2, C3,
C4], only C1 is semantically relevant to the image.
Visualization results reveal that the original CLIP
model struggles to correctly interpret the seman-
tics of prompt C1, assigning the highest confidence
erroneously to the irrelevant prompt C3. In con-
trast, FreqAdapter demonstrates a comprehensive
understanding of key concepts such as “walking",
“homeless man", and “city street", accurately cap-
turing global semantic information across the entire
image. Activations corresponding to the irrelevant

captions appear only sparsely scattered throughout
the image, clearly indicating the model’s ability to
discriminate between relevant and irrelevant textual
information.

F More Visualization Results

Fig.11 and 12 demonstrate additional VQA results
of FreqAdapter based on LLavA 1.5-13B, reinforc-
ing conclusions from the qualitative analysis: Fre-
qAdapter exhibits superior image comprehension
capabilities. Specifically, as shown in Fig. 11, Fre-
qAdapter accurately identifies all textual content in
the image. In Fig. 12, it effectively makes reason-
able judgments based on the visual information.
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Figure 11: Sample 1.
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Figure 12: Sample 2.
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G Zero-Shot Evaluation on Flickr30K
Test

Table 5: Zero-Shot Evaluation on Flickr30K Test.

Foundation
Model

Method
Flickr30K Test

I2T T2I

R@1 R@5 R@10 R@1 R@5 R@10

CLIP-B/16

- 85.20 97.30 99.10 64.98 87.84 92.78
CLIP-Adapter 85.50 98.40 99.10 74.00 92.84 96.00
MMA 86.80 98.00 99.30 72.58 92.28 95.84
FreqAdapter 87.80 97.50 98.80 75.14 92.76 96.34

CLIP-L/14

- 86.80 98.30 99.80 67.90 89.70 94.28
CLIP-Adapter 88.40 98.50 99.60 77.36 94.22 97.10
MMA 90.30 98.50 99.80 75.24 93.42 96.78
FreqAdapter 90.00 98.20 99.50 77.28 94.58 97.36

CLIP-L/14-336

- 88.10 98.20 99.60 71.40 91.64 95.46
CLIP-Adapter 89.60 99.20 99.80 78.74 95.10 97.42
MMA 90.00 99.30 99.90 77.30 94.38 97.14
FreqAdapter 90.50 98.90 99.70 78.58 95.16 97.60

The zero-shot evaluation on Flickr30K test re-
sults are shown in the Tab. 5, and the results are
consistent with the conclusions of the Flickr30k
Val set.

H More Ablation Study

H.1 Effectiveness of Multiple Scale

Table 6: Ablation Study for Downsampling Factor.

N
MSCOCO I2T MSCOCO T2I

R@1 R@5 R@10 R@1 R@5 R@10

1 60.18 81.78 87.50 44.08 69.80 77.28
2 61.32 82.76 88.42 44.81 70.20 79.47
3 61.42 83.64 90.10 45.23 70.92 80.02
4 60.36 82.58 88.12 45.06 70.70 79.36

The Tab. 6 demonstrates the impact of the down-
sampling factor N on the experimental results. As
N increases, the FreqAdapter learns more multi-
scale visual features. The results indicate that incor-
porating additional scales promotes performance
improvements, since fine-tuning at different scales
enables the model to perceive image regions with
various receptive fields. This allows it to extract
richer visual features and gain a better understand-
ing of the image content. However, we also observe
that overly large receptive fields are less effective
than moderate ones, as aggregating information
over excessively large regions can lead to signif-
icant information loss and result in erroneous pa-
rameter learning.

Figure 13: Ablation on FreqAdapter and CLIP-Adapter En-
semble.

I Further In-depth Analysis

I.1 Ensemble with CLIP-Adapter

In this section, we investigate the performance of
integrating FreqAdapter and CLIP-Adapter. Fre-
qAdapter performs adaptation in the frequency do-
main, while CLIP-Adapter operates in the spatial
domain. We explore three integration methods: (1)
adaptation in the frequency domain followed by
spatial adaptation, denoted as fuse_freq_first; (2)
spatial adaptation followed by frequency adapta-
tion, denoted as fuse_spatial_first; and (3) simul-
taneous adaptation in both domains, denoted as
fuse_parallel. The experimental setup is consis-
tent with the comparative experiments described
previously. The figure demonstrates the retrieval
performance on the COCO 2017 and Flickr30k
datasets for I2T and T2I tasks, evaluated us-
ing R@1, R@5, and R@10 metrics. Compared
with the standalone FreqAdapter, the integrated
methods generally exhibit improved performance.
The fuse_spatial_first method typically outper-
forms fuse_freq_first across most scenarios. The
fuse_parallel method achieves the best results on
all metrics for the T2I retrieval task when fitting
specific data distributions, while fuse_spatial_first
and fuse_parallel show comparable performance
on other metrics. Given that fuse_parallel can per-
form adaptations simultaneously, it offers greater
advantages in practical applications.
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Figure 14: Frequency vs. Spatial Adaptation.

I.2 Frequency vs. Spatial Adaptation.
Additional Results (Flickr ValLoss and
T2I). Fig. 14 consolidates five supplementary
plots—Flickr30k validation loss and T2I retrieval
on COCO and Flickr30k (R@1/5/10)—that
corroborate the main-text findings. On Flickr30k
validation loss, FreqAdapter continues to decrease
or stabilize smoothly in late training, while
SpatialAdapter rebounds and drifts away from its
optimum, a clear sign of overfitting consistent
with its behavior on COCO. For COCO T2I,
FreqAdapter maintains a lead throughout training
and remains stable in the latter half of the epoch,
whereas SpatialAdapter oscillates and degrades
after roughly half an epoch; the same pattern
holds on Flickr30k T2I. Notably, these trends
are consistent across R@1, R@5, and R@10,
indicating that the gains are not confined to a
single operating point but extend across recall
thresholds. We attribute these effects to the
advantages of frequency-domain adaptation—less
redundant representations with disentangled
low- and high-frequency structure and partial
noise separation—yielding cleaner parameter
updates, steadier gradients, and more reliable
generalization.

I.3 Comparison Between Spatial and
Frequency Domain Adaptation

To investigate the effect of adaptation space, we
compare the proposed frequency-domain adapter
FreqAdapter with its spatial-domain counterpart

SpatialAdapter under different learning rates and
training steps on the COCO retrieval benchmark.

Across both learning rates and training stages,
FreqAdapter consistently achieves lower evaluation
loss and improved retrieval performance, particu-
larly on T2I R@1. The advantage becomes more
pronounced as training progresses, indicating more
stable optimization behavior.

One possible explanation is that frequency-
domain representations provide a more compact
and structured view of embeddings. By leverag-
ing the Discrete Cosine Transform (DCT), Fre-
qAdapter operates on decorrelated components,
which may reduce redundancy and allow the model
to focus updates on more informative directions.

Moreover, since DCT is an orthogonal trans-
form, it introduces negligible computational over-
head while preserving information content. This
property enables frequency-domain adaptation to
maintain efficiency while improving optimization
dynamics.

These results suggest that performing adaptation
in the frequency domain can offer practical ben-
efits over spatial-domain alternatives. While the
improvements are moderate, they are consistent
across different settings, indicating that frequency-
domain adaptation provides a stable inductive bias
for cross-modal representation learning. We fur-
ther conjecture that such advantages may become
more significant in settings with larger numbers of
trainable parameters, where selectively updating in-
formative components could lead to more efficient
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Step lr Method Train Loss Eval Loss I2T R@1 I2T R@5 T2I R@1 T2I R@5

1000 1e-5 Spatial 0.52 2.83 58.06 81.10 38.31 63.31
2000 1e-5 Spatial 0.46 2.65 57.94 81.50 39.87 65.21
3000 1e-5 Spatial 0.44 2.56 58.24 81.36 41.09 66.44
4000 1e-5 Spatial 0.43 2.51 57.76 81.60 41.80 67.01
1000 1e-5 Freq 0.50 2.74 58.32 81.46 39.31 64.44
2000 1e-5 Freq 0.44 2.56 58.08 81.52 41.16 66.40
3000 1e-5 Freq 0.42 2.49 58.72 81.42 42.21 67.34
4000 1e-5 Freq 0.42 2.47 58.44 81.70 42.53 67.50

1000 5e-5 Spatial 0.49 2.60 57.84 81.48 40.61 65.98
2000 5e-5 Spatial 0.38 2.40 58.94 82.12 43.56 68.81
3000 5e-5 Spatial 0.36 2.36 59.56 82.88 44.16 69.31
4000 5e-5 Spatial 0.35 2.34 59.94 83.26 44.53 69.79
1000 5e-5 Freq 0.39 2.38 58.82 82.40 43.73 68.88
2000 5e-5 Freq 0.37 2.34 60.16 82.66 44.42 69.71
3000 5e-5 Freq 0.36 2.31 60.54 83.22 44.80 70.26
4000 5e-5 Freq 0.35 2.28 61.18 83.46 45.25 70.69

Table 7: Comparison between SpatialAdapter and FreqAdapter under different learning rates and training steps on
the COCO retrieval benchmark.

learning.

J Future Work

To the best of our knowledge, this work is the first
attempt to fine-tune a pretrained model in the fre-
quency domain and directly apply the fine-tuned
model to large-scale multimodal models, demon-
strating its effectiveness. Nonetheless, there re-
main several areas for improvement. First, while
the introduction of cross-modal interaction mod-
ules enhances the model’s expressive capability,
it inevitably increases the number of trainable pa-
rameters and computational complexity. In real-
world scenarios, one can leverage existing network
compression methods to prune or factorize model
parameters, thereby striking a better balance be-
tween accuracy and resource consumption. In the
future, we plan to further explore efficient data-
compression strategies in the frequency domain,
investigate deeper integrations of frequency- and
spatial-domain approaches, and examine how to
more effectively incorporate the fine-tuned mod-
ules into cutting-edge large models.

K LLM Usage

We use a large language model only for writing
refinement, including grammar correction and ex-
pression polishing. The model does not contribute
to the core research process, such as method design,
and experimentation.
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