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Abstract

Prior work using Masked Autoencoders (MAEs) typically relies on random patch
masking based on the assumption that images have significant redundancies across
different channels, allowing for the reconstruction of masked content using cross-
channel correlations. However, this assumption does not hold in Multi-Channel
Imaging (MCI), where channels may provide complementary information with
minimal feature overlap. Thus, these MAEs primarily learn local structures within
individual channels from patch reconstruction, failing to fully leverage cross-
channel interactions and limiting their MCI effectiveness. In this paper, we present
ChA-MAEViT, an MAE-based method that enhances feature learning across MCI
channels via four key strategies: (1) dynamic channel-patch masking, which com-
pels the model to reconstruct missing channels in addition to masked patches,
thereby enhancing cross-channel dependencies and improving robustness to vary-
ing channel configurations; (2) memory tokens, which serve as long-term memory
aids to promote information sharing across channels, addressing the challenges of
reconstructing structurally diverse channels; (3) hybrid token fusion module, which
merges fine-grained patch tokens with a global class token to capture richer repre-
sentations; and (4) Channel-Aware Decoder, a lightweight decoder utilizes channel
tokens to effectively reconstruct image patches. Experiments on satellite and mi-
croscopy datasets, CHAMMI, JUMP-CP, and So2Sat, show that ChA-MAEViT
significantly outperforms state-of-the-art MCI-ViTs by 3.0-21.5%, highlighting the
importance of cross-channel interactions in MCI. Our code is publicly available at
https://github.com/chaudatascience/cha_mae_vit.

1 Introduction

Visual encoders generally process fixed-channel inputs, such as RGB, during both training and testing
phases [2–9]. However, in satellite imaging [10], robotic sensing [11], cell microscopy [12, 13],
and medical imaging [14], the input data can vary in both the number and type of channels. These
varying channel configurations arise from differences in sensor modalities, acquisition settings,
or experimental conditions. Multi-Channel Imaging (MCI) models are designed to learn feature
representations from heterogeneous channels whose type and number vary during both training
and testing [12, 13]. This adaptability allows a single model to effectively support diverse channel
configurations, thereby reducing computational costs and minimizing the risk of overfitting [12].

Prior MCI-Masked Autoencoder (MAE) models (e.g., [1, 15]) demonstrated promise in capturing
local spatial structures by learning to reconstruct randomly masked patches in multi-channel images.
These approaches assume that images exhibit significant redundancy across channels, enabling
the reconstruction of masked patches using unmasked patches from similar channels. While this
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Figure 1: Image patch interactions in MCI. (A) Prior Work on MCI-MAEs (e.g., CA-MAE [1])
employ random patch masking to train the model to reconstruct the masked patches. In the attention
map, where each row represents the average attention score of all patches in a channel towards
other channels and the [CLS] token (last column), we show each patch primarily attends to its own
channel (the diagonal) and the [CLS] token. This suggests that patch masking may not effectively
promote cross-channel interactions in MCI. (B) In contrast, Dynamic Channel-Patch Masking
(ours) encourages more interactions between patches across different channels by using both channel
and patch masking. Also, memory tokens serve as long-term memory to help information aggregation
across channels. Its attention pattern demonstrates a more uniform distribution across channels,
indicating that each image patch can learn more meaningful interactions.

assumption works well for natural images, where color channels typically show strong correlations, it
presents challenges in MCI scenarios. In these situations, complementary sensors (e.g., multispectral
and LiDAR) may capture distinct physical properties with minimal feature overlap. As shown in
Fig. 1(a), when using patch masking, the patch-to-channel attention concentrates on its own channel
(the diagonal) and the [CLS] token. This indicates that prior MAE methods mainly focus on visible
patches within the same channel, neglecting cross-channel feature interactions, restricting the model’s
ability to learn useful features that require information from multiple channels.

To address this challenge, we introduce Channel-Aware MAE − multichannel Vision Transformer
(ChA-MAEViT), which enhances cross-channel learning in MCI through four key improvements
summarized in Fig. 2. First, we propose Dynamic Channel-Patch (DCP) Masking, which adap-
tively masks both patches and channels during training, compelling the model to reconstruct these
missing patches and channels using the remaining patches (Fig. 2, left). DCP Masking adjusts
the channel masking ratio to enhance feature learning and robustness to missing channels during
inference. Fig. 1(b) shows our approach evenly redistributes patch attention scores across channels,
highlighting improved cross-channel interactions. However, in MCI, reconstructing masked channels
is challenging since each channel may encode unique features that are not easily inferred from others.

To enable the model to retain global information across all channels during reconstruction, we
introduce the use of memory tokens in MCI (Fig. 2, middle). Inspired by register tokens [16], which
are extra tokens added in the input to reduce artifacts in the feature maps of ViTs, these learnable
embeddings serve as long-term memory to retain key cross-channel information in both the encoder
and decoder. In addition, we use a hybrid token fusion module in the encoder to combine fine-grained
patch tokens with the global class token for a richer representation (Fig. 2, middle).

Finally, we employ Channel-Aware Decoder that simultaneously processes patch tokens from all
channels. Existing methods often rely on separate decoders for each channel [1, 17, 18], which
do not scale well with many input channels. Our shared lightweight decoder utilizes channel
tokens to provide channel-specific behavior and memory tokens to improve cross-channel feature
reconstruction, enhancing performance while reducing computational costs.

Most of our experiments use both self-supervised (SSL) and supervised learning to boost performance,
showing a similar complementary benefit from combining them (e.g., [19–22]). However, Appendix F
also evaluates SSL by itself, where we show our approach still outperforms prior work.

The most relevant work to ours focuses on enhancing cross-channel interactions [23–26]. However,
these approaches mainly use single-modality images, such as RGB, where channel similarities
facilitate strong correlations. As noted earlier, this often does not generalize to the more complex
MCI domain where channels convey varying information, e.g., a robot sensor can contain LiDAR,
RGB, and thermal camera. Thus, MCI requires a balance between preserving unique information in
each channel and effectively modeling the complex relationships between channels. MCI models
must also be robust to missing channels to support varying channel configurations [12, 13]. This
means that cross-channel interaction should not only improve the overall representation but also
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Figure 2: Our ChA-MAEViT approach enhances cross-channel learning via four key components:
1) Dynamic Channel-Patch Masking, which compels the model to reconstruct varying proportions
of missing channels and patches, thus improving interactions across channels and robustness to
the absence of some channels (Section 3.1). 2) Memory Tokens, which act as long-term memory
to facilitate information sharing between channels (Section 3.2). 3) To reconstruct the masked
patches and channels, we use a Channel-Aware Decoder that leverages channel tokens for image
reconstruction, enhancing performance while minimizing computational costs (Section 3.3). 4) A
Hybrid Token Fusion module, which combines fine-grained patch tokens with a global [CLS] token
to improve feature representation (Section 3.4).

involve learning useful redundancy across channels. ChA-MAEViT addresses these challenges by
introducing DCP Masking to enhance cross-channel interaction while allowing the model to learn
important channel-specific features, resulting in a more robust and higher-performing model.

Our key contributions are as follows:
• We explore ChA-MAEViT, which integrates MAEs into MCI-ViTs for improved robustness that

reports a gain of 3.0− 21.5% across three diverse MCI datasets, CHAMMI [12], JUMP-CP [27],
So2Sat [10], and consistent gains on Cloud-38 [28].

• We propose Dynamic Channel-Patch Masking, which adaptively masks both channels and
patches during training, requiring the model to reconstruct them to boost cross-channel interaction.

• We introduce a Channel-Aware Decoder that uses channel tokens to reconstruct image patches
more efficiently, thereby enhancing performance for downstream tasks.

• We use memory tokens − learnable vectors to retain cross-channel information and aggregate
channel-specific features, and hybrid token fusion module to merge the [CLS] token with fine-
grained patch tokens for enhanced feature representation.

2 Related Work

Many MCI methods do not use self-supervised objectives [13, 29, 30], but rather focus on aspects like
diversity and robustness to missing channels. However, as noted in the introduction, self-supervised
objectives like Masked Autoencoders (MAEs) can provide complementary information to further
boost performance. MAEs themselves are often built for RGB images (e.g., [19, 31, 32]) or those
that are also strongly aligned like thermal images [18], based on assumptions of strong correlations
between channels does not extend to many MCI images. Many methods in other domains followed
suit, performing channel-wise masking on protein markers [33] or masked both of spatial and spectral
channels [34, 35]. However, these methods rely on a fixed ratio of masked channels, which can
be inadequate for the varying channel configurations found in MCI. In addition, prior work uses
dual-branch architectures that treats spatial and channel representations independently, limiting
meaningful interactions between channels, especially when spatial alignment is not guaranteed. In
contrast, we dynamically mask a variable number of channels each time. By combining both channel
and patch-level masking within a single encoder, we achieve better feature interaction.

The work most similar to ours is CA-MAE [1], which randomly masks a fixed proportion of patches
from all channels and employs distinct decoders for reconstruction. In contrast, ChA-MAEViT
employs both channel and patch-level masking with a shared decoder, and memory tokens serve as
long-term memory to facilitate feature interactions.
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There are other types of self-supervised learning methods beyond MAEs that have been explored
in other settings (e.g., [31, 32, 36–45]). However, similar to MAEs, they often make assumptions
that do not generalize to MCI images. For example, self-distillation methods (e.g., SimSiam [40],
BYOL [41], DINO [42]) process two different views through two encoders, and then map one view
to the other using a predictor network. These methods often rely on complex augmentations designed
for natural images to generate dual views, such as color jittering and Gaussian blur. These are less
effective for MCI, where heterogeneous channels (e.g., LiDAR, thermal, RGB) carry distinct physical
properties. Such augmentations can distort critical features like depth or intensity, hindering the
model’s ability to capture cross-channel dependencies essential for MCI [46, 47]. This makes masked
modeling techniques attractive (e.g., MAE [31], SimMim [32]), as they do not rely on augmentations
that may be challenging to apply with more complex and varied images.

3 Channel-Aware MAE for Improved Cross-Channel Learning

Given a multi-channel image (MCI) denoted as X , which consists of various channels ci ∈ C, our
objective is to train a model M that takes X as input to generate representations and/or predictions.
Following [12, 13, 29, 30], we focus on the MCI setting where the model M is trained using all
available channels C but tested with a subset of those channels Ctest ⊆ C. We describe the details of
the four main components of our proposed framework, which is illustrated in Fig. 2.

3.1 Dynamic Channel-Patch Masking

As shown in Fig. 1(a), image patches in prior work seem to attend mostly to their own channels while
neglecting the others, potentially missing rich interactions among channels. To mitigate this issue, we
propose Dynamic Channel-Patch (DCP) Masking, which integrates both patch and channel-level
masking strategies. We start creating image patches (Appendix B), which results in n tokens per
channel, each with d-dimensional embeddings, for c channels.

Our masking strategy consists of two components: random patch masking and dynamic channel
masking. First, random patch masking, aims to generate a mask p_mask ∈ {0, 1}n×c that applies a
fixed masking ratio rp (e.g., 75%) to mask patches independently across each channel. Specifically,
for each channel j, we uniformly sample a set of ⌊n · rp⌋ positions from the n available patch
positions, denoted Sj ⊂ {1, 2, . . . , n} with |Sj | = ⌊n · rp⌋. We then mask these patches as

p_maski,j =

{
1 if i ∈ Sj

0 otherwise
, where p_maski,j = 1 indicates the patch at position i of channel j

is masked, and p_maski,j = 0 indicates unmasked. All channels have the same number of masked
patches, but locations vary per channel because they are independently sampled, as opposed to prior
work that first generates the mask for one channel and then replicates it to all other channels [35, 48].

The second component, dynamic channel masking, aims to generate a mask c_mask ∈ {0, 1}n×c

that adaptively mask out some channels. Here, the term "dynamic" refers to the varying number of
channels masked during training, rather than adaptation based on the specific input data. We start by
uniformly sampling the number of channels to be masked, denoted as k ∼ U{0, 1, . . . , c− 1}. Then,
we uniformly sample a set of k channels, denoted as C′ ⊂ {1, . . . , c} with |C′| = k, and mask these

channels out as c_mask⋆,j =

{
1n if j ∈ C′

0n otherwise
. This masking approach is inspired by Hierarchical

Channel Sampling (HCS) [30]. However, unlike HCS, which serves as a channel dropout technique
that completely removes selected channels, our approach employs masked channels as supervisory
signals, designating them as labels for the reconstruction process. This enables the model to directly
learn inter-channel relationships, thus enhancing greater cross-channel feature interaction.

Finally, we integrate these two components for training images in our DCP Masking strategy by
introducing hyperparameters ppatch, pchannel ∈ (0,1). These values divide the unit interval into three
sections to randomly determine how to use one or the other type of mask, as follows:

mask =


p_mask if s < ppatch
c_mask if ppatch ≤ s < ppatch + pchannel
p_mask ∨ c_mask otherwise

(1)
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where s is a selection value chosen uniformly at random. In practice, we found that optimizing
the model with these two masking strategies simultaneously can be difficult, as it may lead to
excessive information loss, making image reconstruction challenging. To address this, we adjust
the hyperparameters to alternate between the two masking strategies separately. Specifically, setting
ppatch = pchannel = 0 merges both patch and channel masks into a unified mask, and setting
ppatch = pchannel = 0.5 allows the model to switch between patch and channel masks. We adopt
these two straightforward configurations for all our experiments. Refer to Appendix D for the
procedure of DCP Masking, and Appendix F.5 for more analysis on the hyper-parameters.

3.2 Memory Tokens

Reconstructing masked channels is challenging due to their inherent differences, since each channel
encodes unique features not easily inferred from others, e.g., reconstructing LIDAR from RGB.
Inspired by the concept of register tokens [16], which are used to reduce artifacts in the feature
maps of ViTs, we introduce memory tokens for MCI (Fig. 2, middle). These memory tokens are
learnable embeddings that serve as long-term memory, allowing for the storage of global information
across all channels. During training, these tokens gather channel-specific features using self-attention
mechanisms, helping the model retain and propagate information across layers that might otherwise
be lost due to masking. Additionally, these tokens assist in decoding image patches to facilitate the
reconstruction process. During inference, memory tokens enable the model to retrieve stored context,
effectively addressing the issue of missing channels. Similar to the [CLS] token, memory tokens are
incorporated into the input during both training and inference. However, while the [CLS] token is
utilized as the final representation, the memory tokens are excluded.

Formally, we prepend l memory tokens {Mi}i∈[l] into the input sequence, resulting in
[tCLS;M1; . . . ;Ml; t1,1; t2,1; . . . ; tn,c], where tCLS and ti,j are the class token and patch token at
i-th location of j-th channel, respectively. After masking some patches (Section 3.1), the remaining
patches are fed into a transformer encoder. Following [29, 30], spatial information is incorporated
through learnable positional embeddings, while channel-specific properties are captured by special
channel tokens, each represented as a learnable embedding. These channel tokens are concatenated
with the patch tokens and jointly processed by the transformer encoder and decoder.

3.3 Channel-Aware Decoder

After processing the unmasked tokens with the encoder, we reconstruct the masked patches using the
unmasked ones with a Channel-Aware Decoder. Unlike prior MCI-MAE methods that use separate
decoders for each channel or modality [1, 17, 18], we employ a single decoder to process tokens from
all channels simultaneously (Fig. 2, right). This scales better to the number of input channels (up to
18 in our experiments), while also boosting performance.

Let the output sequence from the encoder be [̂tCLS; M̂1; . . . ; M̂l; t̂1; t̂2; . . . ; t̂v], where v denotes
the number of visible (i.e., unmasked) patches fed into the encoder. This sequence is shorter than
the original image patch length due to the missing masked patches. To reconstruct these masked
patches, we utilize u = (n · c − v) mask tokens mi, where each mask token is a shared, learned
vector representing the missing patch.

Incorporating Channel-Specific Information. To reconstruct channel-specific information, we
combine patch tokens, whether visible (̂ti) or masked (mi), with their corresponding channel tokens,
which are also optimized by the encoder. We define f(·) as a function that returns the corresponding
channel token for a given patch token. The input to our Channel-Aware Decoder is thus:

T̂ = [̂tCLS; M̂1; . . . ; M̂l; t̂1 + f (̂t1); t̂2 + f (̂t2); . . . ; t̂v + f (̂tv);m1 + f(m1), . . . ,mu + f(mu)]

Incorporating channel tokens provides a more channel-specific context, which enhances the recon-
struction process. Additionally, we incorporate learnable positional embeddings, which are shared
with the encoder, to provide information about the position of each patch in the image.

Patch Reconstruction. We pass the token sequence T̂ into several Transformer Blocks, followed
by a Decoder Head to reconstruct the pixels of each image patch. Let T ∈ R(n·c)×d represent the
output of the patch tokens from the final Transformer Block. The Decoder Head is a linear layer
Wdecoder ∈ Rd×p2

, where p is the image patch size. The pixel reconstruction of the i-th patch of the
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j-th channel, is computed as x̂i,j = (Ti,j ·Wdecoder) ∈ Rp2

. We found that a lightweight decoder
with just 1− 2 Transformer Blocks is sufficient, aligning with findings from prior work [19, 31].

Reconstruction Loss. We use standard L2 loss on the image pixel, and the Fourier space L1 loss
introduced in [1], both computed only on the masked patches. Let P =

∑n
i=1

∑c
j=1 maski,j

be the number of masked patches of the input image. Given xi,j , x̂i,j ∈ Rp2

, the original pixels
of patch i in channel j, and its reconstruction, respectively, the reconstruction loss is as follows:
Lpixel =

1
P

∑n
i=1

∑c
j=1 maski,j · L2(xi,j , x̂i,j); Lfourier =

1
P

∑n
i=1

∑c
j=1 maski,j · L1(|F(xi,j)|, |F(x̂i,j)|)

Lrecon = (1− λf ) · Lpixel + λf · Lfourier, (2)

where |F| is the amplitudes of Fast Fourier Transform. Following [1], we set a fixed λf to 0.01.

3.4 Hybrid Token Fusion

Prior work either utilizes the [CLS] token [16, 49] or average pooling of patch tokens [1, 19]
for downstream tasks. We found that incorporating both in our framework yields better per-
formance (Fig. 2, middle). Given the output sequence from the encoder, we use a learnable
query vector qpatch to interact with the patch tokens. The query attends to the patch tokens
through cross-attention, and then combines with the [CLS] token to generate a fused represen-
tation ffusion = t̂CLS ⊙ σ(CrossAttention(qpatch,Tp)), where Tp = [̂t1; t̂2; . . . ; t̂v], ⊙ represents
the elementwise product, and σ the sigmoid function. The fused representation, ffusion, integrates
global context from the [CLS] token while also being refined by detailed spatial information from the
patch tokens. We then use a multi-layer perceptron (MLP) with GELU activation [50] to enhance the
fusion representation and tailor it for downstream tasks: ffinal = Linear(GELU(Linear(ffusion))).

Training Objective. The output of Section 3.4 is then used to compute the task loss, e.g., cross-
entropy for classification. Our final loss consists of three components: the primary loss for the specific
task Ltask, regularization term Ld, and reconstruction loss Lrecon (Eq. (2)) as follows:

Lfinal = (1− λrecon) · (Ltask + λd · Ld) + λrecon · Lrecon, (3)

where λd is to balance the task loss and the regularization term, and λrecon is to balance the re-
construction loss with other losses. For regularization Ld, we use the losses introduced in [29],
in which Channel Diversification Loss applies to the channel tokens, and Token Diversification
Loss applies to the patch tokens to encourage diversity learning. We set a small λd (e.g., 0.001) as
suggested by [29], and a fixed λrecon = 0.99 for all experiments.

4 Experiments

Datasets. We evaluate on three cell microscopy and satellite datasets. (i) CHAMMI [12], a channel-
adaptive benchmark consists of varying-channel images sourced from WTC-11, HPA and CP, with 3,
4, and 5 channels respectively. Together, these three datasets contain 220K microscopy images, in
which, 100K images are for training, while the rest for testing across domain generalization tasks.
(ii) JUMP-CP [27] is a cellular imaging dataset, where each image has 8 channels, consisting of 5
fluorescence and 3 brightfield channels. We use compound perturbation plate BR00116991, which
contains 127K training, 45K validation, and 45K test images, across 161 classes. (iii) So2Sat [10]
contains synthetic aperture radar and multispectral optical image patches from remote sensing
satellites, with 18 channels (8 from Sentinel-1, 10 from Sentinel-2) and 17 climate zone classes. We
use the city-split version, consisting of 352K training, 24K validation, and 24K test images.

Baseline methods. We compare to the following methods:
• DepthwiseViT [12] processes each input channel through a depthwise convolution layer, averages

the filtered features, and feeds them into a ViT backbone.
• TemplateMixingViT [52–54] learns channel weights via shared parameter templates, forming a

patch projection layer for a ViT backbone.
• HyperNetViT [51] uses a neural network to generate channel-specific weights, concatenating

them into a patch projection layer for a ViT backbone.
• CA-MAE [1] extends MAE for multi-channel imaging. We add task loss to adapt this baseline.
• ChAda-ViT [13] employs a shared projection for channel-wise feature extraction, combining the

tokens with positional and channel embeddings for ViT processing.
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Table 1: Comparison of channel adaptive models. We report the mean accuracy with standard
deviation on the test set of three runs. "Full" refers to inference on all channels, while "Partial" means
inference on a subset of channels. ChA-MAEViT outperforms other baselines consistently across
three datasets. Note: all models contain the same number of parameters, except CA-MAE due to its
separate decoders (e.g., 4X parameters on So2Sat).

CHAMMI [12] JUMP-CP [27] So2Sat [10]

Model Avg score Full Partial Full Partial

HyperNetViT [51] 56.08±0.41 47.07±0.47 42.43±0.65 60.73±0.24 41.88±0.85
DepthwiseViT [12] 61.80±0.43 49.86±0.45 44.98±0.71 60.41±0.22 43.41±1.10

TemplateMixingViT [52–54] 58.16±0.42 52.48±0.27 43.85±0.73 55.86±0.10 37.28±0.34
CA-MAE [1] + Sup. loss 59.15±0.28 69.54±0.12 20.93±0.25 64.21±0.41 15.75±0.83

ChAda-ViT [13] 63.93±0.42 65.03±0.98 42.15±2.33 56.98±0.46 12.38±2.03
ChannelViT [30] 64.97±0.58 67.51±0.35 56.49±0.53 61.03±0.17 46.16±0.40

DiChaViT [29] 69.77±0.44 69.19±0.47 57.98±0.41 63.36±0.11 47.76±0.23

ChA-MAEViT (ours) 74.63±0.54 90.73±0.14 68.05±0.21 67.44±0.38 52.11±0.49

• ChannelViT [30] Similar to ChAda-ViT, while incorporating Hierarchical Channel Sampling.
• DiChaViT [29] improves ChannelViT with regularization terms and diverse channel sampling.

Additionally, we investigate the effect of combining the best supervised baseline, DiChaViT, with
the following SSL to evaluate the importance of incorporating self-supervision: MAE [1, 31],
SimCLR [37, 38], SimSiam [40], iBOT [43], and DINOv2 [44]. More details in Appendix C.

Implementation details. All baselines employ ViT-S (21M) as the backbone. In our method, we
remove one transformer block from the encoder to accommodate the decoder, ensuring that our
approach maintains the same number of parameters as the baselines. Refer to Appendix E for details.

Metrics. We reported top-1 classification accuracy for the classification tasks on So2Sat [10] and
JUMP-CP [27]. For the representation learning tasks on CHAMMI [12], following [29], we report
the average F1 scores across WTC-11 and HPA.

4.1 Results

Table 1 compares ChA-MAEViT with different MCI-ViTs. ChA-MAEViT significantly outper-
forms the baseline models by an average of 10.0% across three datasets. Specifically, ChA-MAEViT
exceeds the state-of-the-art model DiChaViT by 5.0% on CHAMMI, a channel-adaptive benchmark.
For JUMP-CP and So2Sat, we conducted evaluations in both Full (using all channels) and Partial
(using subsets of channels) settings. In the full setting, our model surpasses the next best models
by 21.5% and 3.0%, respectively. Additionally, ChA-MAEViT demonstrates its robustness in the
partial settings, where we test JUMP-CP using five fluorescence channels and So2Sat using eight
Sentinel-1 channels, showing improvement of 10.0% and 4.5% points respectively over prior work.

Table 2 presents the impact of integrating various SSL methods with the top-performing supervised
approach, DiChaViT [29]. In the last row, we train DiChaViT to reconstruct the masked patches
using only our DCP Masking, without incorporating memory tokens, Hybrid Token Fusion, or
Channel-Aware Decoder. While the combination with MAE gives the highest performance, DCP
still significantly outperforms the best SSL-enhanced variant by 0.6−5.6% across three datasets. The
performance gap highlights the effectiveness of DCP, which substantially exceeds the improvements
gained from solely combining with SSL objectives. Additionally, by only processing the unmasked
patches, our method achieves significantly faster runtime compared to other SSL methods, e.g., 6X
faster than DINOv2, making it both performant and computationally efficient for MCI tasks. Refer
to Appendix C and Appendix Fig. 6 for more discussion on runtime and FLOPs comparisons.

To further demonstrate our approach’s ability to generalize, Table 3 reports segmentation performance
on 38-Cloud [28], complementing our results on the classification (So2Sat [10], JUMP-CP [27])
and representation learning tasks (CHAMMI [12]) reported earlier. ChA-MAEViT outperforms all
baselines across evaluation metrics, demonstrating its ability to boost multi-channel learning.
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Table 2: SSL methods when combined with the best supervised baseline DiChaViT [29]. The last
row shows the combination of DiChaViT with Dynamic Channel-Patch Masking. Incorporating
SSL in DiChaViT results in improvements. Best result with our masking strategy. Boldfaces and
underlines indicates best and second best numbers, respectively.

CHAMMI JUMP-CP So2Sat

DiChaViT [29] + Full Partial Full Partial

SimCLR [37, 38] 70.72±0.40 67.12±0.39 56.96±0.68 64.44±0.58 49.42±0.63
SimSiam [40] 70.44±0.38 68.64±0.56 57.72±0.69 64.07±0.31 48.52±0.71

iBOT [43] 70.71±0.44 68.87±0.51 57.81±0.47 63.11±0.32 47.84±0.54
DINOv2 [44] 70.03±0.28 66.91±0.52 56.18±0.66 63.42±0.27 49.20±0.72
MAE [1, 31] 70.27±0.78 78.62±0.78 64.21±0.73 62.88±0.49 47.76±0.62

DCP Masking 71.47±0.53 84.02±0.49 65.72±0.43 66.02±0.22 50.52±0.45

Table 3: Comparing segmentation Performance on 38-Cloud [28]. We report the average and
standard deviation from three runs. ChA-MAEViT outperforms all baselines in all metrics.

Model Accuracy IoU Precision Recall F1

ChannelViT [30] 0.945±0.003 0.843±0.012 0.919±0.015 0.911±0.004 0.915±0.003

DiChaViT [29] 0.951±0.004 0.857±0.011 0.924±0.007 0.922±0.006 0.923±0.003

CA-MAE [1] 0.946±0.002 0.845±0.003 0.917±0.005 0.916±0.003 0.916±0.002

DiChaViT [29] + CA-MAE [1] 0.959±0.001 0.886±0.004 0.939±0.005 0.943±0.004 0.941±0.002

ChA-MAEViT (ours) 0.964±0.001 0.894±0.002 0.943±0.002 0.945±0.001 0.944±0.001

Table 4: ChA-MAEViT ablation study. Replacing any component from ChA-MAEViT, such
as substituting our DCP Masking with the random patch masking from CA-MAE [1] ("w/o DCP
Masking"), results in a performance drop. The decline is most significant when DCP Masking is
excluded. Incorporating all components consistently enhances performance across all three datasets.

CHAMMI [12] JUMP-CP [27] So2Sat [10]

Model Avg score Full Partial Full Partial

ChA-MAEViT 74.63 90.73 68.05 67.44 52.11
w/o DCP Masking 70.51 88.01 52.33 64.50 28.70
w/o Hybrid Token Fusion 73.84 88.25 66.23 65.48 51.40
w/o Memory Tokens 73.62 87.81 67.21 65.18 50.46
w/o Channel-Aware Decoder 72.95 87.52 67.05 65.78 49.88

Ablation study of ChA-MAEViT. Table 4 presents the model’s performance when a component
is replaced. Specifically, "w/o DCP Masking" indicates that we replace our DCP Masking with
random patch masking in CA-MAE [1], "w/o Hybrid Token Fusion" uses [CLS] token instead of
Hybrid Token Fusion module, "w/o Memory Tokens" means no memory token is being used, and
"w/o Channel-Aware Decoder" indicates replacing our Channel-Aware Decoder with CA-MAE’s
Separate Decoders. The results highlight the critical role of each of the components, especially DCP
Masking, as its removal has the most detrimental effect on performance.

Inference under varying channel configurations. Table 5 evaluates ChA-MAEViT and the
best baseline DiChaViT [29] when tested on varying numbers of channels of JUMP-CP. We train
the model using all eight channels and assess performance after removing channels, e.g., testing
with seven channels, as shown in column "7," we averaged all C7

8 = 8 possible combinations
(refer to Appendix Table 9 for detailed results). ChA-MAEViT demonstrates enhanced robustness,
particularly when some channels are missing during inference.

Comparing masking strategies. Table 6 compares various masking strategies applied to ChA-
MAEViT. For fixed ratio approaches, we test several ratios (e.g., 50%, 75%) and report the best
results. DCP Masking consistently outperforms others, achieving highest scores in both Full and
Partial settings. Notably, while random patch masking is effective in Full, it experiences a significant
performance drop in Partial. In contrast, dynamic channel masking methods adapted from [29, 30]
provide better adaptability for partial settings, and our DCP Masking approach improves even more.
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Table 5: Performance on varying channel configurations during inference. Columns report the
mean(std) across all channel combinations on JUMP-CP [27], e.g., "7" indicates testing on 7 out of
8 channels (C7

8 = 8 combinations). ChA-MAEViT consistently shows improved robustness with
missing channels at test time. Note that the reported std reflects variation across channel combinations,
not model training variance. Refer to Table 9 in the Appendix for model variance report.

Number of channels at inference

Method 8 7 6 5 4 3 2 1

DiChaViT [29] 69.19 61.91(9.3) 54.49(12.4) 46.35(13.4) 38.00(12.4) 30.09(9.3) 23.97(4.9) 20.90(1.6)

ChA-MAEViT 90.73 83.36(8.3) 74.55(11.7) 63.46(13.8) 50.85(13.9) 38.13(11.2) 27.62(6.4) 21.59(2.1)

Table 6: Mask strategies in MCI when using with ChA-MAEViT. While Random Patch and
Channel Sampling perform similarly on Full channels, Random Patch experiences a significant drop
in Partial channel settings. Dynamic Channel-Patch (DCP) Masking demonstrates its effectiveness in
both Full and Partial channel settings, outperforming all strategies across three datasets.

CHAMMI JUMP-CP So2Sat

Mask Strategy Avg score Full Partial Full Partial

Random Patch (fixed ratio) (e.g., [1, 17, 19, 55, 56]) 70.51 88.01 52.33 64.50 28.70
Random Patch (dynamic) 68.23 85.54 55.86 64.84 31.92
Channel (fixed ratio) [18] 47.97 73.00 65.25 65.22 38.59

Hierarchical Channel Sampling (dynamic, adapted [30]) 69.86 83.71 67.75 65.20 48.77
Diverse Channel Sampling (dynamic, adapted [29]) 71.57 84.69 67.86 65.49 51.05

Channel + Patch (fixed ratio) [35, 48] 48.46 69.41 62.19 62.20 32.18

DCP Combination (pchannel = ppatch = 0) (ours) 73.75 85.95 68.36 67.44 52.11
DCP Alternate (pchannel = ppatch = 0.5) (ours) 74.63 90.73 68.05 66.47 50.69

In addition, we analyze two variants of DCP that we use in all our experiments: Combination
and Alternate. The DCP Combination unifies both patch and channel masks, while the DCP
Alternate switches between the two for each training iteration. Both variants outperform traditional
patch- and channel-based masking, highlighting the effectiveness of joint channel-patch masking.
Refer to Appendix F.5 for more analysis and hyperparameter settings for the DCP Masking.

4.2 Model ablations and sensitivity analysis

Impact of Memory tokens. Fig. 3(a) & (b) show the accuracy achieved by numbers of memory
tokens. Using memory tokens enhances performance, but beyond a certain point yields diminishing
returns. This suggests that while memory tokens can improve performance, excessive reliance on
them may negatively impact the interaction of patch features. We found that a default of 4 memory
tokens works well across the three datasets.

Attention patterns of Memory tokens. Fig. 4 shows the attention patterns between image patches
and memory tokens of the encoder. Each group of channels displays distinct preferences for specific
memory tokens. Fig. 4(a) shows that the VH channels primarily focus on memory token 8, while the
Lee-filtered channels have stronger attention toward memory token 1. Similarly, for JUMP-CP in
Fig. 4(b), the Brightfield channels allocate more attention to memory token 3, whereas Fluorescence
channels show a slight preference for memory token 1. This suggests that each type of channel
utilizes different memory tokens to store the global information necessary for feature extraction.

Token pooling strategies. Table 7 compares the performance of various token pooling strategies
on CHAMMI and So2Sat. In general, combining the [CLS] token with the average of the patch
tokens gets better performance than either alone. By utilizing both the global [CLS] token and the
fine-grained patch tokens, Hybrid Token Fusion consistently outperforms others across all settings.

Reconstruction loss lambda. Fig. 3(c) & (d) analyze the effect of the reconstruction weight λrecon

(Eq. (3)) on model performance. Consistent with prior work [19, 22], a large value of Lrecon gives
the best results. However, performance drops significantly using just the MAE loss (i.e., λrecon = 1),
noting the contributions of both losses. In all our experiments, we set a fixed Lrecon to 0.99.
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Figure 3: Impact of the number memory tokens and reconstruction lambda λrecon (Eq. (3)). (a)
& (b) Using 4 − 8 tokens improves performance, however, using more memory tokens (e.g., 24)
may reduce the effectiveness. (c) & (d) λrecon = 0 means without the reconstruction loss, while
λrecon = 1 indicates only using the reconstruction loss. For λrecon = 1 on So2Sat, we run linear
probing. λrecon = 0.99 works best for ChA-MAEViT on both datasets.
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Figure 4: Attention between image patches and memory tokens of the encoder. Each channel
group focuses on different memory tokens. (a) So2Sat: VH channels utilize memory token 8, whereas
Lee-filtered channels attend more to memory token 1. (b) JUMP-CP: Brightfield channels focus on
memory token 3, while Fluorescence channels favor memory token 1.

Table 7: Comparison of token pooling methods.
Hybrid Token Fusion achieves the best perfor-
mance, demonstrating the benefit of leveraging
both global and fine-grained local tokens.

CHAMMI So2Sat

Token Pooling Method Full Partial

Avg Patch tokens 71.41 64.86 51.87
[CLS] token 73.84 65.48 51.40

[CLS] + Avg Patch tokens 73.96 66.23 49.45

Hybrid Token Fusion (ours) 74.63 67.44 52.11
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Figure 5: Different Decoders when using
with ChA-MAEViT. Our Channel-Aware De-
coder outperforms the best baseline by 1.1−
3.2% on all three datasets.

Channel-Aware Decoder analysis. Fig. 5 shows Channel-Aware Decoder in ChA-MAEViT
outperforms both Separate Decoders [1] and Shared Decoder W/out Channel Tokens by 1.1− 3.2%
across three datasets in full and partial settings. Channel-Aware Decoder is also more efficient than
Separate Decoders thanks to its shared parameters, e.g., 18X fewer parameters on So2Sat.

5 Conclusion

In this paper, we introduce ChA-MAEViT, a novel MAE-based method to enhance feature learning
in Multi-Channel Imaging (MCI) ViTs. First, we introduce Dynamic Channel-Patch Masking,
in which we adaptively mask both image patches and channels and train the model to reconstruct
the masked patches. Additionally, we incorporate memory tokens to preserve global context across
channels and Hybrid Token Fusion module to combine features from local patch tokens and
global class tokens. Furthermore, we propose Channel-Aware Decoder to efficiently reconstruct
channel-specific details. Experiments conducted on the CHAMMI, JUMP-CP, and So2Sat datasets
demonstrate that ChA-MAEViT outperforms prior MCI-ViTs by 3.0 − 21.5%, highlighting the
significance of enhanced cross-channel interactions. Future research could explore the adaptation of
the channel-aware framework to additional complex modalities, such as volumetric medical imaging,
which is composed of sequential two-dimensional slices.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Yes, the abstract and introduction reflect our main contributions and scope of
the paper.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: While we demonstrate that ChA-MAEViT can handle novel channels never
seen during training in a preliminary experiment, we leave a systematic investigation of this
setting for future work, as mentioned in the Broader Impacts and limitations.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: We do not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Our method is described clearly in Fig. 2 and Section 3. We also provide
the implementation details in Appendix E, and release the code at https://github.com/
chaudatascience/cha_mae_vit.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: We release the code with instructions to download the datasets.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We provide the implementation details in Appendix E.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We provide error bars in our resulting tables, such as in Table 1 and Table 9.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the implementation details with computer resources in Appendix E

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Yes, the research conducted conforms with the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We include a Broader Impacts and limitations.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [Yes]
Justification: The paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cite the original papers and provide a link to the codes. The license and
terms are properly respected.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: We release the code with a document for people to use.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: In this paper, we do not use crowdsourcing.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: We only use LLMs for editing the writing.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Broader Impacts and limitations

The development of ChA-MAEViT represents a significant advancement in Multichannel Imaging,
with benefits such as improved medical diagnostics and faster healthcare research. Its applications
in satellite imaging also hold potential for environmental monitoring. However, there are risks,
including the possibility of misuse for invasive surveillance systems, highlighting the need for ethical
considerations and responsible deployment.

While our model is capable of handling unseen channels by leveraging relationships learned from
known ones (Appendix F.10), we have not thoroughly evaluated its performance in such scenarios.
Adapting to novel channels requires mapping them to existing ones, which becomes more challenging
under domain shifts. We leave a systematic investigation of this setting to future work. Additionally,
our approach requires some extra hyper-parameter tuning, which can increase computational resource
demands.

B Image patching

Formally, let I ∈ Rh×w×c represent a multi-channel input image, where (h,w) denotes the dimen-
sions of the image and c is the number of channels. We begin by patchifying each channel into n 2-D
patches of size p× p in pixels. This process yields n× c patches, denoted as xi,j ∈ Rp×p, where
n = h·w

p2 is the number of patches per channel, i indicates the spatial location of a given patch, and j

denotes the j-th channel. Next, we flatten each patch xi,j ∈ Rp2

, and then pass it into a shared linear
projection W ∈ Rp2×d. This results in patch tokens ti,j = (xi,j ·W) ∈ Rd, leading to a sequence of
n× c patch tokens [t1,1; t2,1; . . . ; tn,c]. Note that we utilize a shared projection across all channels,
thus the number of parameters remains constant regardless of the number of input channels.

C Combination of DiChaViT with SSL

We adopt the following SSL methods with DiChaViT [29] as baselines: SimCLR [37, 38], Sim-
Siam [40], MAE [31], iBOT [43], and DINOv2 [44].

SimCLR [37, 38] utilizes augmentation strategies that include random cropping, color distortion,
and Gaussian blur to generate the dual views of an input image. This approach requires twice the
computational resources per sample compared to single-path methods. Since hue and saturation are
not well defined in multi-channel images, we apply the augmentation by only adjusting brightness
and contrast.

SimSiam [40] employs similar augmentations as SimCLR, but it eliminates the use of negative pairs
by stop-gradient. This operation helps prevent representation collapse by decoupling the optimization
of the twin network branches, which simulates an alternating optimization process similar to the
Expectation-Maximization (EM) approach. Additionally, SimSiam does not require momentum
encoders.

MAE [31] involves randomly masking a large portion of the input image and training the model to
reconstruct the missing content. Unlike contrastive methods, MAE does not depend on augmentation
pipelines, which can be ineffective for heterogeneous channels in MCI [46, 47]. Additionally,
by processing only a small fraction of the image, this method significantly lowers computational
demands, thereby enhancing efficiency. Note that combining MAE with DiChaViT [29] results in a
model very similar to CA-MAE [1], an extension of MAE for multi-channel imaging. However, key
components from DiChaViT− such as diverse regularizers, channel tokens, and the diverse channel
sampling strategy − are not present in CA-MAE, making the combined model more expressive for
handling multi-channel imaging.

iBOT [43] combines masked image modeling with self-distillation by utilizing dual augmentation
streams that include both masked and full views. This encourages the model to align representations
across different views while reconstructing missing content. Particularly, iBOT uses clockwise
masking introduced in BEiT [57], where a block of image patches is masked each time. To adapt
this clockwise masking for multi-channel images, we generate a mask for each channel, ensuring
that the masked blocks only cover the areas in the channel. Compared to MAE, iBOT introduces
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additional computational overhead due to its use of teacher-student distillation. Furthermore, the
dual-stream processing increases the per-sample training cost, making iBOT more computationally
demanding than single-view methods like MAEs.

DINOv2 [44] employs multi-cropping alongside various augmentations, such as color jittering,
Gaussian blur, and random solarization, as well as self-distillation techniques. Notably, DINOv2 also
incorporates additional loss functions, such as iBOT loss [43] and KoLeo loss [58]. During training,
DINOv2 generates multiple crops from each image (e.g., 2 global views and 8 local views) which
leads to significantly higher computational demands compared to other SSL methods. For example,
training DINOv2 on JUMP-CP dataset using two GPUs requires approximately 6 days, whereas
SimCLR takes around 2 days and MAE only requires 1 day. Refer to Fig. 6 for FLOPs counts.

To integrate these SSL methods with DiChaViT [29], we add the task loss and optimize it along
with the SSL loss. Additionally, we explored another variant that included an additional branch
utilizing standard augmentations recommended by the authors of the dataset to optimize the task
loss and return the predictions at test time (e.g., only using random cropping, horizontal flipping,
and thin-plate-spline transformation [59] for CHAMMI). We observed that relying exclusively on
complex augmentation pipelines, like those used in SimCLR, negatively impacts the performance
of the combined model, while incorporating at least one view with regular augmentation enhances
the model’s learning capability. For self-distillation methods such as DINOv2, we found that the
performance of the teacher network is slightly better than that of the student network, thus we report
the performance on the teacher network.

D Dynamic Channel-Patch (DCP) Masking Algorithm

Algorithm 1 outlines the procedure of Dynamic Channel-Patch (DCP) Masking in Section 3.1 of
the main paper, where we combine both patch and channel masking strategies. In practice, setting
ppatch = pchannel = 0 merges both patch and channel masks into a unified mask, and setting
ppatch = pchannel = 0.5 allows the model to switch between patch and channel masks. We adopt
these two straightforward configurations for all our experiments. For ppatch = pchannel = 0 (i.e.,
DCP Combination), we found that it works well with a small value of patch mask ratio rp, and simply
set rp = 0.25 for all the experiments. For ppatch = pchannel = 0.5 (i.e., DCP Alternate), we used a
larger value of rp = 0.75. Refer to Appendix F.5 for more analysis on these hyperparameters.

E Implementation details

For most of the baseline models, such as HyperNetViT, ChannelViT, ChAda-ViT, and
DiChaViT, we utilize the implementation from [29] 1. For iBOT and DINOv2, we adapt the
implementation from [44] 2. We employ a ViT small architecture with 21M parameters as the
backbone for all methods. To ensure that we maintain the same number of parameters as the baselines,
we removed one layer from the encoder to incorporate it into the decoder for our method. For both
CHAMMI and JUMP-CP, we use a patch size of 16, while for the So2Sat dataset, we opt for a patch
size of 8. We trained the models using the AdamW optimizer, aiming to minimize the cross-entropy
loss for the JUMP-CP and So2Sat datasets, while employing proxy loss for CHAMMI.

CHAMMI dataset [12]. For the baselines, we utilize the [CLS] token from the final layer as the
feature representation and train the model to minimize the proxy loss [60]. We then evaluate the model
on various tasks using the evaluation code provided by [12], incorporating a 1-Nearest Neighbour
classifier to calculate the macro-average F1-score for each task individually 3. The channel-adaptive
interfaces are adapted from the authors’ implementation code 4. In addition to the model, we apply
the same data augmentation techniques recommended by the authors, including thin-plate-spline
(TPS) transformations [59]. Each model is trained for 100 epochs with a learning rate of 0.0004 and
a batch size of 64.

1https://github.com/chaudatascience/diverse_channel_vit
2https://github.com/facebookresearch/dinov2
3https://github.com/broadinstitute/MorphEm
4https://github.com/chaudatascience/channel_adaptive_models
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Algorithm 1: Dynamic Channel-Patch Masking
Input :Number of patches per channel n;

Number of channels c;
Patch mask ratio rp;
Probability of using patch masking ppatch;
Probability of using channel masking pchannel;
(0 ≤ ppatch + pchannel ≤ 1)

// Random Patch Mask
1 p_mask = 0n×c // initialize patch mask
2 For j = 1, 2, . . . , c:
3 p_mask[:, j] = generate_random_patch_mask(n, rp)
4 EndFor
// Dynamic Channel Mask

5 Uniformly sample a number of channels to mask k ∼ U{0, 1, . . . , c− 1}
6 Uniformly sample k masked channels C′ = Sample({1, . . . , c}, k)
7 c_mask = 0n×c // initialize channel mask
8 For j ∈ C′:
9 c_mask[:, j] = 1n // mask whole channel j

10 EndFor
// Masks For Current Iteration

11 Sample s ∼ U(0, 1) ∈ R
12 If s < ppatch:
13 mask = p_mask // Using patch mask
14 Else If s < ppatch + pchannel:
15 mask = c_mask // Using channel mask
16 Else: // Combining both masks
17 mask = p_mask ∨ c_mask

Output :mask ∈ {0, 1}n×c, where 1 denotes mask

JUMP-CP [27] and So2Sat [10] datasets. Following [29, 30], we warm up the learning rate for the
first 10 epochs, reaching a peak of 0.0004. After this initial period, the learning rate gradually decays
to 10−6 according to a cosine scheduler. To mitigate overfitting, we apply a weight decay of 0.04
to the weight parameters while excluding the bias and normalization terms. We use the same data
augmentation techniques as outlined in [29]. For the final prediction, we utilize [CLS] token from the
Transformer encoder into a classifier head to predict the probability of each class. The final model
checkpoint is selected based on validation performance. Each model is trained for 100 epochs, with a
batch size of 64 on JUMP-CP and 128 on So2Sat.

Compute resources. Experiments conducted on So2Sat and CHAMMI utilize one NVIDIA RTX
GPU with 48GB RAM, alongside three Intel(R) Xeon(R) Gold 6226R CPUs. For JUMP-CP
experiments, two NVIDIA RTX GPUs and six Intel(R) Xeon(R) Gold 6226R CPUs were used.

F Additional Results and Analyses

F.1 FLOPs Count for Combination of DiChaViT with SSL

In Fig. 6, we present the FLOPs for each of the SSL methods when combined with DiChaViT,
shown in Table 2 of the main paper. ChA-MAEViT achieves the lowest FLOPs, approximately
one-sixth that of DINOv2.

F.2 CHAMMI Benchmark Results

Table 8 presents the F1 scores of various MCI-ViT models (ViT-S backbone) evaluated on the
CHAMMI benchmark [12]. The evaluation consists of nine tasks, including six out-of-distribution
(OOD) tasks. ChA-MAEViT demonstrates superior overall performance, achieving the highest
scores in six out of the nine tasks across different settings.
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Figure 6: FLOPs Count for Combination of DiChaViT with SSL. We show FLOPs for each
method when trained on JUMP-CP. ChA-MAEViT achieves the lowest FLOPs, ≈ 1/6 that of
DINOv2.

Table 8: F1 Scores of MCI-ViT models on CHAMMI benchmark [12]. ChA-MAEViT demon-
strates better overall performance on CHAMMI, achieving the highest scores in 6 out of 9 tasks
across various settings. "OOD" refers to out-of-distribution tasks. All models have the same number
of parameters, except CA-MAE with 3X more parameters due to its use of separate decoders.

Average OOD WTC HPA CP

Model Mean WTC HPA CP Task1 Task2 Task1 Task2 Task3 Task1 Task2 Task3 Task4

HyperNetViT [51] 47.17 45.78 67.61 28.11 58.83 45.78 88.78 82.70 52.52 82.13 53.74 23.16 7.42
DepthwiseViT [12] 50.44 52.19 71.41 27.72 69.81 52.19 91.65 88.04 54.78 81.24 54.08 23.21 5.87

TempMixingViT [52–54] 47.33 51.52 64.80 25.66 61.66 51.52 85.01 79.91 49.69 77.45 48.83 22.56 5.60
CA-MAE [1] + Sup. Loss 48.82 61.85 56.45 28.15 77.57 61.85 84.45 71.89 41.01 76.49 56.52 19.43 8.49

ChAda-ViT [13] 50.82 67.18 60.67 24.60 77.58 67.18 87.49 75.94 45.41 83.92 45.58 21.94 6.28
ChannelViT [30] 52.54 67.58 62.35 27.81 78.36 67.58 83.93 76.73 47.97 77.70 55.16 21.89 6.38

DiChaViT [29] 55.36 75.18 64.36 26.53 80.87 75.18 88.08 79.26 49.45 84.08 53.03 20.95 5.60

ChA-MAEViT (ours) 58.02 77.15 72.11 24.81 84.52 77.15 94.14 87.47 56.75 90.89 56.68 10.25 7.50

F.3 Performance when only using SSL Objectives

We evaluate the effectiveness of ChA-MAEViT in the SSL setting by comparing the performance
of different SSL methods. Specifically, all models were trained solely using SSL objectives, i.e., no
task-specific loss was incorporated. For the So2Sat [10] and JUMP-CP [27] datasets, we reported
the accuracy from linear probing over 20 epochs. As shown in Fig. 7, ChA-MAEViT achieves the
highest score of 37.7%, surpassing other approaches by 1.0 − 8.5% on CHAMMI. In Fig. 8, our
method consistently outperforms baseline models in both Full and Partial settings on So2Sat. A
similar trend is observed for JUMP-CP in Fig. 9. This demonstrates the effectiveness of our method
in SSL settings for MCI, highlighting its ability to extract meaningful representations in scenarios
where supervised labels are unavailable.

F.4 Leave-One-Channel-Out at Test Time

In Table 9, we present the results of training the model using all eight channels of JUMP-CP and then
testing it with various combinations of seven channels. This provides a detailed result for column
"7" of Table 5 in the main paper, which represents C7

8 = 8 different channel combinations. For each
combination, we report the mean and standard deviation of the model’s performance based on three
runs. Our results demonstrate that ChA-MAEViT achieves an improvement of 17− 23% for each
combination compared to the baseline models DiChaViT [29] and ChannelViT [30].
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Figure 7: Comparison of SSL methods on CHAMMI [12]. All models were trained solely using
SSL objectives, i.e., without any task loss. ChA-MAEViT achieves the highest score, outperforming
other baselines by 1.0− 8.5%, demonstrating the effectiveness of our approach over other methods
in SSL settings for MCI.
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Figure 8: Comparison of SSL methods on So2Sat [10]. All models were trained solely using
SSL objectives, i.e., without any task loss, then trained with linear probing for another 20 epochs.
ChA-MAEViT outperforms other baselines in both Full (left) and Partial channel settings (right),
demonstrating its effectiveness for SSL in both scenarios.
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Figure 9: Comparison of SSL methods on JUMP-CP [27]. All models were trained solely
using SSL objectives, i.e., without any task loss, then trained with linear probing for another 20
epochs. ChA-MAEViT achieves the highest score when tested on Full channels (left) and performs
comparably to the top-performing baselines on Partial channel settings (right).
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Table 9: Analysis of Leave-One-Channel-Out Testing. We present the detailed results for column
"7" in Table 5 of the main paper. Each row shows the results obtained by leaving out one channel
and testing the model on the remaining seven channels. For all experiments conducted, we provide
the mean ± standard deviation based on three runs. Our method, ChA-MAEViT, consistently
outperforms the best two baselines ChannelViT [30] and DiChaViT [29] by 17− 23% across all
tested combinations.

Missing channel at inference ChannelViT [30] DiChaViT [29] ChA-MAEViT (ours)
0 61.72 ± 0.48 63.48 ± 0.20 86.29 ± 0.37
1 61.21 ± 0.41 62.72 ± 0.28 86.16 ± 0.32
2 61.90 ± 0.48 63.28 ± 0.31 87.13 ± 0.24
3 37.70 ± 0.60 38.83 ± 0.46 61.79 ± 0.58
4 58.52 ± 0.63 59.61 ± 0.17 82.67 ± 0.53
5 67.28 ± 0.53 69.12 ± 0.16 89.24 ± 0.35
6 67.20 ± 0.59 69.06 ± 0.20 87.54 ± 0.20
7 67.37 ± 0.60 69.21 ± 0.19 86.03 ± 0.32

F.5 Dynamic Channel-Patch (DCP) Masking Analysis

DCP Combination with varying masking ratios rp. Fig. 10 shows the impact of varying random
patch masking ratios (rp) on the performance of ChA-MAEViT when trained with DCP Combina-
tion (ppatch = pchannel = 0). The blue and purple lines indicate the performance for full and partial
channels on JUMP-CP, respectively. As the masking ratio rp increases, accuracy for both full and
partial channels decreases due to excessive information loss, making reconstruction more difficult.
Since DCP Combination masks both patches and channels, it is reasonable to use a small rp, in
contrast to previous studies that often utilize a high ratio (e.g., 0.75). For example, a rp of 0.25, when
combined with dynamic channel masking, together mask ≈ 0.65 patches in the original images. We
found DCP Combination works well with a small value of rp, thus we use rp of 0.25 as default value
for all the datasets for DCP Combination.

DCP Alternate with varying proportions of pchannel and ppatch. Fig. 11 evaluates the performance
of DCP Alternate in ChA-MAEViT by varying the proportions of channel- and patch-level masking.
We adjust pchannel, while setting ppatch = 1− pchannel to control the contribution of each masking
strategy. For example, pchannel = 1 indicates exclusive channel-level masking, and pchannel = 0
denotes only using patch-level masking. The blue and purple lines represent accuracy on JUMP-CP
for Full and Partial channel settings, respectively, across different pchannel values. We observed
that using both channel and patch masks together improves performance. Additionally, a higher
channel-level masking proportion (i.e., larger pchannel) improves accuracy in the Partial setting
(purple) but leads to a decline in the Full setting (blue), highlighting the trade-off between these
masking strategies. For DCP Alternate, we found that rp = 0.75 works well across experiments.

Patch Masking Strategies in DCP. Fig. 12 compares two patch masking strategies with DCP. The
first strategy, Duplicate-Spatial Mask, creates a patch mask for one channel and then duplicates the
mask across all other channels (e.g., [35, 48]). The second approach, Independent-Spatial Mask,
generates a patch mask for each channel independently, resulting in varied patch positions. We set
the same masking ratio for both strategies. Our findings indicate that using a different mask for each
channel performs better than the duplicating one, yielding an improvement of 1.2 − 5.5% across
three datasets.

F.6 Impact of memory tokens on reconstruction loss

Fig. 13 shows the effect of memory tokens on reconstruction loss during training. Evaluated on
the So2Sat dataset, the model using memory tokens (blue line) achieves lower and smoother loss
compared to those without them (red). This indicates that memory tokens may improve the model’s
ability to capture global information, helping to ease the learning process.
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Figure 10: DCP Combination with varying masking ratios rp. We train ChA-MAEViT us-
ing a combined mask integrating both channel- and patch-level masking, i.e., DCP Combination
(pchannel = ppatch = 0). The blue and purple lines depict accuracy on JUMP-CP for Full and Partial
channel settings, respectively, across different patch masking ratios rp.
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Figure 11: DCP Alternate with different proportions of pchannel and ppatch. To evaluate the
effects of channel- and patch- level masks in ChA-MAEViT during alternating masking, we vary
pchannel while setting ppatch = 1 − pchannel. pchannel = 1 indicates only using channel-level
masking, whereas pchannel = 0 indicates only using patch-level masking. The blue and purple lines
represent accuracy on JUMP-CP for Full and Partial channel settings respectively, across different
values of pchannel.
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Figure 12: Patch Masking Strategies in DCP. We observed that using a different mask for each
channel outperforms duplicating the same mask across all channels (purple), resulting in improve-
ments of 1.2− 5.5% across three datasets.
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Figure 13: Impact of memory tokens on the reconstruction loss. Using memory tokens helps the
reconstruction task, as demonstrated by the lower reconstruction loss observed on So2Sat.
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Figure 14: Number of Decoder Blocks of ChA-MAEViT. We show the performance of ChA-
MAEViT when trained on So2Sat with different numbers of blocks in the decoder. We observed that
using 1− 2 blocks gives the best performance.

F.7 Number of Decoder Blocks of ChA-MAEViT

Fig. 14 illustrates the performance of ChA-MAEViT when trained on the So2Sat dataset with
varying numbers of decoder blocks. We found that a configuration of 1 to 2 blocks yields the best
performance.

F.8 Scaling Model Size

Table 10 compares the performance of ChA-MAEViT with the two strongest supervised baselines:
ChannelViT [30] and DiChaViT [29]. To evaluate the impact of model scaling, each model is
evaluated using two backbone architectures: ViT-S (21M parameters) and ViT-B (85M parameters).
Larger models exhibit improved performance, particularly on CHAMMI and JUMP-CP. Our approach
consistently outperforms the baselines across all three datasets, regardless of the backbone used. In
ChA-MAEViT, we reallocate one Transformer block from the encoder to the decoder, ensuring that
all models maintain the same parameter count.
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Table 10: Scaling Model Size. We compare ChA-MAEViT with the two best baseline models,
ChannelViT [30] and DiChaViT [29]. Each model is evaluated using two backbones: ViT-S
(21M parameters) and ViT-B (85M parameters). Increasing the model size boosts performance,
particularly on CHAMMI and JUMP-CP. Our method outperforms others across three datasets with
both backbones.

CHAMMI [12] JUMP-CP [27] So2Sat [10]

Model Backbone Avg score Full Partial Full Partial

ChannelViT [30] ViT-S 64.97 67.51 56.49 61.03 46.16
DiChaViT [29] ViT-S 69.77 69.19 57.98 63.36 47.76

ChA-MAEViT (ours) ViT-S 74.63 90.73 68.05 67.44 52.11

ChannelViT [30] ViT-B 67.72 67.92 56.97 62.19 46.20
DiChaViT [29] ViT-B 70.56 69.47 58.33 63.93 47.92

ChA-MAEViT (ours) ViT-B 77.09 92.22 70.24 67.67 52.27
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Reconstruction Original Masked
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Figure 15: Visualization of original, masked, and reconstructed images on CHAMMI-HPA [12],
which contains 4 channels. We show the reconstruction of ChA-MAEViT, utilizing a ViT-S/16
backbone. ChA-MAEViT demonstrates its capability to reconstruct masked channels and patches
under different channel masking settings (0− 3 masked channels with a fixed patch masking ratio
rp = 75%). Gray blocks indicate fully masked channels.

F.9 Reconstruction Images

Fig. 15 shows the original, masked, and reconstructed images from the CHAMMI-HPA dataset [12],
which contains four channels. Each set of images shows the original image on the left, followed by the
masked image created using Dynamic Channel-Patch Masking (with patch masking ratio rp = 75%),
and finally, the reconstructed image produced by ChA-MAEViT (utilizing a ViT-S/16 backbone) on
the right. The gray blocks indicate the entire channel has been masked. ChA-MAEViT demonstrates
its ability to leverage cross-channel dependencies as it can reconstruct the entire channels using
available patches from the other channels.

Note that the reconstructions lack some high-frequency details, as the primary goal of ChA-MAEViT
is to learn robust, high-quality representations rather than producing detailed reconstructions. Our
approach prioritizes the encoder’s ability to capture high-level semantic and cross-modal relation-
ships, with a deliberately lightweight decoder designed to validate the encoding of essential latent
information. Additionally, following prior MAEs (e.g., [1, 31, 61, 62]), we employ the mean squared
error (MSE) loss for reconstruction, which often results in blurry outputs by averaging plausible solu-
tions [62, 63]. This leads to reconstructions dominated by low-frequency components, an expected
outcome of the design choice.

F.10 Novel Channels at Inference

For the novel channels setting, we trained ChA-MAEViT using the first three channels (i.e., channels
0, 1, 2) and then tested it on two other channels (i.e., channels 3, 4) of JUMP-CP. One of the main
challenges is that new channels do not have learned channel tokens. To address this, we assume that
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Figure 16: Novel Channels at Inference. Fine-tuning the channel tokens of novel channels with
unlabeled test images boosted performance from 9.2% (without fine-tuning, denoted as "0") to 11.6%
(with fine-tuning on 640 unlabeled test images).

some unlabeled test images are available at test time. We initialize the channel tokens for the new
channels randomly and then fine-tuned these channel tokens on the unlabeled test images using the
reconstruction loss in Eq. (2). Throughout this process, we kept the entire model frozen and only
fine-tuned the newly initialized channel tokens.

In Fig. 16, we illustrate the accuracy on novel channels with varying numbers of unlabeled test
images. For example, "0" indicates that no fine-tuning was performed, while "8" represents that eight
test images (each containing only the two novel channels) were used to fine-tune the channel tokens
before testing the model on the remaining test set. We observed that fine-tuning the channel tokens
with some unlabeled test images improved performance from 9.2% (without fine-tuning) to 11.6%
(with fine-tuning on 640 unlabeled test images). Additionally, to make an upper performance bound,
we trained ChA-MAEViT on the training set of the novel channels (i.e., channels 3 and 4). This
model achieved an accuracy of 46.1%, indicating there is still a significant performance gap, which
we leave for future work.
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