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Abstract
Large-scale pretrained models have proven im-
mensely valuable in handling data-intensive
modalities like text and image. However, fine-
tuning these models for certain specialized modal-
ities, such as protein sequence and cosmic ray,
poses challenges due to the significant modality
discrepancy and scarcity of labeled data. In this
paper, we propose an end-to-end method, PaRe,
to enhance cross-modal fine-tuning, aiming to
transfer a large-scale pretrained model to vari-
ous target modalities. PaRe employs a gating
mechanism to select key patches from both source
and target data. Through a modality-agnostic
Patch Replacement scheme, these patches are
preserved and combined to construct data-rich in-
termediate modalities ranging from easy to hard.
By gradually intermediate modality generation,
we can not only effectively bridge the modal-
ity gap to enhance stability and transferability
of cross-modal fine-tuning, but also address the
challenge of limited data in the target modality by
leveraging enriched intermediate modality data.
Compared with hand-designed, general-purpose,
task-specific, and state-of-the-art cross-modal
fine-tuning approaches, PaRe demonstrates supe-
rior performance across three challenging bench-
marks, encompassing more than ten modalities.

1. Introduction
Multimodal perception, as a fundamental component of
intelligence, is indispensable to realize artificial general in-
telligence. Recently, multimodal large language models
(MLLMs) (Alayrac et al., 2022; OpenAI, 2023; Anil et al.,
2023; Driess et al., 2023; Bai et al., 2023; Zhu et al., 2023a;
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Peng et al., 2024; Li et al., 2023b; Bao et al., 2023; Dong
et al., 2024a) have effectively served as a versatile interface
across various tasks encompassing vision, language, and
multimodal tasks. While these models demonstrate remark-
able performance and broad applicability in conventional
modalities such as text, images, and videos, their develop-
ment demands billions of high-quality data, substantial com-
putational resources, and advanced training techniques. In
certain professional field where data is scarce and modality-
specific, the need for specialized models becomes apparent.

Fine-tuning contirbutes to this issue by transferring knowl-
edge of large-scale pretrained models to downstream tasks,
where data modality usually maintain consistent (Touvron
et al., 2023; Howard & Ruder, 2018; Pan & Yang, 2010;
Goyal et al., 2023; Dehghani et al., 2023; Jia et al., 2022;
Bertasius et al., 2021). Recent studies have revealed the fea-
sibility of fine-tuning pretrained models for unseen modali-
ties (Moor et al., 2023; Yang et al., 2024; Shen et al., 2023;
Lin et al., 2023; Pang et al., 2024). For instance, one could
utilize a pretrained vision or language model to tackle ge-
nomics tasks. Despite the potential of fine-tuning pretrained
models across modalities, cross-modal fine-tuning encoun-
ters two challenges: a) Modality gap: The gap may arise
from task mismatch (e.g., image classification and genetic
prediction) and data heterogeneity. Adapting these tasks
to facilitate fine-tuning while preserving meaningful rep-
resentations is arduous. b) Data scarcity: Some tasks in
certain modalities may suffer from limited labeled data due
to the necessity for additional expertise or difficulties in data
collection, thus hindering effective fine-tuning.

ORCA (Shen et al., 2023) has undertaken a preliminary
exploration to confront the above challenges by employ-
ing a two-stage training approach. In the first stage, it en-
hances model transferability by reducing the optimal trans-
port dataset distance (OTDD) (Alvarez-Melis & Fusi, 2020)
between source and target modality data, aiming to mini-
mize the discrepancy between the two modalities. Subse-
quently, in the second stage, full fine-tuning is conducted
to adapt the pretrained model to the target modality, yield-
ing promising results. Despite its efforts on reducing the
OTDD across distinct modalities, the significant modality
gap and data scarcity remain to be addressed. As illustrated
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(a) Loss landscape (b) OTDD (c) t-SNE visualization

Figure 1: (a) The loss landscapes of models fine-tuned with ORCA (Shen et al., 2023) and PaRe on the Ninapro dataset. (b)
The OTDD (Alvarez-Melis & Fusi, 2020) between the intermediate modality with different k values and source or target
modality respectively. (c) Target embeddings (black dots), intermediate modality embeddings obtained by replacing target
patches with different number of source patches (blue and green dots), and source embeddings (red dots) visualized using
t-SNE. Intermediate modalities effectively bridge the modality gap and enhance the model’s transferability and stability.

in Fig. 1 (a), we show the loss landscape (Li et al., 2018) of
model fine-tuned with ORCA. It is evident that ORCA faces
instability during training, potentially leading to suboptimal
results as it is prone to getting trapped in unfavorable local
optima. We conjecture that one reason is the alignment
stage in ORCA, which can reduce the modality gap but not
completely eliminate it. Another factor is that fine-tuning
with limited data often leads to overfitting.

Driven by the above analysis, we propose an end-to-end
approach to promote cross-modal fine-tuning through grad-
ually generating intermedia modality data and bridging dis-
tinct modalities. Motivated by traditional data augmentation
techniques like Mixup (Zhang et al., 2017) and CutMix (Yun
et al., 2019), we achieve this by mixing source and target
data to generate diverse intermediate modalities. However,
due to the diversity between source and target modality
data, applying mixing operations directly applied in the raw
space is not feasible, and the substantial differences between
modalities also increase the risk of model confusion. Here,
we thoroughly analyze the characteristics of different modal-
ities and design a modality-agnostic Patch Replacement
(PaRe) method to construct intermediate modalities. Ini-
tially, data from source and target modalities are seperately
mapped to a unified dimensional space using distinct, spe-
cific embedders, facilitating mixing operations at the embed-
ding level. Subsequently, each patch within the source and
target samples undergoes scoring through a gate network. A
higher score signifies the patch’s increased importance and
its contribution to the model’s classification of the respec-
tive sample. Consequently, we select top-k scored source
patches to replace bottom-k scored target patches, thereby
maximizing the preservation of crucial information in the
intermediate modality data for both source and target data.

Take a step further, we facilitate the model’s gradual progres-
sion from easier intermediate modalities to more challenging
ones, ultimately adapting it to the target modality. This cur-
riculum learning process (Bengio et al., 2009) can enhance
the stability of the cross-modal fine-tuning. Specifically, we

use the OTDD (Alvarez-Melis & Fusi, 2020) between the
generated intermediate modality data and the source modal-
ity data as a metric to gauge the difficulty level. As Alvarez-
Melis & Fusi (2020) analysed, a smaller OTDD between
source and target dataset indicates higher transferability of
the source model to the target dataset. The Fig. 1 (b)-(c)
reveal that as the k value increases, the OTDD between the
intermediate modality data and the source modality data
decreases, enhancing the transferability of the source pre-
trained model. Thus, we progressively decrease the k value
during training to construct intermediate modalities ranging
from easy to hard. Recall that, as shown in Fig 1 (a), the
loss landscape of the model fine-tuned using PaRe appears
smoother and is less prone to getting stuck in unfavorable
local optima compared to ORCA (Shen et al., 2023). This
phenomenon is attributable to the generation of intermediate
modalities and the transition from easy to hard.

In a nutshell, our contributions are summarized as follows:

• We propose an end-to-end cross-modal fine-tuning
framework that is able to adapt a pretrained source
model to any target modality. Leveraging the designed
gradually intermediate modality generation, one can
bridge the modality gap and alleviate the issue of in-
sufficient data in the target modality, enhancing the
model’s transferability and stability.

• We design a modality-agnostic Patch Replacement
(PaRe) method to construct intermediate modalities.
By using a gate network for patch scoring, we extract
pivotal patches from embeddings of both source and tar-
get modalities, blending them to facilitate a smoother
training process with intermediate modalities.

• We validate the effectiveness of PaRe on three bench-
marks comprising 48 datasets. In the most challeng-
ing NAS-360-Bench benchmark which contains 10
modalities, our PaRe significantly outperforms other
approaches, including task-specific, general-purpose,
and cross-modal fine-tuning, across all datasets.
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2. Related Work
Mutil-modal transformers. Transformers (Vaswani et al.,
2017) is first used successfully for natural language pro-
cessing. With the rapid success of large language models
(LLMs) (Devlin et al., 2018; Raffel et al., 2020; Zhang et al.,
2022; Brown et al., 2020; Touvron et al., 2023; Chiang et al.,
2023), researchers have started aligning multimodal data
with LLMs (Radford et al., 2021; Alayrac et al., 2022; Ope-
nAI, 2023; Bao et al., 2023; Wang et al., 2023a; Sun et al.,
2024; Hong et al., 2023; Chen et al., 2023; Ye et al., 2023;
Li et al., 2023a; Han et al., 2023; Dong et al., 2024b; Wei
et al., 2023; Shukor et al., 2023). These general-purpose
models excel in perceiving data-rich modalities (e.g., image,
video, audio, text), following instructions, and learning in
context. However, in many specialized domains where the
data is scarced, a well-adapted specialized model is needed.

In-modality fine-tuning. Pretrained models are widely
used in fields like vision (e.g., dense prediction (Kirillov
et al., 2023; Liu et al., 2021) and 3D understanding (Berta-
sius et al., 2021; Luo et al., 2022a)), language (e.g., cross-
lingual learning (Zheng et al., 2021; Yang et al., 2022;
Ma et al., 2023) and parameter-efficient (Hu et al., 2022;
Houlsby et al., 2019)), and speech (Radford et al., 2023;
Li et al., 2021a). This line of methods endeavor to transfer
knowledge learned during the pre-training process and data
modality of downstream tasks always within seen modal-
ities. But, whether one can transfer from one modality to
another irrelevant modality is still under-explored. Imagine
harnessing the power of pretrained vision transformers not
just for image classification, but for unraveling the intrica-
cies of physics puzzles.

Cross-modality fine-tuning. Adapting pretrained models
to other modalities and tasks has been demonstrated in re-
cent works (Tan & Bansal, 2019; Pang et al., 2024; Gu et al.,
2022; Shen et al., 2023). In particular, LLMs have been
employed in the life sciences to translate between text and
chemistry (Edwards et al., 2021), biology (Luo et al., 2022b),
medical (Moor et al., 2023), DNA-sequencing (Nguyen
et al., 2023), and protein sequences (Lin et al., 2023) and
folding (Jumper et al., 2021)). In contrast to the aforemen-
tioned approaches, this work aims to fine-tune pretrained
models initially trained on general modalities like vision
or language, on specialized modalities with scarce data.
Shen et al. (2023) have taken the first step in this direction
via alignment at the embedding space then fine-tuning the
whole network. Different from previous works, our work
progressively constructs different intermediate modalities
during the training process, which enhances the model’s
transferability and training stability.

Curriculum learning. Curriculum Learning (Bengio
et al., 2009; Zhou & Bilmes, 2018) promotes the strategy
of learning from easier samples first and harder samples
later. This idea has been widely explored in training neural
networks (Hacohen & Weinshall, 2019; Wang et al., 2023b),
reinforcement learning (Narvekar et al., 2020; Klink et al.,
2022) and transfer learning (Weinshall et al., 2018; Zhang
et al., 2021). In this work, we intend to narrow the sub-
stantial modality gap between source and target data. And
we adopt a step-by-step approach, starting with simpler in-
termediate modalities and gradually moving towards more
complex ones. This progressive generation ultimately en-
hances the stability of the model’s cross-modal fine-tuning
process to better align with the target modality.

Cross-modality mixing. Mixup (Zhang et al., 2017) is
a commly used and effective technique for data augmen-
tation. There are two main categories: Global Mixup, ex-
emplified by methods like Mixup (Zhang et al., 2017), Un-
Mix (Shen et al., 2022b), Manifold-Mixup (Verma et al.,
2019) and PatchMix (Zhu et al., 2023b), and Region Mixup,
represented by CutMix (Yun et al., 2019), Saliencymix (Ud-
din et al., 2021) and TransMix (Chen et al., 2022). All of
these methods only involve Mixup for uni-modal data. As
for cross-modality, VLMixer (Wang et al., 2022) employs
modality-agnostic augmentation to create semantically in-
variant cross-modal inputs which proficiently merging vi-
sual tokens with non-grounded linguistic tokens. There is
semantic correlation among cross-modal data in VLMixer.
However, our work focuses on exploring a method akin
to Mixup technique for unpaired cross-modal data, where
no semantic correlation between modalities and significant
modality gap exists. Through the patch replacement ap-
proach we designed, we construct data-rich intermediate
modalities, bridging the gap between modalities to enhance
the transferability of the source pretrained model.

3. Method
Problem setup. A modality M contains a feature space
X , a label space Y , and a joint probability distribution
P (X ,Y). In this paper, we focus on a more difficult cross-
modal setting that the feature space X t, label space Yt

and joint probability distribution P (X t,Yt) in the target
modalities Mt are all different from those in the source
(pretrained) modality Ms, i.e., X t ̸= X s, Yt ̸= Ys, and
P t(X t,Yt) ̸= P s(X s,Ys) (e.g., natural images vs. PDEs).

Our goal is to adapt the model pretrained from the source
modality Ms to the target modality Mt in a supervised
manner. In contrast to the two-stage fine-tuning approach
employed by ORCA (Shen et al., 2023), we design an end-
to-end fine-tuning approach named PaRe. This approach
involves constructing intermediate modalities through patch
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Figure 2: Framework overview. a) The overall architecture of the model and workflow of our method. b) Patch Replacement
(PaRe) module contains three steps: patch scoring using the designed gate network, gradually select top-k source patches
and bottom-k target patches and replace the selected target patches with the source patches one by one. c) The architecture
of the gate network which contains a Full-Connected (FC) layer and a Sigmoid layer.

scoring and gradually patch replacement, addressing the gap
between the source and target modalities in a progressive
way. This approach effectively enhances the model transfer-
abiltiy and training stability, while also alleviating the issue
of insufficient training of model due to the limited data for
target modality. Fig. 2 illustrates the workflow of PaRe.
In the following subsections, we will provide a detailed
overview of each module in PaRe.

3.1. Architecture design

In order to apply the source modality pretrained models to
the target modality, we follow ORCA (Shen et al., 2023),
which decomposes a transformer-based model into three
parts: an embedder f , a feature encoder g and a predictor h,
and then employs a pretrained architecture and weights to
initialize the feature encoder g.

Source and target embedder. Since our approach re-
quires patch-level replacement of source and target embed-
dings, serving as inputs to the feature encoder, we need to
design source and target-specific embedders to map them
to the same dimension. We can denote fs as the pretrained
source embedder, which transforms the source raw data X s

into sequence source embeddings X̃ s = RN×D (where N
denotes the embeddings length and D denotes the embed-
ding dimension). The target embedder f t is randomly ini-
tialized and designed to process target inputs X t of arbitrary
dimension and transform them to X̃ t = RN×D. Subse-
quently, we obtain the mixed embedding X̃m through Patch
Scoring and Patch Replacement, as proposed in Sec 3.3.

Custom predictor. Different modalities may correspond
to different tasks, various tasks typically entail distinct types

of outputs, such as classification logits in RK , or dense map
where the spatial dimension aligns with the input, and per-
index logits correspond to K classes. For classification, we
follow ORCA (Shen et al., 2023) to utilize average pool-
ing along the sequence length dimension, resulting in 1D
tensors with a length of D. Subsequently, to make seperate
predictions for the feature g(X̃ t) of target modality data
and the feature g(X̃ s) of the intermediate modality data, we
randomly initialize two classifiers ht and hs to map D to K
such as the target prediction pt = ht(g(X̃ t)). In the case of
dense prediction tasks, we also follow ORCA’s configura-
tion to shape the tensor to the desired output dimension.

3.2. Gradually intermediate modality generation

Adapting a pretrained source model to various target modali-
ties encounters two issues. The first is the substantial dispar-
ity between source and target modalities, which is quantified
by the optimal transport dataset distance (OTDD) (Alvarez-
Melis & Fusi, 2020) in this work. A larger OTDD signifies
greater divergence between modalities, leading to dimin-
ished model transferability. The second issue relates to the
inadequate training of the model due to the limited amount
of data available in the target modality.

Hence, during the end-to-end training process, we progres-
sively construct intermediate modality data, transitioning
from resembling the source modality (easier) to resembling
the target modality (harder). Through these intermediate
modality data, we bridge the modality gap and alleviate
the issue of in-sufficient target data, thereby enhancing the
model transferability and the training stability. This method
provides a simple yet effective solution to the aforemen-
tioned challenges.
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3.3. Modality-agnostic patch replacement

Motivated by in-modality transfer learning, constructing
an intermediate domain serves as an effective approach to
bridge the domain gap. They often linearly combine images
from different domains (such as Mixup (Zhang et al., 2017))
to generate intermediate domain data.

Nevertheless, creating intermediate modality data proves to
be more challenging for diverse modalities. The varying in-
put dimensions between target and source modality data hin-
der the application of methods such as Mixup (Zhang et al.,
2017) or CutMix (Yun et al., 2019) in raw space. While
it may be intuitive to consider these approaches in a uni-
fied embedding space, the substantial differences between
modalities increase the risk of model confusion through di-
rect Mixup. Furthermore, employing region-based replace-
ment methods like CutMix may not produce favorable out-
comes for diverse modality data. The reason is that unlike
image modality data where semantic information is often
concentrated in the middle region, some modalities, such as
PDE data, may harbor more critical information at the edges.
Consequently, we opt for a modality-agnostic patch replace-
ment approach to construct intermediate modalities which
can maximize the preservation of key information in the
intermediate modality for both source and target modalities.

Patch scoring with gate network. For two modalities with-
out semantic correlation, the most straightforward way of
patch replacement is to randomly select patches for replace-
ment. But, random patch replacement may lead to instances
where non-semantic patches from source modality data re-
place crucial patches from target modality data, disrupting
the model’s training. Therefore, we design a patch selected
strategy called Patch Scoring using a Gate Network such
that, in the mixed embeddings after the patch replacement,
crucial information from both source and target data is well
preserved. This preservation is essential for effective model
classification and efficient training.

Formally, we denote the source embeddings X̃ s = RN×D

contains N patches that X̃ s = {x̃s
1, x̃

s
2, ..., x̃

s
N} and the tar-

get embeddings X̃ t = RN×D contains N patches that X̃ t =
{x̃t

1, x̃
t
2, ..., x̃

t
N}. We score each patch x̃s

i from source and
x̃t
i from target using a gate network with a fully-connected

(FC) layer and a sigmoid (σ) layer Ss = σ(FC(X̃ s)),
St = σ(FC(X̃ t)), the higher the score, the more criti-
cal information the patch contains that contributes to the
model’s classification (e.g., in an image of a dog, a patch
containing the dog’s eyes would score higher than a patch
containing the background). Then, we keep the positions of
the top(N -k) target patches with the highest scores fixed and
replace the bottom(k) target patches with the lowest scores
with the top(k) source patches with the highest scores. To
enable the gradient backward properly to update the gate net-
work, we opt for using Gumble Softmax (Jang et al., 2016)

approach to achieve the selection. Hence, we can obtain the
mixed embeddings X̃m of the intermediate modality which
contains the key information of both source and target data.

Moreover, the parameter k linearly decreases with the num-
ber of training epochs to facilitate the transition of the in-
termediate modality from the source to the target. For the
labels of intermediate modality data, the calculation involves
taking the weighted sum of the labels ys from the source
data and yt target data. However, due to the disparate dis-
tributions of ys and yt, this process is transformed into
a weighted sum for the loss. Therefore, we can denote
that the predictions of the intermediate modality data as
pms = hs(g(X̃m)) for source and pmt = ht(g(X̃m)) for
target. The weight λ can be calculated by λ = k

N . Fi-
nally, we can calculate the mixed loss Lmix using mixed
embeddings X̃m as the inputs:

Lmix = (1− λ)Ltar(p
mt, yt) + λLsrc(p

ms, ys), (1)

where Ltar is the task-specific loss for different target
modalities and Lsrc is the CrossEntropyLoss for the source
modality. The total loss of our method can be defined as:

Ltotal = β1Ltar(pt, yt) + β2Lmix, (2)

where β1, β2 are trade-off parameters. We summarize our
PaRe in Alg. 1 in the Appendix A.1.

4. Experiments
In this section, we first validate the effectiveness of PaRe
for cross-modal fine-tuning on three benchmarks: NAS-
Bench-360, PDEBench and OpenML-CC18, comprising a
total of 48 datasets. Subsequently, through a series of analyt-
ical experiments, we showcase the superiority of each mod-
ule within PaRe when compared to alternative approaches.
Finally, by presenting intuitive visualization results, we illus-
trate the effectiveness of our gate network and the successful
preservation of source knowledge in PaRe.

Implementation details. We follow ORCA (Shen et al.,
2023) in using RoBERTa (Liu et al., 2019) and Swin Trans-
formers (Liu et al., 2021) as pretrained source models for
1D/2D modalities respectively, treating language and vision
as the source modalities. For 2D classification tasks, CI-
FAR10 (Krizhevsky et al., 2009) and Tiny-ImageNet (Le &
Yang, 2015) serve as proxy datasets. For 2D dense predic-
tion tasks, we use VOC (Everingham et al., 2015) as a proxy
dataset, modifying its labels to create a simpler foreground-
background segmentation task. For 1D tasks, CoNLL-2003
is employed as a proxy dataset. For other experimental set-
tings such as learning rates, number of epochs, optimizers,
we adhere to the configurations specified by ORCA. Our
experiments are conducted in a single NVIDIA RTX 4090.
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Table 1: Prediction errors (↓) across 10 diverse tasks on NAS-Bench-360. “FPT” and “NFT” respectively represent
fine-tuning only the layer normalization of the model and performing one-stage full fine-tuning of the model.

CIFAR-100 Spherical Darcy Flow PSICOV Cosmic NinaPro FSD50K ECG Satellite DeepSEA
0-1 error (%) 0-1 error (%) relative ℓ2 MAE8 1-AUROC 0-1 error (%) 1-mAP 1-F1 score 0-1 error (%) 1-AUROC

Hand-designed 19.39 67.41 8.00E-03 3.35 0.127 8.73 0.62 0.28 19.80 0.30

NAS-Bench-360 23.39 48.23 2.60E-03 2.94 0.229 7.34 0.60 0.34 12.51 0.32
DASH 24.37 71.28 7.90E-03 3.30 0.190 6.60 0.60 0.32 12.28 0.28

Perceiver IO 70.04 82.57 2.40E-02 8.06 0.485 22.22 0.72 0.66 15.93 0.38
FPT 10.11 76.38 2.10E-02 4.66 0.233 15.69 0.67 0.50 20.83 0.37

NFT 7.67 55.26 7.34E-03 1.92 0.170 8.35 0.63 0.44 13.86 0.51
ORCA 6.53 29.85 7.28E-03 1.91 0.152 7.54 0.56 0.28 11.59 0.29
PaRe 6.25 25.55 7.00E-03 0.99 0.121 6.53 0.55 0.28 11.18 0.28

Table 2: Normalized Root Mean Squared Errors (nRMSEs, ↓) across 8 tasks of PDEBench. PaRe surpasses U-Net and
PINN in all tasks, outperforms ORCA in 6 out of 8 tasks, and exhibits performance comparable to FNO.

Advection Burgers Diffusion-Reaction Diffusion-Sorption Navier-Stokes Darcy-Flow Shallow-Water Diffusion-Reaction
1D 1D 1D 1D 1D 2D 2D 2D

PINN 6.70E-01 3.60E-01 6.00E-03 1.50E-01 7.20E-01 1.80E-01 8.30E-02 8.40E-01
FNO 1.10E-02 3.10E-03 1.40E-03 1.70E-03 6.80E-02 2.20E-01 4.40E-03 1.20E-01
U-Net 1.10E+00 9.90E-01 8.00E-02 2.20E-01 - - 1.70E-02 1.60E+00

ORCA 9.80E-03 1.20E-02 3.00E-03 1.60E-03 6.20E-02 8.10E-02 6.00E-03 8.20E-01
PaRe 2.70E-03 8.30E-03 2.60E-03 1.60E-03 6.62E-02 8.06E-02 5.70E-03 8.18E-01
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Figure 3: Aggregating Table 1 results using performance
profiles (Dolan & Moré, 2002). The ordinate represents the
cumulative distribution of problems solved by the method
within a factor τ of the best performance. Therefore, the
closer a curve approaches the top-left corner of the graph,
the more capable the method is of solving more problems
with minimal performance degradation. PaRe being as a
horizontal line means it is always the best.

4.1. Overall results

NAS-Bench-360 comprises four 2D classification tasks,
three 2D dense prediction tasks, and three 1D tasks. Here,
we compare four types of baselines: (1) task-specific models
designed by (Tu et al., 2022); (2) general-purpose models ex-
emplified by Perceiver IO (Jaegle et al., 2022); (3) AutoML
methods featuring the top-performing algorithm on NAS-
Bench-360, DASH (Shen et al., 2022a); (4) cross-modal

Table 3: Average classification results across 30 datasets on
OpenML-CC18. “Diff. from XGBoost” is the acrosstask
average of per-task difference from XGBoost. On 15/30
datasets, PaRe ranks the first among all compared methods.

OpenML-CC18 LightGBM CatBoost XGBoost AutoGluon TabPFN ORCA PaRe

# Wins/Ties 1/30 1/30 2/30 7/30 5/30 7/30 15/30
Avg. AUROC (↑) 0.8840 0.8898 0.8909 0.8947 0.8943 0.8946 0.9030
Diff. from XGBoost -0.0069 -0.0011 0 +0.0038 +0.0034 +0.0036 +0.0121

fine-tuning methods including naive fine-tuning and ORCA.

As shown in Table 1, PaRe achieves the best performance
across all tasks. Whether hand-designed or AutoML method,
we demontrate significant preformance gains compares to
them across multiple tasks. Particularly, in the comparison
of cross-modal fine-tuning methods, we outperform ORCA
on nearly all tasks. Moreover, we make substantial progress
on tasks where ORCA couldn’t surpass hand-designed or
AutoML methods, establishing a new state-of-the-art results.

In addition, we employ performance profiles to comprehen-
sively compare multiple methods across a suite of datasets.
Performance profiles are statistical tools used to assess and
demonstrate the efficacy of optimization algorithms across
a multitude of test cases. Each curve represents a differ-
ent method and shows the proportion of problems it solves
within varying thresholds of a performance factor τ . The
performance factor τ is a normalized measure of how each
method’s performance compares to the best performance.
As shown in Fig. 3, PaRe is always the best, which means
PaRe outperforms other methods across all tasks.
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Table 4: Comparison prediction errors (↓) of traditional mixing strategies and PaRe variants across 10 diverse tasks, and
the impact of varying strategies for different values of k, where “non-gradual” indicates a constant k, while the other three
represent different strategies for decreasing k.

Method CIFAR-100 Spherical Darcy Flow PSICOV Cosmic NinaPro FSD50K ECG Satellite DeepSEA
Mixup 6.59 26.60 7.70E-03 0.99 0.500 7.74 0.56 0.29 11.51 0.29
CutMix 6.11 27.76 7.20E-03 0.99 0.135 8.41 0.56 0.29 11.58 0.28

PaRe

w/ non-gradual 6.59 27.68 7.20E-03 0.99 0.138 7.59 0.57 0.28 11.61 0.29

w/ piecewise 6.22 26.88 6.90E-03 0.99 0.132 6.98 0.56 0.29 10.89 0.29
w/ exponential 6.38 26.35 7.00E-03 0.99 0.119 7.13 0.55 0.28 11.56 0.28
w/ linear (default) 6.25 25.55 7.00E-03 0.99 0.121 6.53 0.55 0.28 11.18 0.28

PDEBench comprises multiple scientific ML-related
datasets, with a focus on the physics domain. Fol-
lowing ORCA, we validate PaRe on eight of these
datasets. We compare our method with different SOTA
task-specific models, including the physics-informed neural
network PINN (Raissi et al., 2019), Fourier neural opera-
tor (FNO) (Li et al., 2021b), the generic image-to-image
regression model U-Net (Ronneberger et al., 2015) and
ORCA (Shen et al., 2023). As shown in Table 2, PaRe
demonstrate further improvement over ORCA across multi-
ple datasets, achieving results to be SOTA on nearly half of
the datasets among all methods.

OpenML-CC18 benchmark is for tabular classification.
We assess the performance of PaRe across 30 datasets on
OpenNL-CC18 (Vanschoren et al., 2014). Our evaluation
includes comparisons against the classical boosting methods
XGBoost (Chen & Guestrin, 2016), CatBoost (Ostroumova
et al., 2017) and LightGBM (Ke et al., 2017), deep learn-
ing approaches like AutoGluon (Erickson et al., 2020) and
TabPFN (Hollmann et al., 2022) and cross-modal fine-tuning
method ORCA. As shown in Table 3, the average accuracy
of PaRe across 30 datasets is the highest among all meth-
ods, with the highest results observed in 15 out of the 30
datasets. Compared to ORCA, PaRe is better on 22 datasets.
The detailed results can be found in the Appendix A.3.

In short, these results emphasize that our end-to-end strategy
of constructing intermediate modalities for cross-modal fine-
tuning, compared to two-stage alignment and fine-tuning of
ORCA, can more efficiently close the modality gap, which
enhances model transferability. In the following, we will sys-
tematically analyze the strengths of each module in PaRe.

4.2. Why using gradually patch replacement?

In this section, we conduct ablation studies to analyze the
superiority of PaRe compared to other mixing techniques.
Additionally, we investigate the impact of different gradual
choices for the value of k.

Comparison of the mixing ways. There are various ways
to perform mixing at the embedding space. The question is,

Original RandomGate

N/4 selected patches

N/8 selected patches

N/16 selected patches

Figure 4: The visualization of the different numbers of
patches selected by random strategy and our gate strategy.
Additional visualizations can be found in the Appendix A.4.

which method can achieve modality-agnostic behavior and
perform well on various target modalities. In Table 4, we
compare our patch replacement method with patch Mixup
and CutMix, which are the two most commonly used and ro-
bust methods. From the results, it is evident that our method
outperforms Mixup and CutMix on almost all datasets. Par-
ticularly, on the Cosmic dataset, mixup fails to train and
produces a random outcome. We attribute the superiority
our method to thorough consideration of modality differ-
ences. When there is a significant modality gap, direct
application of mixup way overly confuse the model, mak-
ing training difficult. On the other hand, CutMix, which
replaces patches in a block-wise manner, can potentially
cover the critical information in the data, disrupting model
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Table 5: Comparison prediction errors (↓) between different strategies (Random vs. Gate) to select patches for replacement.

CIFAR-100 Spherical Darcy Flow PSICOV Cosmic NinaPro FSD50K ECG Satellite DeepSEA

Random 6.52 28.06 7.10E-03 0.99 0.146 6.98 0.56 0.29 11.32 0.28
Gate 6.25 25.55 7.00E-03 0.99 0.121 6.53 0.55 0.28 11.18 0.28

training and yielding suboptimal results. Our patch replace-
ment method ensures that the model is not overly confused.
Additionally, our gating mechanism maximally preserves
essential information from both modality data.

Comparison of different k-value choices. PaRe selects
k patches from the source embedding to replace k patches
in the target embedding. Next we analyze the strategy for
choosing the value of k. We categorize the overall strat-
egy into two types: non-gradual and gradual. For the non-
gradual approach, the selection of k is random, while the
gradual approach involves choosing k values that decrease
in some form as the training progresses. As shown in Ta-
ble 4, we observe that the use of gradual strategies gener-
ally outperforms the non-gradual strategy across various
datasets. The model’s progression from the source to the tar-
get modality through the intermediate modality constructed
by PaRe, can be considered a form of curriculum learning
that starts from easy and progresses to more challenging
data. Thus, gradual strategies enhance the model’s transfer-
ability compared to not gradual strategy. In addition, we
compare different ways of decreasing the k value, includ-
ing piecewise, exponential and linear decreasing. We find
that there may exist an optimal decreasing strategy for each
task. Ultimately, PaRe adopt the simplest linear decreasing
strategy as our default setup across all datasets.

4.3. How to select patches for replacement?

When considering patch selection from source embeddings
to replace patches in target embeddings, a straightforward
approach is to randomly choose patches for replacement.
While random replacement indeed leads to the generation
of intermediate modalities, as illustrated in Fig. 4, the right
column represents patches selected through random patch
selection, highlighted for visualization. From this column,
we observe that due to the randomness of replacement, there
is a possibility to select too many background patches. Addi-
tionally, the critical patches are not continuous, which might
hinder the model from capturing essential information in
the data and, instead, disrupt the model’s training.

Therefore, we employ a gate network for patch scoring.
Based on the scores, we select the top-k scored patches
from the source to replace the bottom-k scored patches
in the target. This approach allows us to preserve critical
information from both source and target data as much as
possible. The middle column in Fig. 4 represents patches

N-0 N/2-0 N/4-0 N/8-0 N/16-00.12

0.13

0.14

0.15

0.16

1-
AU

RO
C

Performance on Cosmic

Random Gate

Figure 5: The impact on the results of random and gate
strategy on Cosmic dataset with different initial k value. The
smaller the initial k value, the larger performance percentage
difference between random and gate strategy.

selected through patch scoring. We observe that patches
chosen through this strategy focus more on the main parts
of the data, enabling more thorough training of the model
on the intermediate modality.

In Table 5, we present a comparison between the results of
selecting patches randomly and using the gate network for
patch selection. We observe that, across all datasets, the ap-
proach using the gate network consistently outperforms the
random selection method. This demonstrates the effective-
ness of the gate network in patch scoring. Furthermore, in
Fig. 5, we compare the results on the Cosmic dataset when
choosing different initial values for k and gradually decreas-
ing it to 0 during the training process for both random and
patch scoring methods. From the results, we observe that
as the initial k value decreases (e.g., N-0 and N/8-0), the
performance gap between the patch scoring method and the
random method widens. This suggests that the advantage of
our gate network becomes more pronounced when a smaller
number of patches are selected.

To conduct a more comprehensive analysis, we configure the
gate network with an fully connected (FC) layer followed by
a sigmoid function, an MLP followed by a sigmoid function
and an MLP followed by Dropout and a sigmoid function.
In Table 6, we found that increasing the complexity of the
gate network may not necessarily lead to improvement. This
could be due to the limited amount of target modality data,
and the increased complexity of the network may result in
insufficient training. Therefore, we use the simplest gate
network structure (FC layer followed by a sigmoid function)
as the version of our method.
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Table 6: Comparison prediction errors (↓) between different configuration of gate network.

CIFAR-100 Spherical Darcy Flow PSICOV Cosmic NinaPro FSD50K

FC + sigmoid (Ours) 6.25 25.55 7.00E-03 0.99 0.121 6.53 0.55
MLP + sigmoid 6.40 26.08 6.90E-03 0.99 0.125 6.74 0.55

MLP + dropout + sigmoid 6.24 26.52 6.90E-03 0.99 0.131 6.74 0.55

4.4. Influence of proxy source datasets

By deploying the patch replacement algorithm in the em-
bedding space, PaRe facilitates the alignment of modali-
ties, allowing for the utilization of a wide range of proxy
source datasets. This promotes generalization across in-
termediate modalities, thus enhancing the model’s perfor-
mance. To demonstrate that the primary advancement of
PaRe lies in its ability to gradually bridge the modality gap,
rather than simply resulting from the substitution of differ-
ent proxy source datasets. We conduct an ablation study in
Table 7 using different proxy source datasets. Specifically,
we utilize CIFAR-10, Caltech101 and Tiny-ImageNet as
the proxy source datasets for the 2D classification task. As
shown in Table 7, significant improvements of PaRe is over
ORCA (Shen et al., 2023) across all scenarios, indicating
that the efficacy of PaRe stems from its ability to bridge
the modality gap rather than simply swapping proxy source
datasets. Besides, PaRe achieves good results with multiple
proxy source datasets with relatively robust performance.

Table 7: The influence of using CIFAR-10, Caltech101
and Tiny-ImageNet as the proxy source datasets for 2D
classification task.

2D Classification CIFAR-100 Spherical NinaPro FSD50K
Method proxy source dataset 0-1error(%) 0-1error(%) 0-1error(%) 1-mAP
ORCA

CIFAR10
6.53 29.85 7.54 0.56

PaRe 6.25 26.47 6.53 0.55
ORCA

Caltech101
6.48 29.64 8.04 0.57

PaRe 6.39 26.22 7.19 0.56
ORCA

Tiny-ImageNet
6.44 28.21 8.35 0.56

PaRe 6.25 25.55 7.59 0.55

4.5. Visualization of source knowledge preservation

The goal of cross-modal fine-tuning is to adapt a pretrained
model with rich knowledge in the source modality to a spe-
cific target modality. Intuitively, if the pretrained model
can effectively retain the knowledge from the source modal-
ity during cross-modal fine-tuning, it can better leverage
the abundant knowledge for transfer. Therefore, we obtain
two models fine-tuned on Ninapro with PaRe and ORCA
separately, and we compare the t-SNE visualization of the
CIFAR10 features they output in Fig. 6.

As shown in Fig. 6, although ORCA narrows the OTDD
between source and target modality data in the first stage,
it still fails to preserve source modality knowledge due to
significant modality gap. In contrast, PaRe utilizes interme-
diate modality data for training, requiring accurate feature

PaRe (ours) ORCA

Figure 6: The t-SNE of the feature of PaRe and ORCA on
source proxy dataset CIFAR10, which indicates the ability
of source knowledge preservation.

extraction from source patches for correct classification.
Therefore, knowledge from source modality can be well-
preserved, leading to better transferability of the model.

5. Conclusion
In this paper, we propose an end-to-end cross-modal fine-
tuning method, PaRe, employing patch scoring for patch
replacement between the source and target modality data.
PaRe facilitates the generation of intermediate modalities
that progress from easy to hard during training, bridging
the modality gap to enhance training stability and model
tranferability, while also mitigating the challenge of limited
data in the target modality. PaRe achieve good performance
on three benchmarks consisting of 48 datasets, presenting a
novel transfer methodology for cross-modal fine-tuning.

Limitation and furture work. During the course of this
research, we identify some limitations in the current ver-
sion and directions for future improvement: Firstly, since
our method does not require training with computationally
expensive OTDD (Alvarez-Melis & Fusi, 2020), our ap-
proach exhibits high scalability with respect to the source
modality proxy dataset. However, determining the most
suitable source modality proxy dataset based on the target
modality dataset remains a challenge. Secondly, we ob-
serve that solely augmenting the target modality data can
yield better results in certain modalities. However, these
data augmentation methods are not universal. Therefore, a
modality-agnostic data augmentation method is necessary
to prevent model overfitting and enhance cross-modal fine-
tuning. Lastly, leveraging unlabeled data from the target
modality is also a promising direction for research, as it can
better alleviate the issue of insufficient target modality data.
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A. Appendix
A.1. Algorithm of PaRe

The algorithm of PaRe is illustrated in Alg. 1. Firstly, we score the patches from both the source and target using a gate
network to obtain scores for each patch. Next, we select the top-k scored patches to replace the bottom-k scored target
patches one by one. To ensure the backpropagation of gradients, we employ Gumble softmax operation to select the top-k
and bottom-k patches. Finally, we update the model by separately calculating the source and target loss.

Algorithm 1 Pseudocode of PaRe.

# N: the embeddings length
# x_t, x_s: target and source embeddings
# y_t, y_s: target and source labels
# model.gate: the gate netowrk of the model
# SubsetOperator: using gumble softmax to do selection

k = int(N - N * (current_epoch / totle_epoch))
for (x_t, y_t, x_s, y_s) in loader:

# Patch Scoring using Gate Network
tar_score = model.gate(x_t)
src_score = model.gate(x_s)

# select bottom-k and top-k
bk_tar_mask = 1 - SubsetOperator(tar_score, N-k)
tk_src_mask = SubsetOperator(src_score, k)
bk_tar_indices = torch.nonzero(bk_tar_mask)
tk_tar_indices = torch.nonzero(tk_tar_mask)

# Patch Replacement
x_mix = x_t.clone()
x_mix = x_mix * (1 - bk_tar_mask)
x_s = x_s * tk_src_mask
x_mix[bk_tar_indices] = x_s[tk_src_indices]

# Obtain Logits
logits_mix_tar, logits_mix_src = model(x_mix)

# Calculate Loss
lam = k / N
L_tar = L_tar(logits_mix_tar, y_t)
L_src = L_src(logits_mix_src, y_s)
L_mix = (1-lam) * L_tar + lam * L_src

A.2. Implementation details

A.2.1. PRETRAINED MODELS

We evaluate PaRe with two pretrained models in our experiments. For all 2D tasks we use Swin-base (Liu et al., 2021)
pretrained on ImageNet-22K, and for all 1D tasks, we use RoBERTa-base (Liu et al., 2019) pretrained on Five English-
language corpora. We follow ORCA (Shen et al., 2023) use the Hugging Face transformers library (Wolf et al., 2019) to
implement the pretrained models.

A.2.2. NAS-BENCH-360

NAS-Bench-360 encompasses 10 tasks across various modalities, such as image classification, hand gesture recognition,
and solving PDEs, among others. These tasks have diverse objectives, including 2D classification, 2D dense prediction, and
1D classification. They involve different types of data and are trained using distinct loss functions. Additionally, each task is
associated with its unique hand-designed expert model. The Table 8 provides an overview of NAS-Bench-360.

A.2.3. PDEBENCH

PDEBench comprises multiple datasets of partial differential equations (PDEs) with varying parameters and initial conditions.
Following ORCA, we utilize the eight datasets listed in the Table 9, which provides detailed information on dataset
parameters, utilized loss functions, and other relevant details.
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Table 8: The introduction to the 10 tasks in NAS-Bench-360.

Dateset DATA NUM DATA DIM TYPE CLASS NUM Loss Expert arch.
CIFAR100 60K 2D Point 100 CE DenseNet-BC (Huang et al., 2017)
Spherical 60K 2D Point 100 CE S2CN (Cohen et al., 2018)
NinaPro 3,956 2D Point 18 LpLoss Attention Model (Josephs et al., 2020)
FSD50K 51K 2D Point 200 MSELoss VGG (Fonseca et al., 2021)

Darcy Flow 1.1K 2D Dense 1 BCE FNO (Li et al., 2021b)
PSICOV 3,606 2D Dense 1 FocalLoss DEEPCON (Adhikari, 2019)
Cosmic 5,250 2D Dense 1 BCE deepCR-mask (Zhang & Bloom, 2019)

ECG 330K 1D Point 4 CE ResNet-1D (Hong et al., 2020)
Satellite 1M 1D Point 24 CE ROCKET (Dempster et al., 2020)

DeepSEA 250K 1D Point 36 BCE DeepSEA (Zhou & Troyanskaya, 2015)

Table 9: The introduction to the 8 tasks in PDEBench.

Advection Burgers Diffusion-Reaction Diffusion-Sorption Navier-Stokes Darcy-Flow Shallow-Water Diffusion-Reaction
DATA DIM 1D 1D 1D 1D 1D 2D 2D 2D

TYPE Dense Prediction
Resolution 1024 1024 1024 1024 1024 128×128 128×128 128×128
Parameters β = 0.4 ν = 1.0 ν = 0.5, ρ = 1.0 - η = ζ = 0.1 β = 0.1 - -

Loss Normalized Root Mean Squared Errors (nRMSEs)

A.2.4. OPENML-CC18 BENCHMARK

We follow ORCA to evaluate PaRe on 30 datasets as shown in Table 10 from OpenML-CC18 benchmark, and we follow
TabPFN to use the same evaluation protocol and use the one-vs-one AUROC as the score metric. The train-test split ratio is
0.5:0.5 to account for the limited context length of TabPFN. As for training, we employ the cross-entropy loss, with the
class weights set to 1/(num of samples).

Table 10: The introduction of the 30 datasets in OpenML-CC18 benchmark.

OpenML ID Name #Class. OpenML ID Name #Class.

11 balance-scale 3 1049 pc4 2
14 mfeat-fourier 10 1050 pc3 2
15 breast-w 2 1063 kc2 2
16 mfeat-karhunen 10 1068 pc1 2
18 mfeat-morphological 10 1462 banknote-authenti. . . 2
22 mfeat-zernike 10 1464 blood-transfusion-. . . 2
23 cmc 3 1480 ilpd 2
29 credit-approval 2 1494 qsar-biodeg 2
31 credit-g 2 1510 wdbc 2
37 diabetes 2 6332 cylinder-bands 2
50 tic-tac-toe 2 23381 dresses-sales 2
54 vehicle 4 40966 MiceProtein 8

188 eucalyptus 5 40975 car 4
458 analcatdata auth. . . 4 40982 steel-plates-fault 7
469 analcatdata dmft 6 40994 climate-model-simu. . . 2

A.2.5. PROXY SOURCE DATASETS

Although we don’t need to follow the same approach as ORCA, which involves reducing the distance between the target
and source modality at the embedding level in the first stage, we still require a proxy dataset for the source modality as
we construct intermediate modalities through source and target data during end-to-end cross-modal fine-tuning. It’s worth

16



Enhancing Cross-Modal Fine-Tuning with Gradually Intermediate Modality Generation

mentioning that, since we don’t need to calculate the loss using the computationally expensive OTDD, our source proxy
dataset is more scalable compared to ORCA, with a relatively minor increase in computational complexity when using
additional samples. Therefore, we use CIFAR10 and Tiny-imagenet as proxy datasets for 2D classification tasks, reset
the labels of PASCAL VOC to 0 and 1, effectively treating it as a foreground-background segmentation task for 2D dense
prediction tasks, and employ CONLL-2003 as the proxy dataset for both 1D classification and dense prediction tasks.

Our experiments in Tabel 11 revealed that choosing different source proxy datasets may have varied effects on different
modalities. Therefore, determining how to select appropriate source proxy datasets based on different modalities is also a
direction for future research in our method.

Table 11: Varied effects on different modalities while choosing different source proxy datasets.

Proxy Dataset num sample Spherical Darcy Flow Ninapro

CIFAR10
5000 26.69 7.70E-03 7.13

all 26.47 7.90E-03 6.53

Tiny ImageNet
5000 27.18 - 7.44

all 25.55 - 7.59

PASCAL VOC all - 7.00E-03 -

A.2.6. HYPERPARAMETERS

Due to the multitude of tasks across different modalities, it’s challenging to define a single set of fine-tuning hyperparameters
for all models or tasks. Therefore, we adopt the exact same hyperparameters as ORCA (Shen et al., 2023) for model
fine-tuning to facilitate comparison. The specific parameter settings are shown in the Tabel 12 and Table 13. For our
method’s hyperparameters, one concerns the initial and final values of k, while the other relates to the loss trade-off β1 and
β2.

For the setting of k, we set the initial value to 3000 and the final value to 0 for all tasks except for the Cosmic dataset. Since
Cosmic involves a binary classification dense prediction task, excessively large k values may overly interfere with the model.
Therefore, for Cosmic, we set the initial value to 200 and the final value to 0. For all tasks, we uniformly set both β1 and β2

to 1.0.

Table 12: The training hyperparameters of the 10 tasks on NAS-Bench-360.

CIFAR100 Spherical NinaPro FSD50K Darcy Flow PSICOV Cosmic ECG Satellite DeepSEA
Batch Size 32 32 32 32 4 1 4 4 16 16

Epoch 60 60 60 100 100 10 60 15 60 13
Accum. 32 4 1 1 1 32 1 16 4 1

Optimizer SGD AdamW Adam Adam AdamW Adam AdamW SGD AdamW Adam
Learning Rate 1.00E-04 1.00E-04 1.00E-04 1.00E-04 1.00E-03 5.00E-06 1.00E-03 1.00E-06 3.00E-05 1.00E-05
Weight Decay 1.00E-03 1.00E-01 1.00E-05 5.00E-05 5.00E-03 1.00E-05 0.00E+00 1.00E-01 3.00E-06 0.00E+00

Table 13: The training hyperparameters of the 8 tasks on PDEBench.

Advection Burgers Diffusion-Reaction Diffusion-Sorption Navier-Stokes Darcy-Flow Shallow-Water Diffusion-Reaction
Batch Size 4 4 4 4 4 4 4 4

Epoch 200 200 200 200 200 100 200 200
Accum. 1 1 1 1 1 1 1 1

Optimizer Adam Adam SGD AdamW AdamW AdamW AdamW Adam
Learning Rate 1.00E-04 1.00E-05 1.00E-03 1.00E-04 1.00E-04 1.00E-04 1.00E-04 1.00E-04
Weight Decay 1.00E-05 1.00E-05 1.00E-05 0 1.00E-03 1.00E-05 0 1.00E-03
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A.3. Detailed results on OpenML-CC18 benchmark

The detailed results of PaRe and other compared methods are shown in Table 14, the average accuracy of PaRe across
30 datasets is the highest among all methods, with the highest results observed in 15 out of the 30 datasets. Compared to
ORCA, the cross-modal fine-tuning approach like us, PaRe is better on 22 datasets.

Table 14: One-vs-one AUROC (↑) on 30 OpenML-CC18 datasets. “Diff. from XGBoost” is the acrosstask average of
per-task difference from XGBoost. On 15/30 datasets, PaRe ranks the first among all compared methods.

LightGBM CatBoost XGBoost AutoGluon TabPFN ORCA PaRe

balance-scale 0.9938 0.9245 0.9939 0.9919 0.9973 0.9949 0.9964
mfeat-fourier 0.9786 0.9816 0.9803 0.9843 0.9811 0.9729 0.9783
breast-w 0.991 0.9931 0.9896 0.9933 0.9934 0.9939 0.9909
mfeat-karhunen 0.9979 0.9986 0.9983 0.9987 0.9978 0.9968 0.9988
mfeat-morphologica.. 0.9601 0.9629 0.9612 0.9698 0.9669 0.9647 0.9680
mfeat-zernike 0.9716 0.9759 0.9735 0.9908 0.9823 0.9829 0.9849
cmc 0.7288 0.7256 0.7299 0.7331 0.7276 0.7237 0.7770
credit-approval 0.9415 0.9389 0.9422 0.9415 0.9322 0.9340 0.9601
credit-g 0.7684 0.7852 0.7853 0.7941 0.7894 0.7748 0.8200
diabetes 0.8247 0.8383 0.8378 0.8391 0.8410 0.8239 0.8570
tic-tac-toe 0.9988 0.9992 1 1 0.9759 0.9973 0.9952
vehicle 0.9232 0.9302 0.9282 0.9416 0.9589 0.9591 0.9582
eucalyptus 0.8931 0.8979 0.9004 0.9204 0.9245 0.9084 0.9510
analcatdata author.. 0.9999 0.9999 0.9997 0.9993 1 0.9996 1
analcatdata dmft 0.5461 0.5589 0.5743 0.5657 0.579 0.5627 0.5509
pc4 0.9301 0.9413 0.9291 0.9428 0.9383 0.9226 0.9301
pc3 0.8178 0.8247 0.8288 0.8282 0.8373 0.8411 0.8493
kc2 0.8141 0.8323 0.8227 0.8242 0.8346 0.8431 0.8398
pc1 0.8321 0.86 0.8489 0.8578 0.8761 0.8767 0.9266
banknote-authentic.. 1 1 1 1 1 1 1
blood-transfusion-.. 0.7144 0.7403 0.7312 0.7364 0.7549 0.7565 0.6287
ilpd 0.6917 0.7279 0.7171 0.723 0.7379 0.7419 0.7927
qsar-biodeg 0.9126 0.9217 0.9191 0.9276 0.9336 0.9349 0.9167
wdbc 0.9904 0.9931 0.9904 0.9956 0.9964 0.9929 0.9947
cylinder-bands 0.8556 0.8757 0.8782 0.8878 0.8336 0.844 0.9243
dresses-sales 0.5593 0.5696 0.5823 0.5507 0.5376 0.6025 0.5747
MiceProtein 0.9997 0.9999 0.9998 1 0.9999 0.9969 0.9997
car 0.9925 0.9955 0.9948 0.998 0.995 0.9983 1
steel-plates-fault.. 0.9626 0.9655 0.9656 0.9666 0.9655 0.9543 0.9696
climate-model-simu.. 0.9286 0.9344 0.9255 0.9391 0.9415 0.9416 0.9551
# Wins 1 1 2 7 5 7 15
Avg. AUROC 0.8840 0.8898 0.8909 0.8947 0.8943 0.8946 0.9030
Avg. Diff. from XGBoost -0.0069 -0.0011 0 +0.0038 +0.0034 +0.0036 +0.0121

A.4. Visualization of patch selection

We visualize the patches selected by random strategy and our gate strategy in Fig. 7. The right column in Fig. 7 highlights
patches selected randomly, visualized in red, we notice certain drawbacks. The random selection may result in an
overabundance of background patches and a lack of continuity in the critical patches, potentially impeding the model’s
ability to capture essential data information and disrupting its training process. To address this issue, we introduce a gate
network for patch scoring. As depicted in Fig. 7, the middle column illustrates patches selected through patch scoring.
Notably, patches chosen through this method demonstrate a heightened focus on the primary components of the data,
facilitating more comprehensive training of the model on the intermediate modality.

18



Enhancing Cross-Modal Fine-Tuning with Gradually Intermediate Modality Generation

Original RandomGate Original RandomGate

The number of selected patch = N/4
Original RandomGate Original RandomGate

The number of selected patch = N/8
Original RandomGate Original RandomGate

The number of selected patch = N/16

Figure 7: The visualization of the different numbers of patches selected by random strategy and our gate strategy.
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Top-𝒌 gate network predictions on source dataset CIFAR10

Bottom-𝒌 gate network predictions on target dataset CIFAR100

Original Epoch0 Epoch5 Epoch10 Epoch20 Epoch30

Original Epoch0 Epoch5 Epoch10 Epoch20 Epoch30

Top-𝒌 gate network predictions on source dataset CIFAR10

Bottom-𝒌 gate network predictions on target dataset CIFAR100

Original Epoch0 Epoch5 Epoch10 Epoch20 Epoch30

Original Epoch0 Epoch5 Epoch10 Epoch20 Epoch30

Figure 8: The visualization of the different numbers of patches selected by random strategy and our gate strategy.
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Furthermore, we illustrate the evolution of the gate network’s predictions as it learns to integrate information from both
the source modality (CIFAR10) and target modality (CIFAR100) in Fig. 8. As depicted in the visualization, we observe
that initially, the gate network tends to produce random predictions. However, as training progresses, typically around the
10th epoch, we notice a significant transition as the gate network approaches convergence. At this stage, the gate network
demonstrates a clear ability to select critical patches of the source modality data and the unimportant patches of the target
modality data. After patch replacement, we can effectively maximize the retention of information from both modalities.

A.5. Additional evaluation on NAS-Bench-360

A.5.1. COMPARISON WITH DIFFERENT CROSS-MODAL FINE-TUNING METHOD

In Table 15, we compare our method, PaRe, with various cross-modal fine-tuning approaches, including Train from scratch,
FPT (layernorm), NFT (naive full fine-tuning), and ORCA. The results indicate that our method outperforms all other
cross-modal fine-tuning methods across all tasks.

Table 15: Comparison with different cross-modal fine-tuning method including: Train from scratch: training SwinTrans-
former/RoBERTa from scratch; FPT: fine-tuning only the layernorm; NFT: fine-tuning all parameters, ORCA and PaRe.

CIFAR-100 Spherical Darcy Flow PSICOV Cosmic NinaPro FSD50K ECG Satellite DeepSEA

Train from scratch 50.87 76.67 8.00E-02 5.09 0.5 9.96 0.75 0.42 12.38 0.39

FPT 10.11 76.38 2.10E-02 4.66 0.233 15.69 0.67 0.5 20.83 0.37
NFT 7.67 55.26 7.34E-03 1.92 0.17 8.35 0.63 0.44 13.86 0.51

ORCA 6.53 29.85 7.28E-03 1.91 0.152 7.54 0.56 0.28 11.59 0.29
PaRe 6.25 25.55 7.00E-03 0.99 0.121 6.53 0.55 0.28 11.18 0.28

A.5.2. IN-MODALITY TRANSFER

In the preceding sections, we have thoroughly demonstrated the superiority of our method in the context of cross-modal
fine-tuning. Next, we will validate the effectiveness of our approach in in-modality transfer in Table 16. Taking the
miniDomainNet (Zhou et al., 2021) (a reduced version of DomainNet (Peng et al., 2019)) dataset with 126 classes as an
example, we will assess the effectiveness of our method for in-modality transfer on four significantly different domains
(Clipart, Painting, Real and Sketch)

Table 16: Prediction errors (↓) on four domains on miniDomainNet.

Clipart Painting Real Sketch

ORCA 10.16 12.86 5.08 14.29
PaRe 9.21 11.75 5.08 14.13

A.5.3. MORE DATA-LIMITED SCENARIOS

What performance differences arise when our method is applied to target modalities with scarcer data? To investigate
this question, we further reduce the data in the target modality and compare the results with ORCA on three datasets: 2D
classification Ninapro and 1D classification DeepSEA. We compare the results in Table 17 using 10%, 30%, 50%, 70%, and
90% of the training data. We found that even with less training data, our method still achieves better performance compared
to ORCA.

A.5.4. COMPARISON WITH DATA-AUGMENTATION

Data augmentation is an essential approach to enrich dataset diversity and prevent model overfitting. However, due to the
diverse nature of target modalities, it’s challenging to apply uniform data augmentation techniques across all modalities. For
instance, common image augmentation techniques like random crop or grayscale may not be intuitively applicable to other
modalities such as PDEs or cosmic rays and might even mislead the model.

Therefore, in Table 18, we further explore techniques like mixing up target data or utilizing masking operations for data
augmentation. From the results, we observe that this augmentation approach is effective for datasets closer to the source
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Table 17: The results of more limited data in target modality.

Ninapro 10% 30% 50% 70% 90%

ORCA 27.31 16.39 12.75 10.02 9.41
PaRe 18.82 15.17 12.14 8.04 7.59

DeepSEA 10% 30% 50% 70% 90%

ORCA 0.369 0.355 0.349 0.345 0.339
PaRe 0.363 0.353 0.348 0.327 0.286

modality, such as CIFAR100 and Spherical, yielding promising results. However, for tasks with significant differences
from the source modality, like Darcy Flow or Ninapro, traditional techniques are ineffective and might even have negative
impacts. We also find that if we only classify the mix embedding into the target label without incorporating the source
loss, it essentially resembles the mask operation and cannot achieve modality-agnosticism. Hence, we ultimately adopt
this intermediate modality generation approach for cross-modal transfer. However, designing a modality-agnostic data
augmentation approach remains a future research direction.

Table 18: Comparison with in-modality data augmentation strategy.

CIFAR100 Spherical Darcy Flow Ninapro

target mixup 6.30 24.12 8.80E-03 9.71
target mask 6.48 27.37 7.40E-03 7.89
PaRe w/o src loss 6.54 26.65 7.40E-03 8.04
PaRe 6.25 25.55 7.00E-03 6.53
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