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Abstract001

Pre-trained vision-language models (VLMs)002
have achieved remarkable success in general-003
purpose multimodal learning. However, adapt-004
ing them to domain-specific visual question005
answering (VQA) scenarios remains challeng-006
ing due to scarce annotations, substantial dis-007
tribution shifts, and the practical impossibil-008
ity of accessing source-domain data in real-009
world deployments. Meanwhile, many exist-010
ing adaptation strategies rely on domain- or011
task-specific architectures, limiting their scal-012
ability and transferability. We propose Text-013
Guided Frequency Modulation (TGFM), a014
source-data-free, target-supervised framework015
for VQA adaptation that enables fine-grained016
cross-modal interaction directly in the image017
frequency domain. TGFM employs a text-018
guided spectral mask to jointly modulate am-019
plitude and phase, where amplitude captures020
global structure and phase encodes detailed se-021
mantic variations, providing a complementary022
pathway to spatial-domain adaptation. To en-023
sure robust learning, we design a frequency loss024
combining low-frequency preservation, text-025
conditioned band alignment, and spectral regu-026
larization for sparsity, smoothness, and seman-027
tic coherence. Extensive experiments across028
six domain-specific VQA benchmarks demon-029
strate that TGFM consistently outperforms both030
conventional fine-tuning and state-of-the-art031
source-data-free approaches, incurring only032
around 1 million additional parameters.033

1 Introduction034

Large-scale vision-language models such as CLIP035

(Radford et al., 2021) and BLIP (Li et al., 2022)036

have revolutionized general-purpose multimodal037

learning through massive image-text pre-training.038

However, when transferred to specialized domains,039

such as medical visual question answering, remote040

sensing interpretation, and art analysis, their per-041

formance drops substantially (Lobry et al., 2020;042

Wang et al., 2022b). This degradation is primarily043

caused by two factors: (1) limited annotated data 044

in target domains, making large-scale retraining 045

impractical, and (2) substantial visual and semantic 046

distribution shifts, which disrupt the alignment be- 047

tween visual and textual features. In safety-critical 048

settings, even small misalignments can lead to un- 049

acceptable errors. Consequently, it remains an open 050

problem to develop a lightweight and robust adapta- 051

tion framework that can effectively leverage target 052

supervision without access to source-domain data. 053

Existing solutions fall short on several fronts. 054

Source-dependent adaptation requires access to pre- 055

training data for distribution alignment, raising is- 056

sues of scalability, privacy, and storage (Li et al., 057

2024). In contrast, source-free adaptation methods 058

avoid source data but are often restricted to specific 059

models or training settings, limiting their generality. 060

Parameter-efficient fine-tuning (PEFT) methods, 061

such as Adapter (Houlsby et al., 2019) and LoRA 062

(Hu et al., 2022), reduce optimization costs by re- 063

stricting trainable parameters, but do not explicitly 064

address semantic misalignment under domain shift. 065

More recently, FSA (Liu et al., 2025) has shown 066

that frequency augmentation can enhance robust- 067

ness; however, it operates on pixel- or output-level 068

signals and lacks representation-level cross-modal 069

interaction, which are essential for VQA due to its 070

reliance on vision-language semantic grounding. 071

To address these challenges, we propose Text- 072

Guided Frequency Modulation (TGFM), a source- 073

data-free but target-supervised framework that in- 074

troduces text-aware cross-modal interaction in the 075

image frequency domain of intermediate represen- 076

tations. The image frequency domain provides a 077

natural decomposition where amplitude encodes 078

global structures and phase captures semantic vari- 079

ations (Yang and Soatto, 2020). Specifically, in- 080

termediate image features are transformed into the 081

Fourier domain and decomposed into amplitude 082

A(ω) and phase φ(ω). A text-attended semantic 083

vector t is used to condition a lightweight mask gen- 084

1



Figure 1: Overall performance comparison of direct
fine-tuning (baseline), FSA, and the proposed TGFM
across six VLMs and six domain-specific VQA datasets.

erator, which produces amplitude mask Ma(ω; t)085

and phase mask Mφ(ω; t). The process can be suc-086

cinctly illustrated as:087

X̂ ′(ω) = (1 +Ma(ω; t))A(ω) ei(φ(ω)+Mφ(ω;t)),088

X ′ = F−1
(
X̂ ′(ω)

)
.089

where amplitude modulation redistributes spectral090

energy toward text-relevant global structures, while091

phase modulation refines local and semantic details092

essential for accurate image-text grounding (Xu093

et al., 2021; Oppenheim and Lim, 2005). To ensure094

stable adaptation, we design a three-term frequency095

loss consisting of (i) low-frequency preservation096

to retain global structure, (ii) text-guided spectral-097

band alignment to inject semantic priors into fre-098

quency, and (iii) mask regularization promoting099

sparsity, smoothness, and semantic coherence.100

Our setting aligns with practical VQA deploy-101

ment, with labeled target data but no access to102

source data. We evaluate TGFM on six general-103

domain VLMs across six domain-specific VQA104

datasets. As shown in Figure 1, TGFM outperforms105

direct fine-tuning and source-data-free FSA with106

only about 1M extra parameters (< 0.58% of the107

model), and detailed results are reported in Tables 1108

and 2. Additional analyses are in the appendix,109

covering related work (App. A), method details110

(App. B), theoretical analysis (App. C), extensive111

experiments (App. D), and algorithm pseudocode112

(App. E). Code will be released upon acceptance.113

2 Method114

2.1 Text-Guided Frequency Modulation115

As shown in Figure 2, an input image and text116

are first processed by a pretrained VLM. TGFM117

is applied after the final block of the image and 118

text encoder. The visual token sequence (exclud- 119

ing the [CLS] token, if present) is reshaped into a 120

spatial feature map x ∈ RB×C×H×W , whereB de- 121

notes the batch size, C the channel dimension, and 122

H = W the spatial resolution of the reshaped map. 123

The text encoder provides a sequence of token em- 124

beddings: t ∈ RB×L×D, where L is the number of 125

text tokens and D the embedding dimension. 126

Global Text Semantic Representation. To sum- 127

marize the token-level embeddings into a global 128

semantic, we compute text attention features: 129

αb = softmax

(
1

D

D∑
d=1

tb,:,d

)
, αb ∈ RL, 130

tatt
b =

L∑
l=1

αb,l tb,l ∈ RD. 131

This results in a global text vector tatt
b ∈ RD that 132

encodes weighted semantics for each text sample 133

feature. This fine-grained token-wise attention pro- 134

vides a lightweight summary of global text intent 135

while reducing the risk of overfitting. 136

Radial Frequency Encoding. For a frequency 137

position (i, j) in the H × W grid, we define its 138

normalized radial distance to the image center as: 139

ri,j =

√(
2i

H
− 1

)2

+

(
2j

W
− 1

)2

, ri,j ∈ [0, 1]. 140

This positional encoding helps distinguish be- 141

tween low-, mid-, and high-frequency regions. For 142

each frequency location (i, j), we construct an 143

augmented condition vector by concatenating ex- 144

panded text and frequency for each position: 145

zi,j =
[
tatt
b , ri,j

]
∈ RD+1, 146

expanding tatt
b and collecting all positions yields 147

Zb ∈ R(H·W )×(D+1), where each position corre- 148

sponds to a frequency position (i, j), combining 149

text semantics with its radial frequency encoding. 150

Amplitude and Phase Modulation. The aug- 151

mented vectors Zb are fed into a dual-branch MLP 152

consisting of a linear branch and a nonlinear branch. 153

Each branch contains two linear layers that inde- 154

pendently predict amplitude and phase signals by 155

projecting Zb ∈ R(D+1) to the channel dimension 156

RC . The linear branch directly maps the Zb: 157

∆Alin
b = Wlin,A · Zb, 158

∆φlin
b = Wlin,φ · Zb. 159
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Figure 2: Text-Guided Frequency Modulation transfers general pre-trained VLMs to specific VQA tasks.

This branch provides a stable linear pathway that160

facilitates effective modulation under distribution161

shifts. In parallel, in the nonlinear branch, the vec-162

tor Zb is first projected through two feed-forward163

layers with GELU activation, producing an inter-164

mediate representation Hb:165

Hb = GELU
(
W(2) · GELU(W(1) · Zb)

)
,166

∆Anonlin
b = tanh(Wnonlin,A ·Hb),167

∆φnonlin
b = tanh(Wnonlin,φ ·Hb).168

For the representation Hb, two separate linear169

layers generate the amplitude and phase modula-170

tion signals, followed by a tanh activation to bound171

their range. This branch allows the model to learn172

flexible, nonlinear modulations that adapt to com-173

plex text frequency interactions. This dual-branch174

design balances expressive nonlinear modulation175

with linear stability. The outputs from the nonlinear176

and linear branches are aggregated and permuted to177

the C ×H ×W format to match the channel-first178

layout of feature maps. The resulting modulation179

masks are scaled by small hyperparameters λA and180

λφ to ensure stable frequency perturbations:181

MA
b = tanh

(
∆Anonlin

b + ∆Alin
b

)
· λA ∈ RC×H×W ,182

Mφ
b = tanh

(
∆φnonlin

b + ∆φlin
b

)
· λφ ∈ RC×H×W .183

These masks are reshaped and permuted to align184

with the spatial frequency grid, ensuring that each185

channel receives its own amplitude and phase mod-186

ulation map. The scaling factors (e.g., λA = 0.5,187

λφ = 0.1) act as regularizers that constrain the 188

magnitude of perturbations and prevent excessive 189

distortion (Yang and Soatto, 2020; Xu et al., 2021). 190

Frequency Feature Enhancement. With the mod- 191

ulation masks available, we operate in the Fourier 192

domain to enhance the input features. Each image 193

spatial feature map xb,c,:,: is first transformed by a 194

2D FFT (Nussbaumer and Nussbaumer, 1982): 195

F(xb,c) = F2D (xb,c,:,:) ∈ CH×W . 196

We then decompose the complex-valued spec- 197

trum into its amplitude and phase: 198

Ab,c,i,j = |F(xb,c)i,j | , 199

φb,c,i,j = ∠F(xb,c)i,j , 200

where Ab,c,i,j ≥ 0 represents the magnitude of the 201

frequency response at location (i, j), and φb,c,i,j 202

denotes its corresponding phase angle. 203

The learned masks MA
b,c,i,j (MA

b ) and Mφ
b,c,i,j 204

(Mφ
b ) are applied to perturb the amplitude and 205

phase of each frequency component: 206

A′b,c,i,j = Ab,c,i,j ·
(
1 + MA

b,c,i,j

)
, 207

φ′b,c,i,j = φb,c,i,j + Mφ
b,c,i,j . 208

This formulation reflects two complementary de- 209

sign choices. Amplitude modulation adopts a 210

multiplicative form (Yang et al., 2022; Huang et al., 211

2021), as Ab,c,i,j encodes spectral energy. Scaling 212

by (1 +MA
b,c,i,j) adaptively enhances or attenuates 213
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specific frequencies without changing their polarity.214

In contrast, phase modulation is additive, since215

phase captures angular shifts in the complex plane.216

Adding Mφ
b,c,i,j produces controlled rotations that217

preserve the original amplitude distribution (Zhang218

et al., 2022; Fein-Ashley, 2025). The resulting219

amplitude and phase are then recombined to yield:220

X̃b,c = A′b,c,i,j · e
iφ′b,c,i,j , X̃b,c ∈ CH×W .221

Inverse Transform. Finally, the enhanced spatial-222

domain feature is reconstructed via inverse FFT:223

x̂b,c = <
(
F−1

2D

(
X̃b,c

))
∈ RH×W ,224

Stacking over channels and batch yields the en-225

hanced feature tensor:226

x̂ ∈ RB×C×H×W .227

Meta for Frequency Loss. Beyond generating the228

enhanced features, we also preserve auxiliary vari-229

ables in a dictionary meta. We record the original230

amplitude Ab,c,i,j (A), the modulated amplitude231

A′b,c,i,j (A′), the amplitude mask MA
b,c,i,j (MA),232

and the normalized radial frequency map ri,j . The233

detailed design of meta is provided in App. B.6.234

2.2 Frequency-Modulation Loss235

To ensure that the text-guided frequency modula-236

tion produces stable, interpretable, and semanti-237

cally consistent transformations, we introduce a238

loss function with three complementary terms.239

We partition the frequency spectrum into three240

radial bands using masks Mlow,Mmid,Mhigh.241

Each mask is defined over the normalized radial242

frequency grid ri,j ∈ RH×W and separates low-,243

mid-, and high-frequency components according244

to fixed thresholds (0.33, 0.66). For a given am-245

plitude spectrum Ab,c,i,j , the energy of each band246

is computed as the average amplitude within the247

corresponding masked region:248

Eband(A) =
1

|Mband|
∑
i,j

Ab,c,i,j ·Mband
i,j ,249

where |Mband| is the number of pixels in the mask250

and Eband includes low-, mid-, and high-frequency.251

Low-Frequency Preservation. The low-frequency252

components of the Fourier spectrum primarily cap-253

ture global structure, which should remain stable254

under text-guided fine-grained edits. We therefore255

anchor the low-frequency energy between the orig-256

inal and enhanced spectra (Salmela et al., 2016).257

We define Eband(A′) for the enhanced amplitude 258

spectrum A′. During training, we require the low- 259

frequency energy of the enhanced spectrum A′ to 260

match that of the original spectrumA. We compare 261

the energies in the logarithmic domain: 262

Llow = Eb
[∥∥logElow

b (A′)− logElow
b (A)

∥∥2

2

]
. 263

This MSE loss penalizes deviations in energy ra- 264

tios, ensuring that the enhanced representation does 265

not arbitrarily amplify or suppress global structure. 266

By anchoring only the low-frequency energy, our 267

framework achieves a balance between stability 268

and flexibility: it preserves global semantics for co- 269

herent structure while allowing the model to enrich 270

fine-grained, text-guided details. 271

Text-Guided Band Alignment. To couple textual 272

semantics with spectral energy redistribution, we 273

aggregate the sequence of text embeddings tb into 274

a pooled representation tb ∈ RD that roughly cap- 275

tures the global semantic intent of the text features. 276

This embedding is then normalized and linearly 277

projected (W) into a band-level prior distribution: 278

wb = softmax(Wtb) ∈ R3, 279

where the softmax is taken over the band dimension 280

for each sample, indicating how much emphasis 281

should be given to {low,mid, high} frequencies. 282

Given the enhanced amplitude tensor A′, we 283

compute per-sample band distributions: 284

pb(k) =
Ekb (A′)∑

j E
j
b (A

′) + ε
, k, j ∈ {low, mid, high}, 285

where ε > 0 (1e-6) ensures numerical stability. 286

The text-induced prior wb is softmax-normalized 287

over bands. We then minimize the KL divergence: 288

Lalign = Eb [DKL(pb(k) ‖ wb)] , 289

pushing spectral energy toward text-relevant bands. 290

The chosen direction p||w emphasizes fitting the 291

empirical distribution to the prior; symmetric KL or 292

MSE in log-energies yields similar trends without 293

affecting stability. 294

Spectral Regularization. To prevent training de- 295

generation and ensure stable optimization dynam- 296

ics, we incorporate a set of regularization terms that 297

act on the modulation mask and semantic features. 298

Mask sparsity. The amplitude modulation mask 299

MA is expected to highlight only the frequencies 300
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relevant to the textual guidance, rather than intro-301

ducing indiscriminate modifications. We penalize302

the mean absolute value of the mask:303

Lmask-l1 =
1

|MA|
∑
i,j

∣∣MA
i,j

∣∣.304

This sparsity constraint suppresses unnecessary305

frequency changes, promoting compact and local-306

ized spectral modulation.307

Mask smoothness. Although sparsity reduces over-308

modulation, it may also result in scattered or noisy309

patterns in the mask. We encourage spatial smooth-310

ness in MA by minimizing its total variation (TV):311
312

Lmask-tv =
1

|MA|
∑
i,j

(∣∣∆xM
A
i,j

∣∣+
∣∣∆yM

A
i,j

∣∣) .313

This term suppresses local artifacts, resulting in314

coherent and structured modulation.315

Feature consistency. To preserve global semantic316

consistency, we compare the pooled backbone fea-317

tures before and after frequency modulation. Let318

fbase (x) denote the unmodified backbone features319

and fmod (x̂) the features after text-guided image320

frequency modulation. We apply global average321

pooling to obtain compact representations and com-322

pute their mean squared error (MSE):323

Lfeat =
∥∥pool(fmod)− pool(fbase)

∥∥2

2
.324

Overall Regularization. The total regularization325

loss is a weighted sum of the above terms:326

Lreg = Lmask-l1 + Lmask-tv + Lfeat.327

These three components are aggregated into a328

regularization block to balance spectral flexibility.329

Joint Loss. To integrate the frequency-domain330

objectives, we define the joint frequency loss as:331

Lfreq = λlowLlow + λalignLalign + λregLreg,332

where Llow anchors global structure by preserving333

the low-frequency spectrum, Lalign encourages se-334

mantic coupling between text and frequency bands,335

and Lreg stabilizes training via mask regularization336

and semantic consistency. The default configura-337

tion (λlow = 1.0, λalign = 0.5, λreg = 0.2) provides338

a balance between structural stability and semantic339

preservation. The overall task optimization:340

Ltotal = Lcls + Lfreq,341

where Lcls is the cross-entropy classification loss.342

These two losses make the role of each component343

explicit: Lfreq enforces spectral interpretability and344

semantic consistency, while Ltotal balances these345

loss objectives with task-level supervision.346

3 Experiments and Analyses 347

We evaluate our proposed TGFM across six 348

domain-specific VQA datasets, which cover medi- 349

cal imaging, remote sensing, and art. VQA-RAD 350

(Lau et al., 2018), SLAKE (Liu et al., 2021b), and 351

PathVQA (He et al., 2020) represent the radiol- 352

ogy and pathology domains; OVQA (Huang et al., 353

2022) focuses on cross-domain orthopedic imaging 354

VQA; EarthVQA (Wang et al., 2024a) is used for 355

remote sensing analysis; and SemArt (Garcia et al., 356

2020) targets art interpretation, see App. D.1. 357

3.1 Baselines 358

(1) Domain-specific baselines. For medical VQA 359

tasks, we include classical architectures such as 360

MMQ (Do et al., 2021), MEVF (Nguyen et al., 361

2019), CR (Zhan et al., 2020), and CPRD (Liu 362

et al., 2021a), as well as pretrained medical VLMs 363

like MMBert (Khare et al., 2021), Med-CLIP (Es- 364

lami et al., 2021), M3AE (Chen et al., 2022), and 365

PMC-CLIP (Lin et al., 2023), each leveraging large- 366

scale clinical corpora. For remote sensing and art 367

domains, we consider attention-based methods in- 368

cluding SAN (Yang et al., 2016), BAN (Kim et al., 369

2018), and BUTD (Anderson et al., 2018), special- 370

ized models such as RSVQA (Zheng et al., 2021) 371

and SOBA (Wang et al., 2024a) for EarthVQA, and 372

VIKING (Garcia et al., 2020) for SemArt. 373

(2) General-domain VLMs. We further bench- 374

mark against general multimodal pretrained mod- 375

els, including ViLT (Kim et al., 2021), CLIP (Rad- 376

ford et al., 2021), BLIP (Li et al., 2022), CoCa (Yu 377

et al., 2022), Git (Wang et al., 2022a), and uform 378

(unum-cloud, 2023), see App. D.2. We also report 379

fine-tuned results for FSA and our TGFM to high- 380

light the contribution of text-guided modulation. 381

3.2 Implementation Details 382

The fine-tuning configurations and data augmenta- 383

tion strategies are summarized in App. D and the 384

corresponding Table 8. All experiments are con- 385

ducted with distributed training on NVIDIA V100 386

GPUs, and the batch size is selected based on the 387

backbone capacity (16-128). We adopt the AdamW 388

optimizer with (β1 = 0.9, β2 = 0.999) and a co- 389

sine annealing warm-restart scheduler (Loshchilov 390

and Hutter, 2016) (initial learning rate 2 × 10−5, 391

T0 = 5, Tmult = 2, ηmin = 10−5). For fairness, 392

we follow the training schedule of the FSA frame- 393

work (Liu et al., 2025), ensuring a consistent com- 394

parison under identical optimization settings. 395
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Methods
Radiology Domain Pathology Domain Cross Orthopedic

VQA-RAD SLAKE PathVQA OVQA
Open Closed Overall Open Closed Overall Open Closed Overall Open Closed Overall

MMQ 53.7 75.8 67.0 - - - 13.4 84.0 48.8 56.9 76.2 68.5
MEVF 49.2 77.2 66.1 77.8 79.8 78.6 8.1 81.4 44.8 36.3 76.3 60.4
CR 60.0 79.3 71.6 77.8 79.8 78.6 - - - 51.6 77.7 67.7
CPRD 52.5 77.9 67.8 79.5 83.4 81.1 - - -
MMBert 63.1 77.9 72.0 - - - - - - 37.9 80.2 63.3
Med-CLIP 60.1 80.0 72.1 78.4 82.5 80.1 - - - - - -
M3AE 67.2 83.4 77.0 80.3 87.8 83.2 - - - - - -
PMC-CLIP 67.0 84.0 77.6 81.9 88.0 84.3 - - - 52.6 82.3 70.5
ViLT (118.9M) 39.6 75.5 61.3 77.7 85.1 80.6 28.3 84.1 56.3 39.6 73.6 60.0
ViLT † (+1.0%) 49.1 79.5 65.1 78.5 87.2 81.9 33.7 85.2 59.5 42.7 77.0 63.3
ViLT ∗ (+0.6%) 53.0 73.9 65.6 79.7 87.5 82.8 32.9 87.2 60.1 46.1 80.2 66.6
CLIP (151.4M) 54.2 74.9 66.7 78.8 87.2 82.1 31.9 84.1 58.1 53.0 81.4 70.1
CLIP † (+0.9%) 59.8 78.9 71.4 81.9 88.3 84.4 36.5 85.0 60.8 62.8 83.4 75.2
CLIP ∗ (+0.6%) 60.8 79.4 72.0 81.7 89.2 84.6 35.0 87.0 61.1 60.6 84.8 75.2
BLIP (386.0M) 52.8 75.4 66.5 79.2 85.5 81.7 29.5 86.2 58.0 48.5 79.5 67.1
BLIP † (+0.4%) 58.1 77.0 69.6 79.8 88.3 83.2 33.8 86.5 60.2 52.3 81.0 69.5
BLIP ∗ (+0.3%) 57.6 77.6 69.7 79.9 88.7 83.4 34.6 87.2 60.9 52.9 84.1 71.7
Coca (253.7M) 32.2 71.0 55.7 79.4 83.0 80.8 25.5 85.0 55.4 52.3 80.4 69.2
Coca † (+0.9%) 45.3 70.5 60.5 80.2 86.6 82.7 30.7 87.2 59.0 55.2 82.3 71.5
Coca ∗ (+0.6%) 45.8 73.1 62.3 80.4 87.2 83.1 31.8 86.4 59.2 55.4 82.3 71.6
Git (153.8M) 59.2 77.3 70.1 77.7 86.0 80.9 31.9 84.1 58.1 52.8 81.2 69.9
Git † (+2.2%) 62.1 82.2 74.2 80.2 88.3 83.4 36.4 85.7 61.1 62.0 83.8 75.1
Git ∗ (+1.3%) 63.7 82.6 75.1 80.2 88.7 83.6 34.9 87.4 61.3 61.4 85.2 75.7
uform (1,500M) 55.8 76.2 68.2 78.7 83.6 80.6 32.0 86.4 59.3 51.3 79.9 68.5
uform † (+0.2%) 59.2 79.6 71.6 81.0 85.4 82.7 37.4 85.7 61.6 58.1 81.9 72.4
uform ∗ (+0.1%) 64.3 77.2 72.1 79.2 89.2 83.1 34.6 89.0 62.0 56.1 83.7 72.7

Table 1: Performance of different models on VQA tasks in the medical domain. †
indicates models fine-tuned with FSA, and ∗ indicates models fine-tuned with our
TGFM. +1.0% and +0.6% denote the relative increase in parameters compared with
the original pretrained baseline for FSA and TGFM, respectively.

Method Remote Art
EarthVQA SemArt

SAN 75.7 -
BAN 76.7 22.4
BUTD 76.4 21.8
Instruct-BLIP 75.2 -
RSVQA 70.8 -
SOBA 78.1 -
VIKING - 20.4
ViLT 71.4 23.9
ViLT † 74.3 28.9
ViLT ∗ 74.4 29.3
CLIP 74.2 26.4
CLIP † 76.3 29.6
CLIP ∗ 76.4 29.9
BLIP 73.9 26.9
BLIP † 76.9 30.4
BLIP ∗ 77.2 30.4
Coca 70.4 24.8
Coca † 73.7 28.9
Coca ∗ 74.1 29.1
Git 74.8 28.3
Git † 77.6 31.1
Git ∗ 78.1 31.2
uform 74.2 26.8
uform † 76.8 29.1
uform ∗ 77.2 31.0

Table 2: Performance of
different models on VQA
tasks in remote sensing and
art domains.

3.3 Main Results and Analysis396

Tables 1 and 2 summarize performance across six397

domain-specific VQA benchmarks. 1. Strong398

Gains Across Heterogeneous Domains. Across399

all six domain-specific VQA datasets, TGFM400

surpasses both general-purpose backbones (ViLT,401

CLIP, etc.) and multiple specific-domain models. 2.402

Significant Improvements over Direct Fine-Tuning.403

TGFM improves over naive fine-tuning by +3.7%404

average overall accuracy. 3. Outperforming the405

FSA Framework. Compared with FSA, TGFM406

yields consistent gains (+0.6% on average) despite407

introducing fewer additional parameters. Whereas408

FSA perturbs raw pixel-level frequencies, TGFM409

operates on latent features, enabling semantically410

grounded and fine-grained frequency modulation411

that captures subtle cross-modal interactions es-412

sential for VQA. 4. Training Dynamics Reveal413

Synergistic Adaptation. Figure 3 illustrates the414

learning behavior of Git equipped with TGFM415

on OVQA. (a) Training and testing accuracy rise416

steadily, showing stable convergence. (b) Classifi-417

cation and frequency losses decrease jointly. (c) In-418

dividual frequency-loss components converge early419

and remain stable. (d) Both open- and closed-set420

accuracies improve continuously. Together, these421

behaviors validate the stability, coordination, and422

effectiveness of frequency multimodal adaptation.423

3.4 LoRA vs. LoRA+TGFM424

To evaluate TGFM under parameter-efficient425

fine-tuning, we study four representative VLMs426

Figure 3: Dynamic behavior during training of the
TGFM-based Git model on the OVQA dataset.

(CLIP, BLIP, CoCa, and Git) using LoRA and 427

LoRA+TGFM. Results are reported in Table 3, 428

with full fine-tuning baselines in Tables 1 and 2. 429

Across most datasets, LoRA underperforms full 430

fine-tuning. A notable exception occurs on Se- 431

mArt, where LoRA occasionally surpasses full 432

fine-tuning. This is likely due to SemArt’s slower 433

convergence: full fine-tuning tends to overfit early, 434

whereas LoRA’s constrained updates encourage 435

more gradual adaptation. Integrating TGFM with 436

LoRA yields consistent improvements, achieving 437

an average gain of +2.4% overall accuracy. 438

3.5 Ablation Validation 439

Effectiveness Without Spectral Losses. We iso- 440

late the effect of the TGFM modulation module 441
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Methods
Radiology Domain Pathology Domain Cross Orthopedic Remote Art

VQA-RAD SLAKE PathVQA OVQA EarthVQA SemArt
Open Closed Overall Open Closed Overall Open Closed Overall Open Closed Overall Overall Overall

CLIP 43.1 70.3 59.5 78.8 81.7 80.0 30.8 83.6 57.3 43.2 77.9 64.1 72.9 28.5
CLIP ∗ 50.2 72.1 63.4 79.3 85.0 81.6 31.2 85.1 58.2 47.1 79.6 66.9 75.6 29.6
BLIP 45.9 75.4 63.7 78.0 82.5 79.8 28.6 85.8 57.3 44.0 77.8 64.4 73.9 30.6
BLIP ∗ 50.3 75.4 65.5 79.1 87.3 82.3 30.4 86.7 58.6 47.6 81.3 67.8 76.1 31.1
Coca 39.1 71.7 58.7 77.6 82.5 79.5 26.0 83.3 54.7 39.2 76.4 61.6 71.1 27.1
Coca ∗ 50.3 72.1 63.5 80.2 83.2 81.4 29.8 83.8 56.9 45.7 78.5 65.4 72.3 29.2
Git 57.6 75.0 68.1 77.7 83.2 79.9 30.7 84.8 57.8 42.6 80.9 65.6 74.8 27.3
Git ∗ 59.8 77.6 70.6 80.5 84.7 82.1 32.5 86.2 59.4 49.5 80.6 68.2 77.6 30.4

Table 3: Comparison of LoRA (r=16, α=32) and
LoRA+TGFM across four multimodal VLMs on six
domain-specific VQA benchmarks. TGFM (∗) consis-
tently improves PEFT across all backbones.

Methods
Radiology Domain Pathology Domain Cross Orthopedic Remote Art

VQA-RAD SLAKE PathVQA OVQA EarthVQA SemArt
Open Closed Overall Open Closed Overall Open Closed Overall Open Closed Overall Overall Overall

CLIP 54.2 74.9 66.7 78.8 87.2 82.1 31.9 84.1 58.1 53.0 81.4 70.1 74.2 26.4
CLIP ∗ 57.6 75.4 68.3 80.2 87.5 83.0 33.7 87.2 60.5 55.8 82.7 72.0 75.7 28.7
BLIP 52.8 75.4 66.5 79.2 85.5 81.7 29.5 86.2 58.0 48.5 79.5 67.1 73.9 26.9
BLIP ∗ 58.1 75.7 68.7 80.2 85.6 82.3 34.6 86.9 60.8 53.5 81.6 70.4 74.9 29.3
Coca 32.2 71.0 55.7 79.4 83.0 80.8 25.5 85.0 55.4 52.3 80.4 69.2 70.4 24.8
Coca ∗ 39.1 73.6 59.9 79.4 86.3 82.1 30.6 86.4 58.6 53.5 80.6 69.8 73.7 28.2
Git 59.2 77.3 70.1 77.7 86.0 80.9 31.9 84.1 58.1 52.8 81.2 69.9 74.8 28.3
Git ∗ 61.4 79.4 72.2 80.0 86.1 82.4 34.3 87.0 60.7 57.6 84.2 73.6 76.8 29.7

Table 4: Performance of frequency modulation-only
models (marked with ∗) across six VQA domains.

by removing all frequency-domain loss terms. Re-442

sults are reported in Table 4. To ensure fair com-443

parison, all experimental settings are kept identi-444

cal. Frequency modulation (∗) alone yields con-445

sistent gains (average +2.2%) across all six VQA446

benchmarks, demonstrating that text-guided am-447

plitude and phase modulation already strengthen448

cross-modal alignment and facilitate domain adap-449

tation. However, without frequency-domain losses,450

the modulation becomes under-constrained.451

Components of Frequency Modulation. To as-452

sess the role of each component in our modulation453

design, we individually remove the linear map-454

ping (-Linear), nonlinear mapping (-Nonlin), phase455

modulation (-Phase), and amplitude modulation (-456

Amplitude). Figure 4 reports overall accuracies457

of CLIP, BLIP, and Git on VQA-RAD, OVQA,458

and SemArt. Removing any single module con-459

sistently degrades performance across backbones460

and datasets. Notably, removing phase modula-461

tion leads to substantial degradation, especially462

for CLIP and BLIP on VQA-RAD, even under-463

performing the no-modulation setting (NoFreqMo),464

highlighting the critical role of phase modulation.465

Complementary Effects of Frequency Loss. To466

analyze the contribution of each frequency-domain467

loss, we ablate Low-Frequency Preservation (low),468

Text-Guided Band Alignment (align), and Spec-469

tral Regularization (reg). In the main text, we re-470

port results for CLIP, while complete experiments471

on CLIP-, BLIP-, and Git-based TGFM across472

Freq_loss low align reg VQA-RAD OVQA SemArt

CLIP 68.3 72.0 28.7
CLIP 3 67.8 70.6 29.2
CLIP 3 66.7 72.2 29.4
CLIP 3 68.2 72.1 29.5
CLIP 3 3 71.5 74.6 29.7
CLIP 3 3 69.1 72.4 29.5
CLIP 3 3 70.1 74.1 29.6
CLIP 3 3 3 72.0 75.2 29.9

Table 5: Ablation of the three frequency-domain losses.

VQA-RAD, OVQA, and SemArt are provided in 473

App. D.4. As shown in Table 5, using any sin- 474

gle loss in isolation even underperforms the no- 475

frequency-loss baseline. Applying only low or 476

align leads to clear degradation on CLIP. Figure 5 477

further illustrates this effect: align alone induces 478

strong optimization oscillations (a), while remov- 479

ing reg results in unstable modulation patterns (b). 480

Together, these results show that the three losses 481

are mutually complementary, yielding stable and 482

consistent improvements when used jointly. 483

Supplementary Experiments. Due to space lim- 484

itations, detailed ablations and comparisons are 485

provided in App. D. We analyze TGFM’s sensi- 486

tivity to amplitude/phase modulation scales (λA, 487

λφ, App. D.5), frequency-loss weights (λlow, λalign, 488

λreg, App. D.6), and frequency band partitioning 489

and thresholds (App. D.7), where a three-band de- 490

sign with (0.33, 0.66) performs best across datasets, 491

indicating stable behavior. Inserting TGFM at later 492

backbone blocks yields consistently stronger gains 493

(App. D.8), as higher-level features capture more 494

complete semantics. Multi-seed mean± std results 495

show that TGFM outperforms the baseline FSA 496

with lower variance (App. D.9), confirming robust- 497

ness. Finally, TGFM is effective across multiple 498

PEFT strategies, such as FourierFT (App. D.10), 499

and outperforms spatial-domain FiLM modula- 500

tion (App. D.12) and recent multimodal adaptation 501

methods (App. D.13), supporting its generality. 502

4 Discussion and Analysis 503

Spectral Energy Variation Induced by TGFM. 504

We analyze frequency-band energy evolution dur- 505

ing CLIP training on VQA-RAD. At each epoch, 506

we compute the energy difference between TGFM- 507

modulated features and the original CLIP features 508

(energymodulated - energyorig), aggregated over low-, 509

mid-, and high-frequency bands. As shown in Fig- 510

ure 6, TGFM induces a structured, band-dependent 511

redistribution of spectral energy: high-frequency 512

components decay most, mid-frequency compo- 513

nents are moderately refined, and low-frequency 514

energy remains largely preserved. This behav- 515
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Figure 4: Ablation of individual components in the frequency modulation module.

Figure 5: Training instability induced by
imbalanced frequency-domain loss com-
ponents in CLIP (VQA-RAD). Severe
oscillation occurs with band alignment
alone or without frequency regularization.

Figure 6: TGFM spectral en-
ergy redistribution by CLIP
on VQA-RAD, showing vari-
ation across low-, mid-, and
high-frequency bands.

Figure 7: t-SNE visualization of CLIP
multimodal embeddings on OVQA.
TGFM yields more compact and
aligned source–target clusters com-
pared to direct fine-tuning.

ior aligns with TGFM’s objective of suppressing516

domain-specific artifacts while maintaining global517

semantic structure. Overall, TGFM performs con-518

trolled, structure-aware frequency modulation.519

t-SNE Visualization of Cross-Domain Embed-520

ding Geometry. We visualize learned image-text521

representations and compare them with original522

CLIP features. Figure 7 presents t-SNE visualiza-523

tions of the first twenty answer categories from524

the OVQA dataset. For each category, twenty525

paired samples are drawn, and their fused embed-526

dings, extracted from the multimodal projection527

head, are first compressed via PCA and subse-528

quently mapped to 2D using t-SNE. Direct fine-529

tuning results in substantial geometric drift and530

inter-class overlap, whereas TGFM produces more531

compact intra-class clusters aligned with the orig-532

inal CLIP manifold. This suggests TGFM acts as533

an effective spectral regularizer, preserving global534

low-frequency structure while selectively refining535

discriminative bands under source-free adaptation.536

Efficiency and Practicality. Table 6 reports the537

training and inference efficiency of TGFM under538

both full fine-tuning and parameter-efficient set-539

tings on VQA-RAD using CLIP, with a batch size540

of 64 on a single NVIDIA V100 GPU. TGFM in-541

troduces only modest training overhead (+8.44%)542

per epoch, substantially lower than that of FSA543

(+15.70%). At the same time, it maintains compara-544

ble inference latency. When combined with LoRA,545

TGFM preserves parameter efficiency, increasing546

Method
Trainable

Params (M)
Training Time

(s / epoch)
Training Time
Overhead(%)

Inference
(s / per)

Fine-tuning 151.4M 58.98 - 0.102
FSA 152.9M 68.24 +15.70% 0.107
TGFM 152.3M 63.96 +8.44% 0.104

LoRA 2.08M 53.82 - 0.110
LoRA+TGFM 2.17M 55.79 +3.66% 0.113

Table 6: Training time, overhead, inference latency, and
trainable parameters on CLIP for VQA-RAD.

trainable parameters by only 0.09M and incurring a 547

marginal training overhead of 3.66%. These results 548

demonstrate that TGFM is a lightweight and prac- 549

tical module without sacrificing runtime efficiency. 550

5 Conclusion 551

We proposed Text-Guided Frequency Modula- 552

tion (TGFM), a source-data-free, target-supervised 553

framework for cross-domain vision-language adap- 554

tation. TGFM performs text-conditioned amplitude 555

and phase modulation at the representation level. 556

This enables structurally coherent and semantically 557

selective frequency adaptation under domain shift. 558

Across six specialized VQA benchmarks span- 559

ning radiology, pathology, remote sensing, and art, 560

TGFM consistently outperforms direct fine-tuning 561

and recent source-data-free methods while intro- 562

ducing only ∼1M additional parameters. TGFM 563

also provides a principled view of frequency-aware 564

multimodal adaptation, showing that structured, 565

text-guided spectral control improves cross-domain 566

alignment without source data. 567

8



Limitations568

TGFM is not merely a vision-side frequency regu-569

larizer, but a language-conditioned representation570

alignment mechanism, where text acts as an ex-571

plicit semantic controller over representation geom-572

etry. Despite its effectiveness, TGFM has several573

limitations that point to directions for future work.574

First, TGFM operates on the Fourier spectrum575

of intermediate visual feature maps and therefore576

assumes that these representations preserve grid-577

aligned spatial structure, as is common in CNN-578

and ViT-based VQA encoders. Architectures with579

non-spatial embeddings or irregular tokenization580

may require customized frequency parameteriza-581

tions. Second, while TGFM demonstrates robust582

performance across diverse VQA benchmarks, its583

applicability to other multimodal tasks, such as584

image-text captioning or retrieval, remains to be585

explored.586
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A Related Work954

A.1 Multimodal Domain Adaptation955

Multimodal domain adaptation (MMDA) (Xu et al.,956

2020a; Zhang et al., 2024; Wen et al., 2023) aims957

to enhance the generalization of vision-language958

models (VLMs) under cross-domain distribution959

shifts. Prior work can be broadly grouped into data-960

level, architecture-level, and representation-level961

approaches. Data-level methods reduce domain962

gaps by manipulating input distributions, such as963

frequency augmentation applied directly to image964

pixels (Xu et al., 2021; Bi et al., 2024), or adver-965

sarial sample generation (Bousmalis et al., 2017).966

These approaches operate at the input level and967

do not modify intermediate representations within968

models. Architecture- or training-level approaches969

modify model structures or learning objectives, in-970

cluding ensemble learning (Liu et al., 2020), meta-971

learning (Liu et al., 2021c), self-supervised objec-972

tives (Azizi et al., 2023), and more recently expert-973

based or mixture-of-modality designs in unified974

VLMs (Bao et al., 2022; Wang et al., 2024c; Tanaka975

et al., 2024). While effective, these methods often976

require architectural changes, large-scale training,977

or substantial computational resources.978

Feature- and representation-level techniques in-979

stead focus on aligning latent visual and textual fea-980

tures across domains, through cross-modal align-981

ment (Li et al., 2020), adversarial domain learn-982

ing (Zhu et al., 2022), or feature-wise modulation.983

Among them, FiLM (Perez et al., 2018) conditions984

intermediate visual features on external signals985

via affine transformations in the spatial domain,986

enabling flexible cross-modal interaction without987

modifying backbone parameters.988

Most MMDA methods rely on access to source-989

domain data for distribution matching or feature990

alignment, which raises concerns regarding privacy,991

storage, and real-world deployment (Yin et al.,992

2024). To address these limitations, source-free993

domain adaptation has emerged, where adaptation994

is performed using only a pre-trained source model995

and labeled or unlabeled target-domain data, with-996

out revisiting source samples or statistics.997

Within this source-free setting, frequency-based998

adaptation has recently attracted attention. Fourier999

Self-Adaptation (FSA) (Liu et al., 2025) is a rep-1000

resentative source-data-free, target-supervised ap-1001

proach that introduces frequency-domain regular-1002

ization to encourage spectral consistency during1003

adaptation. However, existing frequency-based1004

methods (Xu et al., 2021), including FSA, primarily 1005

manipulate image-level spectra or constrain output- 1006

level frequency statistics and treat frequency mod- 1007

ulation as a unimodal visual operation. As a result, 1008

they do not explicitly regulate frequency behavior 1009

at the level of intermediate visual representations, 1010

nor do they incorporate linguistic signals to guide 1011

which frequency components are semantically rele- 1012

vant. This limits their effectiveness for multimodal 1013

reasoning tasks such as VQA, where fine-grained, 1014

text-dependent alignment between visual represen- 1015

tations and language is critical. 1016

In contrast, our Text-Guided Frequency Modu- 1017

lation (TGFM) performs representation-level fre- 1018

quency adaptation by directly regulating the spec- 1019

tral behavior of intermediate visual features under 1020

text guidance. TGFM explicitly models amplitude 1021

and phase modulation conditioned on linguistic 1022

context, together with frequency-aware regulariza- 1023

tion that preserves global structure while selectively 1024

refining text-relevant bands. Unlike architecture- 1025

level expert models or parameter-efficient fine- 1026

tuning (PEFT) methods that modify or constrain 1027

model parameters, TGFM targets global represen- 1028

tation adaptation without introducing task-specific 1029

parameter blocks, remaining lightweight and com- 1030

plementary to PEFT-style techniques. 1031

Recent large-scale transfer-oriented VLMs, such 1032

as PaliGemma (Beyer et al., 2024) and Qwen2-VL 1033

(Wang et al., 2024b), achieve strong generalization 1034

through billion-scale pre-training. Due to hardware 1035

and training budget constraints, our experiments 1036

are limited to models up to 1.5B parameters. Im- 1037

portantly, TGFM is backbone-agnostic and can, in 1038

principle, be applied to larger VLMs as long as 1039

intermediate visual representations preserve grid- 1040

aligned structure; we leave large-scale validation 1041

to future work. 1042

A.2 Domain-Specific VQA Tasks 1043

Although large-scale Internet datasets support 1044

general-domain VQA training, many specialized 1045

domains remain severely resource-constrained, 1046

largely due to the high cost of expert annota- 1047

tion and data acquisition. In the medical domain, 1048

benchmarks such as VQA-RAD (Lau et al., 2018), 1049

SLAKE (Liu et al., 2021b), PathVQA (He et al., 1050

2020), and OVQA (Huang et al., 2022) focus on 1051

radiology and pathology images. In remote sens- 1052

ing, EarthVQA (Wang et al., 2024a) focuses on 1053

geospatial understanding, whereas art-related rea- 1054

soning is benchmarked on datasets such as SemArt 1055
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(Garcia et al., 2020). These datasets collectively1056

highlight the unique challenges of domain-specific1057

VQA, where visual styles, linguistic patterns, and1058

semantic priors differ substantially from general-1059

domain settings.1060

Adapting general pre-trained VLMs to such het-1061

erogeneous domains is therefore highly challeng-1062

ing. Conventional fine-tuning tends to overfit small1063

datasets and fails to correct the frequency and se-1064

mantic misalignment introduced by domain shift.1065

TGFM explicitly aligns frequency-domain repre-1066

sentations under text guidance, enabling efficient,1067

stable, and source-data-free adaptation of general-1068

purpose VLMs to diverse specialized VQA tasks.1069

B Detailed Method1070

B.1 FFT Formulation and Real-Valued1071

Reconstruction1072

Our frequency modulation operates on real-1073

valued intermediate visual feature maps X ∈1074

RB×C×H×W . We apply a 2D complex Fast Fourier1075

Transform (FFT) independently on each channel:1076

F(X) = FFT2(X), F(X) ∈ CB×C×H×W ,1077

using an orthonormal normalization scheme. We1078

adopt the full complex FFT rather than real FFT1079

(rFFT), as this allows explicit and decoupled mod-1080

ulation of amplitude and phase. For real-valued1081

spatial signals, the FFT spectrum naturally satisfies1082

conjugate symmetry. Our modulation is defined1083

element-wise and symmetric across the spectrum,1084

which maintains approximate conjugate symmetry.1085

After modulation, we reconstruct spatial features1086

via inverse FFT and retain the real component:1087

X′ = <
(
IFFT2(F ′(X))

)
.1088

Empirically (Liu et al., 2025; Xu et al., 2021;1089

Yang et al., 2022), discarding the negligible imagi-1090

nary part does not affect downstream performance,1091

consistent with common practices in frequency-1092

domain feature manipulation. The imaginary part1093

remains small due to the smoothness of the learned1094

modulation and the regularization imposed by the1095

frequency losses. We emphasize that enforcing1096

strict conjugate symmetry is not required in our1097

setting, as the inverse FFT followed by real-valued1098

projection yields stable and consistent representa-1099

tions in practice. This results in stable training and1100

consistent performance without explicit symmetry1101

constraints; enforcing strict conjugate symmetry1102

did not yield measurable improvements.1103

B.2 Token-to-Grid Reshaping and Spatial 1104

Assumptions 1105

For both CNN-based and Transformer-based visual 1106

encoders, the intermediate visual representations 1107

naturally preserve a block-wise spatial structure. 1108

CNN backbones directly produce feature maps of 1109

shape H ×W , while Transformer encoders oper- 1110

ate on patch embeddings that correspond to non- 1111

overlapping spatial blocks of the input image. 1112

Given a token sequence of length N , we reshape 1113

it into a 2D feature map of size H ×W such that 1114

N = H ·W . If a special classification token (e.g., 1115

[CLS]) is present, it is removed prior to reshaping. 1116

This reshaping is a deterministic and invertible op- 1117

eration that does not alter the underlying spatial 1118

correspondence of visual features. In our imple- 1119

mentation, we operate on square feature maps with 1120

H = W , which is standard for commonly used pre- 1121

trained vision-language encoders (e.g., ViT-based 1122

models with 14× 14 patch grids). 1123

B.3 Band Energy Aggregation 1124

For each frequency band b ∈ {low,mid, high}, 1125

we compute the band-wise spectral magnitude by 1126

first averaging the Fourier amplitude within the 1127

band for each channel, and then averaging across 1128

channels: 1129

eb =
1

C

C∑
c=1

1

|Ωb|
∑

(i,j)∈Ωb

|Fc(i, j)| , 1130

where Ωb denotes the set of frequency indices be- 1131

longing to band b, and Fc denotes the Fourier trans- 1132

form of the c-th feature channel. 1133

B.4 Motivation of Three-Band Frequency 1134

Decomposition 1135

We adopt a three-band frequency decomposition 1136

(low / mid / high) as a deliberate bias–variance 1137

tradeoff rather than an arbitrary heuristic. 1138

Low-frequency components primarily capture 1139

global structure and semantics, mid-frequency com- 1140

ponents encode object-level patterns, while high- 1141

frequency components correspond to fine details 1142

and noise. Empirically (Yang and Soatto, 2020; 1143

Salmela et al., 2016), finer band partitioning in- 1144

creases estimation variance, especially in target- 1145

supervised or low-data adaptation settings, lead- 1146

ing to unstable gradients and degraded generaliza- 1147

tion. The three-band design provides sufficient ex- 1148

pressive granularity while maintaining robustness 1149

across domains. 1150
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B.5 Text-Guided Band Alignment Objective1151

Rather than enforcing hard frequency constraints,1152

we align the relative energy distribution across fre-1153

quency bands with text-derived soft targets.1154

Given band-wise energies e ∈ R3, we normalize1155

them into a probability distribution and minimize1156

the KL divergence to text-predicted band weights.1157

This formulation encourages semantic-consistent1158

frequency emphasis without over-constraining indi-1159

vidual frequency coefficients. In practice, different1160

question semantics induce distinct band priors, pro-1161

viding interpretable text–frequency coupling.1162

B.6 Meta Information for Frequency Loss1163

Beyond generating the enhanced features, we also1164

preserve auxiliary variables in a dictionary meta.1165

We record the original amplitude Ab,c,i,j (A), the1166

modulated amplitude A′b,c,i,j (A′), the amplitude1167

mask MA
b,c,i,j (MA), and the normalized radial fre-1168

quency map ri,j .1169

This design serves two purposes. First, retaining1170

(A,A′) and MA enables frequency-aware learning1171

objectives, which both regularize the spectral en-1172

ergy distribution and control the magnitude of mod-1173

ulation. Second, keeping both unmodified and mod-1174

ulated amplitudes allows frequency losses that com-1175

plement spatial-domain training. This ensures that1176

the perturbed frequencies remain physically mean-1177

ingful rather than arbitrary modifications. We ex-1178

plicitly regularize only amplitude, as cross-domain1179

shifts predominantly manifest as changes in spec-1180

tral energy (Xu et al., 2021; Yang et al., 2022; Yang1181

and Soatto, 2020). Phase receives no explicit super-1182

vision. Instead, it is modulated via a small scaling1183

factor (λφ = 0.1), encouraging semantic diversity1184

without destabilizing gradients or compromising1185

spatial coherence. This treatment yields a balanced1186

form of controllable frequency adaptation that pre-1187

serves structural integrity while improving text-1188

guided spectral alignment. The phase φ′b,c,i,j is1189

perturbed slightly to introduce spectral diversity,1190

but we do not apply phase supervision, as such1191

perturbations primarily serve as stochastic regular-1192

ization.1193

Unless otherwise specified, TGFM is applied1194

on top of standard fine-tuning setups: for full fine-1195

tuning, both the vision and text encoders are up-1196

dated; for PEFT settings, only the corresponding1197

PEFT modules and TGFM parameters are train-1198

able.1199

C Theoretical Analysis 1200

C.1 Text-Guided Frequency Augmentation 1201

C.1.1 Training Risk under Spectral 1202

Perturbation with Text Guidance 1203

To theoretically analyze the effect of our text- 1204

guided frequency modulation, we adopt a risk- 1205

based perspective under feature-level augmenta- 1206

tion (Liu et al., 2024b,a; Shen et al., 2022). Unlike 1207

standard augmentations that only affect the input 1208

image x, our module jointly conditions on image- 1209

text pairs (x, t) to produce enhanced features. 1210

Let h(·, ·) be a deep encoder that extracts visual- 1211

textual features from both image and text. Let 1212

f(·) = W>h(·, ·) be a linear classifier. Denote the 1213

dataset triplet as (x, t,y) with image x, associated 1214

text t, and label y. 1215

Let x̂ be the enhanced feature obtained from x 1216

using the modulation masks generated from both t 1217

and x. The empirical risk under our augmentation 1218

becomes: 1219

R̂fa =
1

N

N∑
n=1

E∆A,∆φ

[
`
(
W>h(x̂n, tn),yn

)]
.

(1) 1220

Key difference: the enhanced (x̂, t) reflects text- 1221

aware, frequency-domain modulations, unlike clas- 1222

sical augmentations. 1223

Applying a second-order Taylor expansion (Vir- 1224

maux and Scaman, 2018a) of the loss ` around the 1225

expectation h̄ = E[h(x̂, t)] gives: 1226

E
[
`(W>h(x̂, t),y)

]
≈ `(W>h̄,y) (2) 1227

+
1

2
E
[
∆>H∆

]
, (3) 1228

where: 1229

h̄ = E[h(x̂, t)], 1230

∆ = W> (h̄− h(x̂, t)
)
, 1231

H = ∇2`(W>h̄,y). (4) 1232

Here, H is the Hessian of the loss (e.g., cross- 1233

entropy), and the second term quantifies the 1234

variance-induced penalty from modulated features. 1235

C.1.2 Feature Decomposition and Frequency 1236

Variance 1237

Assume that the feature extractor h(·, ·) operates 1238

over both the amplitude and phase components of 1239

x̂: 1240
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h(x̂, t) = ha(Â, t) + hφ(φ̂, t). (5)1241

If modulation-induced perturbations to ampli-1242

tude or phase cause large variance, the model may1243

suppress reliance on that component:1244

Var[ha]� Var[hφ]⇒ wai → 01245

(amplitude suppressed),1246

Var[hφ]� Var[ha]⇒ wφi → 01247

(phase suppressed).1248

Baseline methods that apply random or global1249

frequency perturbations tend to increase variance1250

uniformly (Soklaski et al., 2022), which often desta-1251

bilizes learning or discards important cues.1252

C.1.3 Text-Guided Semantic Variance Control1253

Let ∆A(x, t, r) and ∆φ(x, t, r) be the learned1254

text-conditioned perturbation masks over radial fre-1255

quency coordinate r. Suppose two texts t1 and t21256

cause significantly different modulations:1257

‖∆A(x, t1, r)−∆A(x, t2, r)‖ > ε1,1258

‖∆φ(x, t1, r)−∆φ(x, t2, r)‖ > ε2. (6)1259

Then the variance of the extracted features be-1260

comes text-sensitive: Var[ha], Var[hφ] increase se-1261

lectively along semantic dimensions.1262

Thus, instead of inducing global high variance,1263

our modulation selectively increases variance in1264

semantically relevant frequency regions, allowing1265

the model to focus on discriminative frequency1266

cues while ignoring irrelevant ones.1267

C.2 Loss-Regularized Risk Control1268

The previous subsections show that the second-1269

order Taylor term E[∆>H∆] governs how1270

augmentation-induced variance affects empirical1271

risk. We now make this connection explicit (Du1272

et al., 2021) and show how each loss term in1273

Ltotal = λlowLlow + λalignLalign + λregLreg reduces1274

an upper bound on that term.1275

C.2.1 Upper-bound of the Taylor variance1276

term1277

Let λmax(H) be the largest eigenvalue of the Hes-1278

sian H. By the Rayleigh quotient (or operator1279

norm) bound, we have1280

∆>H∆ ≤ λmax(H)‖∆‖22, (7)1281

and therefore 1282

E
[
∆>H∆

]
≤ λmax(H)E

[
‖∆‖22

]
. (8) 1283

By definition ∆ = W>(h̄− h(x̂, t)), so using 1284

the operator norm ‖W‖op we get 1285

‖∆‖2 ≤ ‖W‖op

∥∥h(x̂, t)− h(x, t)
∥∥

2
, (9) 1286

and thus 1287

E
[
∆>H∆

]
≤ λmax(H) ‖W‖2op E

[∥∥h(x̂, t)− h(x, t)
∥∥2

2

]
.

(10) 1288

Hence, it suffices to bound the expected squared 1289

change of the encoder output under spectral modu- 1290

lation, E‖h(x̂, t)− h(x, t)‖22. 1291

C.2.2 Decompose feature sensitivity to 1292

amplitude/phase. 1293

Assume the encoder decomposes contributions 1294

from amplitude and phase: 1295

h(x̂, t) = ha(Â, t) + hφ(φ̂, t). (11) 1296

We make the (standard) Lipschitz-type assumptions 1297

(Finlay et al., 2018; Virmaux and Scaman, 2018b): 1298

there exist constants La, Lφ ≥ 0 such that for any 1299

two spectra (A′1, φ
′
1) and (A′2, φ

′
2), 1300

‖ha(A′1, t)− ha(A′2, t)‖2 ≤ La‖A′1 −A′2‖F ,
(12)

1301

‖hφ(φ′1, t)− hφ(φ′2, t)‖2 ≤ Lφ‖φ′1 − φ′2‖F .
(13)

1302

Combining these, 1303∥∥h(x̂, t)− h(x, t)
∥∥

2
≤ La‖A′ −A‖F
+Lφ‖φ′ − φ‖F .

(14) 1304

C.2.3 Relate amplitude difference to the 1305

amplitude mask. 1306

By design A′ = A� (1 + MA), hence 1307

A′ −A = A�MA. (15) 1308

Using standard norm inequalities (elementwise 1309

product and sup-norm), 1310

‖A′ −A‖F = ‖A�MA‖F ≤ ‖A‖∞ ‖MA‖F ,
(16) 1311

where ‖A‖∞ = maxb,c,i,j |Ab,c,i,j |. In practice, 1312

intermediate feature maps are normalized, which 1313

bounds ‖A‖∞. Substituting (16) into (14) yields 1314∥∥h(x̂, t)− h(x, t)
∥∥

2
≤ La‖A‖∞ ‖MA‖F

+Lφ‖φ′ − φ‖F .
(17) 1315
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C.2.4 Combine to bound the Hessian1316

quadratic term1317

Plug (17) into (10) to obtain1318

E
[
∆>H∆

]
≤ λmax(H) ‖W‖2op E

[
(18)1319

(La)2‖A‖2∞‖MA‖2F + (Lφ)2‖φ′ − φ‖2F
]
.1320

This inequality highlights two key control mech-1321

anisms: (i) reduce the mask norm E‖MA‖2F ; (ii)1322

limit uncontrolled phase perturbations E‖φ′−φ‖2F1323

or mitigate them via feature-level constraints.1324

C.2.5 How each loss term contributes.1325

The implemented loss terms map directly to com-1326

ponents in (19):1327

• Low-frequency preservation (Llow). If the1328

model’s sensitivity to the low-band energy1329

can be locally bounded by a constant Llow1330

(i.e., the low-band contribution to h is Lips-1331

chitz w.r.t. the band energy), then controlling1332

the log-energy difference
∣∣ logElow(A′) −1333

logElow(A)
∣∣ directly limits the portion of1334

‖h(x̂) − h(x)‖2 coming from low frequen-1335

cies. Since low frequencies often dominate1336

classifier-relevant features (large La there),1337

Llow is crucial to reduce the most harmful part1338

of the bound.1339

• Text-guided band alignment (Lalign). The1340

KL divergence between the normalized band-1341

energy vector of A′ and the text-predicted1342

prior w(t) constrains how energy is redis-1343

tributed across bands. Under a band-wise Lip-1344

schitz model for the model, limiting discrep-1345

ancies in band energies controls band-specific1346

feature deviations, i.e., it reduces variance in1347

bands that are important for classification ac-1348

cording to t.1349

• Mask regularization (Lmask-l1 and Lmask-tv).1350

Lmask-l1 = ‖MA‖1 and the tv penalty encour-1351

age small magnitude and spatial smoothness.1352

Since ‖v‖2 ≤ ‖v‖1, ‖MA‖2F ≤ ‖MA‖21, so1353

minimizing the l1 term reduces the dominant1354

amplitude-contribution in (19). tv regulariza-1355

tion further prevents high-frequency oscilla-1356

tions in the mask that could enlarge ‖MA‖F1357

or amplify local effects.1358

• Feature consistency regularization1359

(Lfeat). This term directly constrains a low-1360

dimensional projection of the encoder outputs1361

(pooled and optionally projected features). 1362

By minimizing Lfeat we directly shrink an 1363

empirical estimate of E‖h(x̂) − h(x)‖22, 1364

which, via (10), immediately reduces the risk 1365

upper bound regardless of amplitude/phase 1366

decomposition. 1367

C.2.6 Why we omit explicit phase supervision. 1368

There are two practical and theoretical reasons: 1369

1. Circularity and instability. Phase is angular, 1370

direct supervision requires circular distance 1371

metrics, and is numerically delicate. Small nu- 1372

meric errors in phase can lead to large spatial 1373

shifts after inverse FFT, complicating stable 1374

gradient-based training. 1375

2. Indirect control via feature consistency. Al- 1376

though ‖φ′ − φ‖F appears in (19), the fea- 1377

ture consistency term Lfeat constrains the com- 1378

bined amplitude+phase effect on encoder out- 1379

puts. If the encoder is less sensitive to phase 1380

(i.e., Lφ � La), amplitude regularization plus 1381

feature MSE suffice to keep classifier-relevant 1382

deviations small while allowing phase to af- 1383

fect fine-grained geometric adjustments. 1384

C.2.7 Summary bound and design intuition. 1385

Collecting the inequalities gives the qualitative 1386

bound 1387

E
[
∆>H∆

]
. λmax(H) ‖W‖2op (19) 1388(

(La)2‖A‖2∞ E‖MA‖2F + (Lφ)2 E‖φ′ − φ‖2F
)
. 1389

Each implemented loss term targets one component 1390

of this bound: Llow controls the low-band contribu- 1391

tion, Lalign concentrates permissible variance into 1392

text-relevant bands; mask norms and tv control 1393

E‖MA‖2F , and Lfeat reduces the encoder-level de- 1394

viation. Together, they provide interpretive insight 1395

into how frequency perturbations affect optimiza- 1396

tion stability. 1397

D Experiments 1398

In this work, we consider a source-data-free, target- 1399

supervised adaptation setting, where a pre-trained 1400

VLM is adapted using labeled target-domain data 1401

without any access to source-domain samples or 1402

statistics. This differs from classical unsupervised 1403

SFDA, which assumes unlabeled target data only; 1404

we focus on a practical deployment scenario com- 1405

mon in domain-specific VQA, where limited la- 1406

beled target data is available, but source data cannot 1407

be accessed due to privacy or storage constraints. 1408
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Datasets
Radiology Pathology Remote sensing Art

VQA-RAD SLAKE OVQA PathVQA EarthVQA SemArt

train
images 315 450 2,000 2,499 2,522 21,384

questions 3,064 4,919 15,216 17,325 88,166 69,812

test
images 315 96 1,223 1,000 1,809 21,384

questions 451 1,061 1,902 6,012 63,225 4,912

Table 7: Details of the domain-specific VQA datasets.

D.1 Datasets1409

As summarized in Table 7, VQA-RAD is a rela-1410

tively small radiology dataset and thus relies heav-1411

ily on pre-trained medical priors for effective rea-1412

soning. OVQA focuses on orthopedic imaging and1413

serves as a challenging benchmark for fine-grained1414

visual-textual alignment. SemArt involves abstract1415

artistic interpretation, where many questions de-1416

pend on external cultural or stylistic knowledge.1417

This diversity in visual modalities, domain priors,1418

and reasoning complexity makes these benchmarks1419

well-suited for analyzing the robustness and inter-1420

pretability of cross-domain adaptation.1421

D.2 Baselines1422

• ViLT (Kim et al., 2021) is a lightweight trans-1423

former pre-trained with joint vision-language1424

objectives, including image-text matching and1425

masked language modeling, on 4M image-text1426

pairs.1427

• CLIP (Radford et al., 2021) adopts a1428

dual-encoder contrastive learning framework1429

trained on 400M image-text pairs to align vi-1430

sion and language representations.1431

• BLIP (Li et al., 2022) combines contrastive1432

and generative objectives, pre-trained on 14M1433

image-text pairs for flexible multimodal rea-1434

soning.1435

• CoCa (Yu et al., 2022) integrates contrastive1436

and captioning losses under a unified encoder-1437

decoder framework, pre-trained on JFT-3B1438

and ALIGN datasets.1439

• Git (Wang et al., 2022a) is a transformer1440

decoder conditioned on CLIP embeddings,1441

trained with teacher forcing on 0.8B image-1442

text pairs.1443

• uform (unum-cloud, 2023) is a generative1444

multimodal model designed for captioning1445

and VQA, pre-trained on MSCOCO, Visual1446

Genome, and related datasets.1447

configuration value

batch size 16, 32, 64, 128
optimizer AdamW
weight decay 1e−6

gradient clip val 0.5
base learning rate 2e−5

optimizer momentum β1, β2 = 0.9, 0.999
learning rate schedule cosine decay
warmup epochs 200

RandomResizedCrop (0.8,1.0)
RandomAugment (Cubuk et al., 2020) (2, 12)
ColorJitter (0.2,0.2,0.2)
RandomHorizontalFlip 0.5
RandomErasing 0.2

Table 8: Experimental configurations for fine-tuning
different models.

D.3 Implementation Details 1448

Evaluation strictly follows prior protocols: open- 1449

ended, closed-ended, and overall accuracy for med- 1450

ical VQA datasets, and overall accuracy for remote 1451

sensing and art datasets. Detailed experimental 1452

information is provided in Table 8. 1453

D.4 Ablation on the Complementary Roles of 1454

the Three Frequency-Domain Losses 1455

To dissect the functional role of each frequency- 1456

domain loss, we ablate the three components, Low- 1457

Frequency Preservation (low), Text-Guided Band 1458

Alignment (align), and Spectral Regularization 1459

(reg), both individually and in combination. Ex- 1460

periments are performed on CLIP-, BLIP-, and 1461

Git-based TGFM across VQA-RAD, OVQA, and 1462

SemArt. For consistency, we report overall accu- 1463

racy. 1464

As summarized in Table 9, using any single loss 1465

in isolation often performs worse than removing 1466

frequency losses entirely. This is most evident in 1467

CLIP, where applying only low or align results in 1468

clear degradation. The reason is structural: each 1469

loss controls only one axis of spectral behavior, 1470

and removing the others breaks the balance be- 1471

tween semantic alignment, frequency stability, and 1472

cross-modal robustness. In the CLIP model fine- 1473

tuning on the VQA-RAD dataset, the align term 1474

alone induces strong optimization oscillations, as 1475

visualized in Figure 5(a), revealing its tendency to 1476

aggressively reshape spectral bands without stabi- 1477

lizing constraints. Pairwise combinations alleviate 1478

part of this imbalance but remain insufficient. In 1479

particular, removing the reg loss leads to unstable 1480

training dynamics, as shown in Figure 5(b). This 1481
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Figure 8: Sensitivity analysis of amplitude-phase modulation ratios. The results reveal the stability boundary of
phase perturbation and highlight the optimal balance at λA = 0.5 and λφ = 0.1 for cross-domain VQA adaptation.

Freq_loss low align reg VQA-RAD OVQA SemArt

CLIP 68.3 72.0 28.7
CLIP 3 67.8 70.6 29.2
CLIP 3 66.7 72.2 29.4
CLIP 3 68.2 72.1 29.5
CLIP 3 3 71.5 74.6 29.7
CLIP 3 3 69.1 72.4 29.5
CLIP 3 3 70.1 74.1 29.6
CLIP 3 3 3 72.0 75.2 29.9
BLIP 68.7 70.4 29.3
BLIP 3 69.0 70.6 29.6
BLIP 3 67.9 70.4 29.4
BLIP 3 68.8 70.8 29.9
BLIP 3 3 69.1 71.0 29.9
BLIP 3 3 69.3 71.6 30.2
BLIP 3 3 69.3 71.5 30.3
BLIP 3 3 3 69.7 71.7 30.4
Git 72.2 73.6 29.7
Git 3 73.1 73.7 30.0
Git 3 73.3 74.1 30.2
Git 3 72.4 74.0 30.2
Git 3 3 73.2 75.2 31.0
Git 3 3 73.8 74.2 30.4
Git 3 3 73.4 73.7 30.2
Git 3 3 3 75.1 75.7 31.2

Table 9: Ablation of the three frequency-domain losses,
Low-Frequency Preservation (low), Text-Guided Band
Alignment (align), and Spectral Regularization (reg).
Results on VQA transfer tasks indicate that a single loss
function is insufficient to achieve optimal performance.

demonstrates that reg acts as an essential smooth-1482

ness prior, preventing the model from overfitting to1483

high-frequency distortions introduced during mod-1484

ulation. Overall, the three frequency-domain losses1485

are mutually complementary, which establishes1486

a principled trade-off among spectral coherence,1487

structural stability, and text-conditioned alignment,1488

yielding the most reliable and consistent improve-1489

ments across all evaluated domains.1490

D.5 Ablation on the Balance Between1491

Amplitude and Phase Modulation1492

To understand how different frequency perturba-1493

tion magnitudes affect multimodal adaptation, we1494

systematically vary the amplitude and phase modu-1495

lation ratios λA and λφ. As illustrated in Figure 8,1496

we evaluate CLIP-, BLIP-, and Git-based TGFM1497

models on VQA-RAD, OVQA, and SemArt under 1498

a range of ratio configurations. 1499

A consistent trend emerges across all architec- 1500

tures and datasets: increasing the phase ratio de- 1501

grades performance, in some cases falling below 1502

the non-modulated baseline. The phase spectrum 1503

encodes essential spatial and structural information 1504

(Yang and Soatto, 2020); overly strong phase per- 1505

turbations distort these spatial priors, resulting in 1506

unstable optimization and weakened multimodal 1507

alignment. Conversely, moderate phase modulation 1508

introduces controlled spectral diversity, enhancing 1509

cross-modal correspondence while preserving the 1510

structural fidelity required for reliable semantic 1511

grounding. Amplitude modulation behaves more 1512

gently. Since amplitude primarily influences the 1513

magnitude distribution of frequency responses (e.g., 1514

contrast and global intensity), increasing λA leads 1515

to progressive and less disruptive changes in adap- 1516

tation behavior. This makes amplitude modula- 1517

tion more tolerant to scaling, although excessively 1518

large values still diminish marginal gains. Overall, 1519

the optimal configuration is achieved at λA = 0.5 1520

and λφ = 0.1. This setting provides the best 1521

trade-off between representational diversity (from 1522

amplitude) and spatial consistency (from phase), 1523

defining a stable operating region for frequency- 1524

domain modulation. These findings further validate 1525

TGFM’s design: phase modulation must remain 1526

lightweight to preserve structure, while amplitude 1527

modulation can serve as the primary lever for spec- 1528

tral adaptation. 1529

D.6 Ablation on the Relative Weighting of 1530

Frequency-Domain Losses 1531

To assess the sensitivity of TGFM to the rela- 1532

tive contributions of its frequency-domain losses, 1533

we systematically vary the weights of the Low- 1534

Frequency Preservation (λlow), Text-Guided Band 1535

Alignment (λalign), and Spectral Regularization 1536

(λreg) terms. Table 10 reports results for CLIP-, 1537

BLIP-, and Git-based models across VQA-RAD, 1538
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Freq_loss λlow λalign λreg VQA-RAD OVQA SemArt

CLIP 68.3 72.0 28.7
CLIP 0.5 0.5 0.2 71.2 73.7 29.4
CLIP 1.0 0.5 0.2 72.0 75.2 29.9
CLIP 1.5 0.5 0.2 70.8 74.0 29.5
CLIP 1.0 0.2 0.2 68.9 72.9 29.2
CLIP 1.0 1.0 0.2 69.1 74.4 29.5
CLIP 1.0 0.5 0.1 71.2 73.9 29.3
CLIP 1.0 0.5 0.3 70.2 73.0 29.2

BLIP 68.7 70.4 29.3
BLIP 0.5 0.5 0.2 69.4 70.8 29.7
BLIP 1.0 0.5 0.2 69.7 71.7 30.4
BLIP 1.5 0.5 0.2 69.0 71.7 30.0
BLIP 1.0 0.2 0.2 68.7 70.6 29.7
BLIP 1.0 1.0 0.2 67.7 71.6 29.5
BLIP 1.0 0.5 0.1 68.8 71.1 29.5
BLIP 1.0 0.5 0.3 69.4 71.2 30.3

Git 72.2 73.6 29.7
Git 0.5 0.5 0.2 72.6 74.1 30.7
Git 1.0 0.5 0.2 75.1 75.7 31.2
Git 1.5 0.5 0.2 73.8 73.8 30.3
Git 1.0 0.2 0.2 73.7 74.4 30.0
Git 1.0 1.0 0.2 72.4 73.2 30.2
Git 1.0 0.5 0.1 74.4 74.6 30.7
Git 1.0 0.5 0.3 74.3 74.5 31.2

Table 10: Effect of varying the relative weights of
the three frequency-domain objectives, Low-Frequency
Preservation (λlow), Text-Guided Band Alignment
(λalign), and Spectral Regularization (λreg), across
VQA transfer benchmarks.

OVQA, and SemArt.1539

A consistent trend emerges across all backbones1540

and domains: the configuration (λlow = 1.0,1541

λalign = 0.5, λreg = 0.2) yields the best over-1542

all performance. This balance reflects an effec-1543

tive trade-off among spectral stability, semantic1544

alignment, and optimization smoothness. When1545

λlow is too small (e.g., 0.5), the model lacks suffi-1546

cient low-frequency anchoring, resulting in reduced1547

structural coherence and weakened cross-modal1548

alignment. Conversely, overly large λlow (e.g., 1.5)1549

over-constrains the latent spectrum, restricting the1550

flexibility needed for domain adaptation. A similar1551

trend holds for λalign: higher values aggressively1552

reshape band-level responses and may lead to op-1553

timization instability. The role of λreg is comple-1554

mentary; too small a value weakens the smoothness1555

prior and increases training oscillations, whereas1556

excessive regularization suppresses beneficial spec-1557

tral diversity. Taken together, these findings demon-1558

strate that the three frequency-domain objectives1559

interact as a tightly coupled multi-objective system1560

rather than independent components.1561

D.7 Frequency Band Partition and Threshold1562

Analysis1563

To better understand the effect of frequency band1564

decomposition in our Text-Guided Frequency Mod-1565

Model Band Partition VQA-RAD OVQA SemArt

CLIP 2-band (0.5) 71.6 74.8 29.6
CLIP 3-band (0.2, 0.8) 71.5 74.6 29.6
CLIP 3-band (0.33, 0.66) 72.0 75.2 29.9
CLIP 3-band (0.4, 0.6) 71.8 74.8 29.9
CLIP 4-band (0.25, 0.5, 0.75) 71.2 74.4 29.1

BLIP 2-band (0.5) 69.3 71.5 30.1
BLIP 3-band (0.2, 0.8) 69.2 71.2 30.0
BLIP 3-band (0.33, 0.66) 69.7 71.7 30.4
BLIP 3-band (0.4, 0.6) 69.6 71.4 30.2
BLIP 4-band (0.25, 0.5, 0.75) 68.8 71.1 29.9

Git 2-band (0.5) 74.6 75.2 30.8
Git 3-band (0.2, 0.8) 74.2 74.9 30.7
Git 3-band (0.33, 0.66) 75.1 75.7 31.2
Git 3-band (0.4, 0.6) 74.6 75.4 31.0
Git 4-band (0.25, 0.5, 0.75) 74.0 74.3 30.4

Table 11: Ablation study on frequency band partitioning
and threshold selection. We compare different numbers
of bands (2–4) and varying threshold positions to evalu-
ate their impact on domain-specific VQA performance
across CLIP, BLIP, and Git backbones.

ulation (TGFM) framework, we conduct ablation 1566

studies from two perspectives: (i) the number of 1567

frequency bands and (ii) the thresholds used for 1568

band separation. 1569

We first vary the number of frequency bands 1570

from 2 to 4 while keeping the thresholds either 1571

fixed or equally spaced. As shown in Table 11, 1572

the 3-band setting with thresholds (0.33, 0.66) 1573

achieves the best performance across all datasets 1574

and backbones. Using only 2 bands tends to under- 1575

represent mid-frequency content, which is impor- 1576

tant for object-level patterns, whereas 4 bands intro- 1577

duce more variance in low-data target supervision, 1578

slightly reducing performance. 1579

Next, we investigate different threshold positions 1580

for the 3-band configuration. Thresholds (0.2, 0.8) 1581

or (0.4, 0.6) are slightly worse than (0.33, 0.66), 1582

suggesting that extremely narrow or wide mid- 1583

frequency bands either fail to capture sufficient 1584

object-level information or lead to unstable gradi- 1585

ent estimation. This result supports our choice of 1586

the 3-band, evenly balanced threshold as a bias- 1587

variance tradeoff between capturing informative 1588

frequency content and maintaining stable adapta- 1589

tion. 1590

Overall, these results validate our design choice 1591

of the 3-band frequency partition with thresholds 1592

(0.33, 0.66). It balances low-, mid-, and high- 1593

frequency components effectively, maximizing 1594

semantic alignment and adaptation performance 1595

across heterogeneous VQA datasets. 1596
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Model Block VQA-RAD OVQA SemArt

CLIP 1/4 68.5 71.6 26.9
CLIP 1/2 70.3 73.0 28.5
CLIP 3/4 70.7 73.7 29.1
CLIP Final 72.0 75.2 29.9

BLIP 1/4 67.2 68.6 27.8
BLIP 1/2 68.6 70.0 29.1
BLIP 3/4 69.0 70.7 29.6
BLIP Final 69.7 71.7 30.4

Git 1/4 70.9 70.6 29.1
Git 1/2 72.8 73.5 30.2
Git 3/4 73.7 74.2 30.5
Git Final 75.1 75.7 31.2

Table 12: Effect of TGFM insertion depth across dif-
ferent backbone models. TGFM is inserted at different
transformer block depths (1/4, 1/2, 3/4, and final layer),
and evaluated on three representative VQA benchmarks.

D.8 Effect of TGFM Insertion Depth1597

We investigate the sensitivity of TGFM to the depth1598

at which it is inserted into the vision-language back-1599

bone. Specifically, we apply TGFM at four repre-1600

sentative positions corresponding to the first quar-1601

ter (1/4), middle (1/2), third quarter (3/4), and final1602

transformer blocks, and evaluate performance on1603

three representative datasets across different mod-1604

els, including CLIP, BLIP, and Git.1605

As shown in Table 12, TGFM exhibits a con-1606

sistent performance improvement as it is inserted1607

at deeper layers across all backbones and datasets.1608

Early-layer insertion yields limited gains, while1609

mid-to-late layers provide progressively greater1610

improvements, with the final block achieving the1611

best overall performance. This trend suggests that1612

TGFM benefits from operating on semantically ma-1613

ture representations, where global structure and1614

cross-modal alignment cues are more explicitly1615

encoded. In contrast, early-layer features lack suf-1616

ficient semantic abstraction, limiting the effective-1617

ness of frequency-based modulation. The observed1618

pattern is consistent across diverse architectures,1619

indicating that TGFM is not sensitive to a specific1620

backbone design. These results support our design1621

choice of inserting TGFM at deeper layers, where1622

it can effectively refine discriminative frequency1623

components while preserving high-level semantic1624

structure.1625

D.9 Cross-Domain Adaptation Robustness1626

Across Seeds1627

Since our framework is evaluated on six adaptation1628

scenarios with heterogeneous VQA datasets and1629

diverse model architectures, performing full multi-1630

Model Method VQA-RAD PathVQA OVQA SemArt

CLIP FSA 71.4 ± 0.6 60.8 ± 0.5 75.2 ± 0.7 29.6 ± 0.3
CLIP TGFM 72.0 ± 0.5 61.1 ± 0.3 75.2 ± 0.5 29.9 ± 0.1
BLIP FSA 69.6 ± 0.4 60.2 ± 0.5 69.5 ± 0.4 30.4 ± 0.3
BLIP TGFM 69.7 ± 0.4 60.9 ± 0.3 71.7 ± 0.3 30.4 ± 0.2
Coca FSA 60.5 ± 0.5 59.0 ± 0.3 71.5 ± 0.4 28.9 ± 0.4
Coca TGFM 62.3 ± 0.3 59.2 ± 0.1 71.6 ± 0.4 29.1 ± 0.3
Git FSA 74.2 ± 0.6 61.1 ± 0.3 75.1 ± 0.6 31.1 ± 0.4
Git TGFM 75.1 ± 0.5 61.3 ± 0.3 75.7 ± 0.5 31.2 ± 0.4

Table 13: Multi-seed cross-domain adaptation perfor-
mance (mean± std over three seeds) of FSA and TGFM
across four VQA benchmarks.

seed experiments for every model–dataset pair 1631

would incur substantial computational overhead. 1632

The cost is particularly prohibitive for large-scale 1633

models such as uform and dataset-heavy tasks such 1634

as EarthVQA. To ensure statistical reliability while 1635

maintaining feasible resource usage, we therefore 1636

select the four strongest models and conduct 3-seed 1637

validation on four representative datasets. 1638

To contextualize the stability of TGFM, we addi- 1639

tionally report multi-seed results for the strongest 1640

source-data-free baseline FSA under the same ex- 1641

perimental settings. As shown in Table 13, TGFM 1642

consistently achieves higher mean performance 1643

with comparable or lower variance across seeds, 1644

while FSA exhibits slightly larger fluctuations on 1645

several benchmarks. Overall, the averaged results 1646

closely align with the best single-seed scores re- 1647

ported in Tables 1 and 2, indicating that the perfor- 1648

mance gains of TGFM are not attributable to favor- 1649

able random initialization. These results confirm 1650

that TGFM provides more stable and reproducible 1651

cross-domain adaptation compared to the existing 1652

frequency-based source-data-free FSA method un- 1653

der the same training conditions. 1654

D.10 Comparison with Alternative 1655

Parameter-Efficient Tuning Methods 1656

To further contextualize the effectiveness of the 1657

proposed TGFM, we compare it with alternative 1658

parameter-efficient fine-tuning (PEFT) strategies 1659

under the same CLIP backbone, including Visual 1660

Prompt Tuning (VPT) (Jia et al., 2022), Adapter- 1661

based tuning (Houlsby et al., 2019), LoRA, and 1662

a representative frequency-domain PEFT baseline, 1663

FourierFT (Gao et al., 2024). FourierFT performs 1664

parameter-efficient adaptation by inserting learn- 1665

able filters in the Fourier domain of intermediate 1666

visual features, allowing for frequency-selective 1667

tuning without requiring explicit spatial-domain 1668

modules. 1669

As shown in Table 14, VPT exhibits substan- 1670
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Method VQA-RAD PathVQA OVQA SemArt

VPT 47.6 44.6 46.2 21.7
VPT + TGFM 49.2 46.2 48.4 23.1
Adapter 57.8 55.4 61.1 26.9
Adapter + TGFM 59.3 56.9 63.0 28.3
LoRA 59.5 57.3 64.1 28.5
LoRA + TGFM 63.4 58.2 66.9 29.6
FourierFT 60.5 57.7 64.9 28.9
FourierFT + TGFM 63.5 58.1 66.8 29.4

Table 14: Performance comparison of VPT, Adapter,
LoRA, and FourierFT on CLIP across four cross-
domain VQA datasets. Results with TGFM highlight
its consistent improvements under different PEFT fine-
tuning strategies.

tially lower performance across all datasets. This1671

is expected, as VPT only optimizes a small set1672

of prompt tokens and lacks the capacity to adapt1673

intermediate visual representations under severe1674

domain shifts. Adapter-based tuning achieves1675

stronger results by introducing lightweight train-1676

able modules within transformer blocks, enabling1677

moderate feature adaptation. Incorporating TGFM1678

further enhances adapter performance across all1679

datasets, indicating that frequency-domain mod-1680

ulation provides complementary benefits beyond1681

spatial-domain adaptation.1682

Among all strategies, LoRA achieves the1683

strongest baseline performance, and combining1684

LoRA with TGFM consistently yields the largest1685

absolute gains. Notably, TGFM also brings consis-1686

tent improvements when paired with FourierFT, de-1687

spite both operating in the frequency domain. This1688

suggests that TGFM contributes additional bene-1689

fits beyond generic frequency filtering, which are1690

attributable to its explicit modeling of amplitude1691

and phase, as well as its text-conditioned modu-1692

lation mechanism. Overall, these results demon-1693

strate that TGFM is complementary to both spatial-1694

domain and frequency-domain PEFT methods and1695

can be seamlessly integrated to further improve1696

cross-domain VQA performance.1697

D.11 Runtime and Computational Overhead1698

Analysis1699

We evaluate the runtime efficiency and computa-1700

tional overhead of TGFM in comparison with exist-1701

ing adaptation strategies under both full fine-tuning1702

and parameter-efficient settings. All experiments1703

are conducted using the CLIP backbone on the1704

VQA-RAD dataset, with a batch size of 64 on a1705

single NVIDIA V100 GPU.1706

Training time is measured as the average wall-1707

clock time per epoch, while inference latency re-1708

Model Method VQA-RAD PathVQA OVQA SemArt

CLIP - 66.7 58.1 70.1 26.4
CLIP FiLM 66.9 58.2 70.5 26.7
CLIP TGFM 68.3 60.5 72.0 28.7

BLIP - 66.5 58.0 67.1 26.9
BLIP FiLM 66.6 58.2 67.5 27.4
BLIP TGFM 68.7 60.8 70.4 29.3

Coca - 55.7 55.4 69.2 24.8
Coca FiLM 56.3 56.0 69.5 25.9
Coca TGFM 59.9 58.6 69.8 28.2

Git - 70.1 58.1 69.9 28.3
Git FiLM 70.2 58.6 70.1 28.5
Git TGFM 72.2 60.7 73.6 29.7

Table 15: Comparison between FiLM-style spatial fea-
ture modulation and TGFM without frequency-domain
losses across different vision-language backbones. All
modulation modules are inserted at the last layer of the
backbone, ensuring a fair comparison of modulation
mechanisms.

ports the average time required to process a single 1709

sample. As shown in Table 6, TGFM introduces 1710

only a modest training-time overhead compared to 1711

standard fine-tuning. Specifically, TGFM increases 1712

the per-epoch training time by 8.44%, which is 1713

substantially lower than the overhead introduced 1714

by FSA (+15.70%), while maintaining comparable 1715

inference latency. This demonstrates that TGFM 1716

achieves frequency-domain modulation with mini- 1717

mal additional computational cost. 1718

When combined with LoRA, TGFM preserves 1719

the parameter-efficiency advantages of low-rank 1720

adaptation. LoRA+TGFM increases the number 1721

of trainable parameters by only 0.09M and incurs 1722

a marginal per-epoch training-time overhead of 1723

3.66%. Overall, these results demonstrate that 1724

TGFM is a lightweight and efficient module that 1725

can be seamlessly integrated into both full fine- 1726

tuning and parameter-efficient adaptation pipelines 1727

without sacrificing runtime efficiency. 1728

D.12 Comparison with Feature-wise 1729

Modulation (FiLM) 1730

To distinguish the effect of frequency-domain repre- 1731

sentation modulation from conventional spatial fea- 1732

ture conditioning, we compare TGFM with FiLM 1733

(Perez et al., 2018), a widely used feature-wise 1734

linear modulation method. For a fair compari- 1735

son, both FiLM and TGFM are implemented as 1736

lightweight modulation modules inserted at the last 1737

layer of the backbone, and are trained using iden- 1738

tical target-domain supervision. Notably, TGFM 1739

in this experiment excludes all frequency-domain 1740

losses, isolating the contribution of the modulation 1741
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mechanism itself.1742

As shown in Table 15, FiLM yields only1743

marginal or negligible improvements over direct1744

fine-tuning across all datasets and architectures,1745

suggesting that spatial-domain affine modulation1746

alone is insufficient to effectively address domain1747

shift in source-data-free multimodal adaptation. In1748

contrast, TGFM consistently achieves substantial1749

performance gains across all backbones and bench-1750

marks, even without explicit frequency loss regular-1751

ization. These results indicate that the advantage of1752

TGFM does not stem from text-conditioned feature1753

modulation, but rather from its frequency-domain1754

design, which enables structured and global adap-1755

tation of visual representations.1756

D.13 Comparison with Recent Domain1757

Adaptation Methods1758

We also compare TGFM with four recent rep-1759

resentative domain adaptation methods that can1760

be applied or adapted to multimodal VQA: (1)1761

UDAM (Weng et al., 2025) introduces semantic1762

context and query feature alignment with a pair-1763

wise domain-aware prompt strategy for domain1764

adaptive VQA with multi-modal large models. (2)1765

ReCLIP (Hu et al., 2024) is a source-free domain1766

adaptation method for vision-language models that1767

refines visual and text encoders via cross-modality1768

self-training with pseudo labels. (3) CATCH(Li1769

et al., 2025) uses a plug-and-play domain classifier1770

and dual adapter mechanism (prompt and visual1771

adapters) to improve cross-domain VQA general-1772

ization with minimal changes to the backbone. (4)1773

Open-ended VQA Domain Adaptation (Xu et al.,1774

2020b) aligns joint embeddings across source and1775

target using supervised multi-modal domain align-1776

ment for VQA tasks with limited target labels. For1777

methods with publicly available implementations,1778

we directly use the released code for evaluation;1779

otherwise, we re-implement the core techniques1780

following the original papers. We also perform1781

source-data-free training, enabling these methods1782

to use target domain labels to facilitate effective1783

transfer of VQA tasks.1784

Although these baselines address domain shifts1785

in multimodal settings, TGFM consistently out-1786

performs them across CLIP, BLIP, and Git back-1787

bones on VQA-RAD, PathVQA, OVQA, and Se-1788

mArt, as summarized in Table 16. This perfor-1789

mance advantage stems from three key factors.1790

First, TGFM operates directly on output represen-1791

tations by performing text-conditioned amplitude1792

Model Method VQA-RAD PathVQA OVQA SemArt

CLIP

- 66.7 58.1 70.1 26.4
UDAM 70.2 60.1 73.5 29.2
ReCLIP 70.2 60.7 74.0 29.4
CATCH 69.8 60.2 72.6 28.7

Open-Adaptation 67.7 58.4 69.8 26.5
TGFM 72.0 61.1 75.2 29.9

BLIP

- 66.5 58.0 67.1 26.9
UDAM 68.3 59.8 70.1 28.8
ReCLIP 67.1 58.8 68.4 27.4
CATCH 68.6 60.0 70.4 28.5

Open-Adaptation 66.8 58.2 67.1 27.1
TGFM 69.7 60.9 71.7 30.4

Git

- 70.1 58.1 69.9 28.3
UDAM 73.2 60.1 73.5 30.4
ReCLIP 71.3 59.0 71.2 29.1
CATCH 73.0 60.4 73.2 30.1

Open-Adaptation 70.6 58.3 70.3 28.3
TGFM 75.1 61.3 75.7 31.2

Table 16: Performance comparison of TGFM with rep-
resentative source-data-free adaptation methods across
different VLM backbones and VQA datasets.

and phase modulation in the frequency domain, en- 1793

abling structured and selective spectral adaptation 1794

that more effectively mitigates domain discrepan- 1795

cies than feature-level alignment or prompt tuning 1796

alone. Second, the proposed frequency-domain 1797

loss explicitly enforces spectral stability and in- 1798

terpretability across domains, whereas most prior 1799

methods focus primarily on cross-modal align- 1800

ment without fine-grained control over frequency 1801

behavior. Third, TGFM is inherently plug-and- 1802

play: it can be seamlessly integrated into dif- 1803

ferent vision–language models without introduc- 1804

ing task- or backbone-specific interfaces. In con- 1805

trast, many existing methods require customized 1806

adapters, prompt designs, or alignment modules tai- 1807

lored to particular architectures or feature represen- 1808

tations. Together, these properties allow TGFM to 1809

deliver consistent and robust improvements across 1810

diverse datasets, tasks, and model families. 1811

E Pseudocode 1812

For clarity and reproducibility, we present the pseu- 1813

docode of TGFM in this section, which closely 1814

follows our actual implementation. Algorithm 1 de- 1815

tails the text-guided frequency modulation module, 1816

while Algorithm 2 specifies the frequency-domain 1817

loss function. The full implementation code and 1818

trained models will be publicly released upon ac- 1819

ceptance to support exact replication of our results. 1820
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Algorithm 1 TGFM: Text-Guided Frequency Mod-
ulation
Require: image feature x ∈ RB×C×H×W , text

tokens t ∈ RB×L×D, parameters C,H =
W,λA, λφ (defaults: λA=0.5, λφ=0.1)

Ensure: enhanced feature x̂ ∈ RB×C×H×W ,
meta dictionary

1: Text attention pooling:
2: αb,l ← softmax(meand tb,l,d) [B,L]
3: tatt

b ←
∑

lαb,ltb,l [B,D]
4: Radial freq. map: compute ri,j =√

( 2i
H − 1)2 + ( 2j

W − 1)2, normalize to [0, 1]

[H,W ]
5: Build per-frequency conditions:
6: For each sample b and position (i, j) form

zb,(i,j) = [ tatt
b ; ri,j ] ∈ RD+1

7: Stack Zb ∈ R(H·W )×(D+1)

8: Dual-branch MLP (shared weights):
9: Hb ← GELU(W (2) GELU(W (1)Zb))
∈ RHW×Hhid

10: ∆Anonlin, ∆φnonlin ←
tanh(W nonlin,AHb), tanh(W nonlin,φHb)
∈ RHW×C

11: ∆Alin, ∆φlin ←W lin,AZb, W
lin,φZb ∈

RHW×C
12: Combine & reshape to masks:
13: MA

b ← tanh(∆Anonlin + ∆Alin) · λA, re-
shape to [C,H,W ] and align with channel-
wise spectra . final:
[B,C,H,W ]

14: Mφ
b ← tanh(∆φnonlin + ∆φlin) · λφ

15: FFT-domain modulation (per channel):
16: for each b, c do
17: Xb,c ← FFT2(xb,c,:,:) . complex [H,W ]
18: Ab,c ← |Xb,c|, φb,c ← ∠Xb,c

19: A′b,c ← Ab,c · (1 + MA
b,c)

20: φ′b,c ← φb,c + Mφ
b,c

21: X̃b,c ← polar(A′b,c, φ
′
b,c) . recompose

complex spectrum
22: x̂b,c ← <(IFFT2(X̃b,c)) . discard

numerical imaginary residuals
23: end for
24: Stack x̂b,c to produce x̂b and aggregate batch

x̂
25: Save meta: meta[b] = {A, A′, MA, r}, re-

turn x̂, meta

Algorithm 2 TGFM: Frequency-Modulation
Losses
Require: original features x ∈ RB×C×H×W , en-

hanced features x̂, text tokens t ∈ RB×L×D,
meta (contains A,A′,MA, r), band thresholds
(t1, t2) (0.33, 0.66), weights λlow, λalign, λreg

Ensure: total loss Ltotal and individual loss com-
ponents

1: Pool features: forig
b ← GAP(xb), fnew

b ←
GAP(x̂b) [B,C]

2: Text pool: tb ← meanl(tb,l) [B,D]
3: Build band masks:
4: mlow = (r ≤ t1), mmid = (t1 < r ≤
t2), mhigh = (r > t2) each [H,W ]

5: Band energy (per sample): compute for A
and A′:

6: For each band k ∈ {low,mid,high}:
7: expand mk to [B,C,H,W ], compute

spatial average per channel, then average over
channels to yield Ekb (A) and Ekb (A′) ∈ RB

8: 1) Low-frequency preservation:
9: Llow ←

MSE(log(Elow(A′)), log(Elow(A)))
10: 2) Text-guided band alignment:
11: wb ← softmax(LayerNorm(tb)Wtext2band)

[B, 3]

12: pb(k)←
Ekb (A′)∑
j E

j
b (A

′)
empirical band dis-

tribution
13: Lalign ← Eb

[
DKL(pb ‖ wb)

]
. match

spectral energy to text-conditioned prior
14: 3) Spectral Regularization:
15: Lmask_l1 ← mean(|MA|)
16: Lmask_tv ← TV(MA) . sum of horiz/vert

diffs averaged
17: Lfeat ← MSE( proj(fnew), proj(forig) )
18: Lreg ← Lmask_l1 + Lmask_tv + Lfeat

19: Aggregate:
20: Lfreq ← λlowLlow +λalignLalign +λregLreg

21: Ltotal ← Lcls + Lfreq, return Ltotal and
component dictionary
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