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Supplementary Material

This supplementary material includes the following con-
tent:
• Sources of unlabeled dataset;
• More detailed training settings;
• More results and analyses;

1. More Experimental Details
1.1. Unlabeled Dataset
In Stage 1, we collect unlabeled datasets that covers diverse
scenes, tasks, viewpoints, and illumination conditions for
each target modality, and each is constructed from multi-
ple public sources. The details are illustrated in Table 2.
Since many datasets consist of frames extracted from videos
(such as object tracking datasets), we sample only a sub-
set of them according to the frame rate to ensure the di-
versity of training scenes. And the total numbers of unla-
beled datasets for thermal, depth, polarization and event are
at 100K, 150K, 50K and 100K respectively.

1.2. Detailed Training Setting
In Stage 1 training, we employ the original decoder in MAE
as the MAE head and employ the random mask strategy
with a mask ratio of 0.75. The student/teacher heads in DI-
NOv2 training are three-layer MLPs and the output dim is
set to 256. The teacher momentum of EMA in DINOv2 is
set to 0.994 and is updated at the end of every training step.
During MAE-guided consistency learning, the shared mask
ratio of MAE and DINOv2 is randomly set to [0.1, 0.6].
And the filter ratio of the unlabeled dataset is set to 0.3 in
terms of reconstruction error. The λ in collaborative train-
ing is set to 0.5. The data augmentation techniques include
random horizontal flipping, random Gaussian blurring, ran-
dom resized cropping and random color jittering. In Stage 2
training, the generalizable and modality specific experts are
all standard Feed Forward Networks (FFNs). We employ
a generalizable modality expert and four modality-specific
experts in all of our experiments. The gating network is a
two-layer MLP. The task head for semantic segmentation in
our experiments is the same as CMNeXt [44]. During train-
ing in Stage 1 and Stage 2, the image size is standardized to
1024 × 1024 to match the input size of Hiera. The batch size
for all downstream tasks is set to 4. For SUN-RGBD [31],
the learning rate is set to 2e-4 with 250 training epochs. For
NYU Depth V2 [29], the learning rate is 3.5e-4 with 300
training epochs. For MFNet [7], the learning rate is 6e-5
with 200 training epochs. For PST900 [28], the learning
rate is also 6e-5 with 200 training epochs. For MCubeS
[16], the learning rate is 4e-4 with 300 training epochs. For

Table 1. More experiments and comparison on three different tasks
with DINOv2.

RGB-T salient object detection task on VT5000
Method Backbone Sm Em Fβ MAE ↓

TPSSCLAAAI26 [8] Swin-B 0.922 0.958 0.902 -
SAMSODTMM26[23] Hiera-T 0.923 0.964 0.921 0.021

Ours ViT-B/14 0.928 0.966 0.925 0.020
RGB-T visual place recognition task on STheReO with R@1

Method Backbone SUN-d SUN-n Vally-d Vally-n
MMVPRIROS25[42] ViT-B/14 96.8 94.3 99.2 96.2

Ours ViT-B/14 97.9 95.8 99.4 97.4
RGB-D 3D object detection task on Omni3D-SUN RGB-D

Method Backbone AP25 AR25 AP50 AR50
CuTRCVPR25 [11] ViT-B/16 30.3 60.2 13.6 29.0

Ours ViT-B/14 31.2 61.7 15.3 31.1

DELIVER [45], the learning rate is 6e-4 with 200 training
epochs. All is scheduled by the Warmup Polynomial strat-
egy with power 0.9. The first 10 epochs are to warm-up
models with 0.1× the original learning rate.

2. More Results and Analyses

2.1. Validation on DINOv2 and three more tasks

To strengthen the claims of our method that adapting to a
broad sense foundation models and being task-agnostic to
downstream scenarios, we further provide DINOv2 results
on thermal and depth modalities, with evaluation on three
different downstream tasks in Table 1.

Similarly to SAM2-based training pipeline, in Stage
1, we obtain the modality LoRAs for thermal and depth
modalities on DINOv2 of ViT-B/14 encoder with the afore-
mentioned unlabeled datasets. With the trained modality
LoRAs, we conduct Stage 2 tuning. For RGB-T salient
object detection task, we conduct experiments on VT5000
dataset and employ commonly used metrics including S-
measure (Sm), F-measure (Fβ), E-measure (Em), and mean
absolute error (MAE). We employ a U-Net style decoder
and utilize the intermediate output features of blocks [3, 6,
9, 12] to construct feature pyramid. For RGB-T visual place
recognition task, we employ the same dataset, metrics as
well as the decoder structure as MMVPR [42]. For RGB-D
3D object detection task, we employ CuTR [11] as baseline,
and the decoder structure and the evaluation metrics are also
the same. Our experimental results demonstrate the adapt-
ability of our transfer method to general-purpose VFMs and
a diverse range of downstream tasks.



Table 2. Sources and the number of unlabeled data of each modality in Stage 1 training. In the dataset composed of video frames (such as
object tracking tasks), we sample only a subset of frames according to the frame rate to ensure the diversity of training scenes.

Modality Thermal Depth Polarization Event
Total 100K 150K 50K 100K

Sources

FLIR [6]
M3FD [20]
LLVIP [10]
KAIST [9]

Freiburg [34]
LSOTB-TIR [22]

BU-TIV [38]
RGBT234 [13]
PTB-TIR [21]
DVTOD [30]

RGBT-Tiny [43]

KITTI-360 [18]
ScanNet [4]

Cityscapes [3]
MegaDepth [14]

DIODE [33]
Synthia [26]
Make3D [27]

Matterport3D[1]

PolarRGB [41]
PolarRR [12]

RGBP-Glass [24]
ZJU-RGBP [39]

LLCP [40]
PLIE [47]

RGBP-Car [5]
PGV-117 [25]

VisEvent [35]
EventVOT [36]
COESOT [32]
MMPD [46]

SDE [15]
RLED [19]

EvDET200K [37]
EV-UAV [2]

Table 3. Cosine similarity between ∇LMAE and ∇LDINO during training.

Depth Thermal Polarization Event
Epoch idx 0 1 2 0 1 2 0 1 2 0 1 2 Avg.

Cos. Sim. 0.25 0.30 0.27 0.18 0.20 0.23 0.13 0.12 0.15 0.23 0.20 0.20 0.21

2.2. Analysis on the loss synergy effect in PSST
Our model minimizes both reconstruction loss and seman-
tic alignment loss and claim that non-RGB texture encodes
semantics. To validate the synergy effect between the two
objectives in non-RGB modalities, we compute the cosine
sim between ∇LMAE and ∇LDINO to measure optimization
conflict in Table 3. The average is 0.21, indicating that the
two gradients are positively correlated rather than conflict-
ing (which manifests as negative values). This synergy is
also validated by our ablation study in Table 5, with a 3.3%
drop when optimizing the two separately compared to joint
training.

2.3. Analysis on the rank of modality LoRA
The rank of LoRA affects both the model’s capacity to rep-
resent modality-specific knowledge and its parameter effi-
ciency. Therefore, we compare different ranks to analyze
their impact on the number of trainable parameters and the
model’s downstream performance. As shown in Table 4,
we conduct experiments on the Thermal modality and eval-
uate performance variations on the PST900 [28] task. When
r = 8, although the number of trainable parameters is
only 0.3M, the LoRA fails to effectively represent the target
modality. Increasing the rank to r = 16 doubles the param-
eter count and leads to a clear performance improvement.
At r = 32, the trainable parameters reach 1.3M, and the
downstream performance increases significantly to 88.7%.
Further increasing the rank to r = 64 results in 2.6M train-
able parameters with only marginal gains of 0.2%. There-

Table 4. Analysis on the LoRA rank.

rank # Param. (M) mIoU (%)
8 0.3 83.7
16 0.6 86.3
32 1.3 88.7
64 2.6 88.9

Table 5. Effectiveness analysis on our modality LoRA. To ensure
a fair comparison, the reported MemorySAM [17] mIoU perfor-
mance (%) on DELIVER [45] and MCubeS [16] datasets is based
on the reproduced results.

Method DELIVER MCubeS
MemorySAM 62.5 51.6
MemorySAM
+ our LoRA 64.7 53.5

fore, considering the trade-off between model performance
and parameter efficiency, we set r = 32 as the default rank.

2.4. Analysis on the modality LoRA
Effectiveness. To further validate the capability of our
Stage 1 trained modality LoRAs in representing modality-
general and task-agnostic knowledge, we integrate the
trained Depth-LoRA and Polarization-LoRA into the Mem-
orySAM [17] encoder, which shares the same encoder as



Table 6. Stage 1 training cost with 1024*1024 input size using
GeForce RTX 3090Ti.

Modal Epochs GPU-h FLOPs Data
Thermal 12 38.8 3.40E 100K

Polar. 12 19.4 1.69E 50K
Depth 9 43.7 3.82E 150K
Event 15 48.6 4.25E 100K

ours, and all other training settings are kept identical to
those of the original MemorySAM [17]. The results are pre-
sented in Table 5. MemorySAM [17] achieves performance
improvements of 2.2% and 1.9% mIoU on the DELIVER
[45] and MCubeS [16] datasets, respectively, demonstrating
the generalizability of our approach. Although the improve-
ments achieved using MemorySAM [17] are smaller than
the gains of 3.8% and 4.9% delivered by our method on the
two datasets, this is expected because our TP-MoME adopts
a more lightweight design, containing only 8.3M trainable
parameters compared with MemorySAM’s 15M [17]. Con-
sequently, the absence of Stage 1 has a greater impact on
our approach. Nevertheless, these results still demonstrate
that even a more complete task-oriented transfer pipeline
can benefit further when enhanced with our LoRA.
Generalization. With large-scale, heterogeneous target-
modality data of diverse sensor types and environments,
Stage 1 training enables modality LoRAs to capture
modality-level invariant structural priors. The low-rank
constraint also acts as an information bottleneck that fil-
ters out domain-specific variations, promoting generaliz-
able features. This is empirically validated by: a sin-
gle Depth LoRA performs consistently well on NYU
(Kinect/indoor/real), SUN (Xtion/indoor/real) and DE-
LIVER (outdoor/synthetic); a single Thermal LoRA gener-
alizes across PST900 (FLIR/underground mine) and MFNet
(InfRec R500/urban street) without negative transfer.

2.5. Stage 1 training cost
We quantify one-time training cost of Stage 1 in Table 6,
including total training epochs, training time (GPU-hour),
total FLOPs and data scale.

2.6. Qualitative Comparison Results
As shown in Figure 1, Figure 2, Figure 3 and Figure 4, we
compare the downstream task performance of our method
with CMNeXt [45] on four datasets: NYU Depth V2 [29]
(RGB-D), MFNet [7] (RGB-T), MCubeS [16] (RGB-A-D),
and DELIVER [45] (RGB-E). Our method demonstrates
strong robustness under challenging conditions such as low-
light and occlusion. For example, as shown in Figure 1, the
second row illustrates accurate segmentation of the pillow
under occlusion, while the fourth row shows stable perfor-
mance under low-light noise. Similarly, in Figure 2, the sec-

ond row shows precise segmentation of the purple vehicle
in low-light conditions. In addition, our method produces
smoother transitions and less noise along object boundaries.
As shown in Figure 1 (third row), the transition between the
cabinet and the wall is well preserved. Similar improve-
ments can be observed in Figure 3 (third row) at the transi-
tion between water (purple) and rubber (light blue) materi-
als, and in Figure 4 (second row) for the distinction between
the road and grass.



(a) RGB (b) Depth (c) GT (d) CMNeXt (e) Ours

Figure 1. Qualitative comparison results with full fine-tuning method CMNeXt [45] on NYU Depth V2.



(a) RGB (b) Thermal (c) GT (d) CMNeXt (e) Ours

Figure 2. Qualitative comparison results with full fine-tuning method CMNeXt [45] on MFNet [7].



(a) RGB (b) DoLP (c) AoLP (d) GT (e) CMNeXt (f) Ours

Figure 3. Qualitative comparison results with full fine-tuning method CMNeXt [45] on MCubeS [16].



(a) RGB (b) Event (c) GT (d) CMNeXt (e) Ours

Figure 4. Qualitative comparison results with full fine-tuning method CMNeXt [45] on DELIVER [45].
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