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Towards Robust Multi-Modal Semantic Segmentation with Teacher-Student
Framework and Hybrid Prototype Distillation

Supplementary Material

1. Method Details
1.1. Details of the Data Production Pipeline

The stage 1 framework comprises two models: a teacher
trained on full multi-modal inputs (e.g., RGB, Depth, Event
and LiDAR on DELIVER [5]) and a robust student tai-
lored for missing modalities. Both share the same archi-
tecture. For the multi-modal input data {x,., 4, T, 27, .. .}
where z,, € H x W x 3, it is processed through a
SegFormer-based network [4] to generate feature maps
batch {f%, fi, fi, fi,...} with i € [1,4] means the modal-
ity feature in the ' stage. This network architecture treats
all modalities equally. Here, each feature has a shape of
[bs, dim, H, W], following the Segformer architecture. For
example, the first-layer feature of mit-b0 is [bs, 32, 256,
256]. We then split the batch, feeding each feature of shape
[32, 256, 256] into the Hybrid Prototype Distillation (HPD)
Module. This yields prototype features of size [c, dim],
where c is the number of classes (e.g., 25 for the Deliver
dataset) and dim € [32,64,160,256]. Finally, we ap-
ply random-matching distillation to these prototype features
following main text Equation 5 in the main text to compute
the loss Lpp.To distinguish the logits outputs of the teacher
model and the student model, we also define them as [; and
ls respectively. We feed the logits into main text Equation 2
to compute Lk,

The stage 2 framework comprises three models: full-
modality nodal, robust modal and the student model. In data
processing, we combine the feature maps f1, fo and the log-
its Iy, [ from different teacher models via FSM into a uni-
fied feature map f; and logits [, while preserving their orig-
inal dimensions. Then, f; and [; guide the student model’s
learning in the same manner as in Stage 1. As in Fig.5 of the
main paper, following the ASM pipeline, we compute the
cosine similarity between modality-specific semantic fea-
tures and the fused features at each teacher-model layer
to estimate modality strength. Modalities are ranked by
similarity in descending order, and the lower half(rounded
down) is selected. The corresponding ViT encoders are then
added to the parameter set 7" for updating.

1.2. Details about CPD

The pseudo-code for Cross-modal Prototype Distillation is
shown in algorithm 1. First, we extract the intermediate
features from each batch. These features are then passed
through a prototype extraction module to obtain the corre-
sponding prototype representations. Finally, we compute

Algorithm 1 CPD Loss Computation

Input: Index list index, student feature list x_all,
teacher feature list x_all_t, label tensor [bl, prototype list
prototype_all

Output: Prototype Consistency-based Unsupervised Mu-
tual Distillation loss

1: Initialize loss_pumd < 0

2: Define loss_kl as KL divergence loss function
3: Let B < length of z_all

4: fori =0to B —1do

5. batch_label < 1bl[i] with shape expanded to 3D
6: forj=0to3do
7: for k£ = 0 to length of index — 1 do
8: Let z_all_t < random order of z_all_t
9: x_all_feature + x_all[i][j][k] with batch di-
mension added
10: x_allt_feature < x_all_t[i][j][k] with batch
dimension added
11: Compute student_prototype
12: Compute teahcer_t_prototype
13: Compute loss_kl(prototypes)
14: end for
15:  end for
16: end for

17: return loss_pumd/B

the distillation loss using a non-negative KL divergence, al-
lowing the teacher model to provide effective guidance to
the student model.

1.3. Implementation Logic of Feedback Mechanism

As shown in algorithm 2, in our multi-modal architecture,
we maintain a set of N modality-specific Transformer en-
coders, denoted as {E;} ;. At each training iteration, all
modalities are forwarded through their corresponding en-
coders, but only a selected subset is allowed to update its
parameters. Formally, let 7 C {1,..., N} denote the set
of encoder indices chosen for training in the current step.
Given the input sequence for each modality z;, the output
of encoder F; is computed as

ifieT,
ifigT.

For i ¢ T, the forward computation is executed under a no-
gradient condition, ensuring that no computational graph is
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Algorithm 2 Forward Process of Multi-Modal Encoders

Require: Inputs {z;}Y ,, training encoder indices train_ids
Ensure: Outputs {o;}¥ ;
1: Initialize an empty list outputs
: fori =1to N do
T < T;
if ¢ € train_ids then
0; + Fi(x) {encoder participates in training
(gradients enabled) }
6: else
7: Temporarily disable gradient computation
8
9

EANE S

0; + Fi(x) {inference mode, no gradients}
end if
10:  Append o; to outputs
11: end for
12: return outputs

constructed and no parameter updates occur for the frozen
encoders. Despite this, their outputs are still computed and
propagated to downstream modules, allowing all modalities
to contribute to the final representation.

This training strategy implements a form of dynamic
partial freezing: only the encoders indexed by 7 partici-
pate in optimization, while the remaining encoders oper-
ate in inference mode for that step. Such a mechanism re-
duces optimization overhead, stabilizes parameter updates
across modalities, and serves as a regularization effect dur-
ing multi-modal learning.

2. Additional Training Details
2.1. Computational Efficiency

In terms of computational efficiency, three components re-
quire clarification: (1) the additional computational cost
introduced by the self-distillation framework, (2) the ef-
ficiency of the proposed HPD module, and (3) the extra
overhead brought by the feedback mechanism. The self-
distillation framework performs inference with the teacher
model at every training iteration, resulting in approximately
a 30% increase in computation time compared with stan-
dard training. The HPD module is constructed using basic
matrix operations and therefore introduces negligible ad-
ditional overhead. For the feedback mechanism, most pa-
rameters are frozen and only the encoder of the disadvan-
taged modality is updated, leading to roughly a 40% in-
crease in computation cost. Nevertheless, by loading pre-
trained weights and reducing the number of training epochs
from 200 to 120, the overall training time remains compa-
rable to the AnySeg baseline, ensuring a fair and consistent
comparison.

As shown in Tab. 1. Our method converges in fewer
training epochs than AnySeg, resulting in a shorter overall

training time.

Model Time Mem. FLOPS‘Model Time Mem. FLOPs

M-SegFormer 12.74h 16.1G 610G | AnySeg 19.24h 222G 878G
Ours (HPD)  19.56h 22.7G 884G | Ours (Feedback) 9.36h 164G 462G

Table 1. Training efficiency comparison with MiT-BO on DE-
LIVER (120 epochs, 2xRTX 3090).

2.2. Training Stability

In the Hybrid Prototype Distillation module, the cross-
modal distillation component adopts a strategy that ran-
domly matches modality-specific prototypes for cross-
modal supervision. Although this approach may appear dif-
ficult to optimize, it in fact exhibits strong stability in prac-
tice.

As shown in Fig. 1, we visualize the training losses of
the Cross-modal Prototype Distillation. The hyperparame-
ters in Eq. 1 and Eq. 8 in the main text are set to A = 12 and
a = 100, respectively, so that the loss values fall within a
similar magnitude. The model is trained for 200 epochs. It
can be observed that all losses decrease significantly within
the first 50 epochs, after which they gradually stabilize and
converge. Although the CPD loss exhibits slight fluctua-
tions in later stages, the variation is minor, and the overall
training process remains smooth.

Regarding the validation performance (Validation
mloU), the metric increases rapidly during the first 100
epochs with relatively large fluctuations, and then contin-
ues to rise steadily with smaller oscillations, eventually
approaching convergence.

Poorly designed feedback can introduce noise and lead
to suboptimal solutions. As in main text Tab.4, unimodal
distillation without parameter freezing degrades perfor-
mance relative to the HPD baseline. Accordingly, our feed-
back mechanism aims to enhance the teacher’s awareness
of vulnerable modality distributions rather than directly im-
proving accuracy. To ensure stable optimization, we adopt a
partially frozen training strategy and use pretrained initial-
ization with a 10-epoch warm-up (Sec.4.1 Line 358). Al-
though initialization does not affect convergence, feedback
without it is more likely to push both teacher and student
toward suboptimal states.

2.3. Anymodal Dropout Settings

In main text Tab. 1(a), we follow the AnySeg setting: all
methods adopt modality direct removal for Anymodal
Dropout during training and evaluation except CMNeXt.
Due to architectural constraints, CMNeXt does not support
modality removal and therefore uses zeroing instead. In
other settings, including main text Tabs. 1(b—d) and the ab-
lation studies, we follow the latest protocol of Liao [3] and
consistently apply zeroing.
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Training Losses

—— Cross Entropy Loss
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Figure 1. This figure illustrates the training losses and evaluation
results obtained after integrating the Cross-modal Prototype Dis-
tillation (CPD) module into the training process. The upper part
shows the curves of the cross-entropy loss with respect to the la-
bels, the KL divergence loss with respect to the teacher model,
and the CPD loss. The lower part presents the validation mloU
curves. The entire teacher—student model is trained at a resolution
of 512x512.

2.4. Hyperparameter Complexity

As shown in Fig. 8 of the main paper, model performance
remains stable when hyperparameters are set to comparable
orders of magnitude. For instance, with fixed A, varying a
around 100 has only a negligible effect (EMM : 49.06 —
49.05). These hyperparameters mainly scale different loss
terms to similar magnitudes, ensuring effective contribution
from each module, while different choices at comparable
orders of magnitude have only a limited impact on overall
performance.

3. Supplementary Experiments

3.1. Details About the Metrics

In this work, we employ two types of Metrics. The first is
the Entire-Missing Modality Metrics based on AnySeg [7],
and the second is the Metrics based on the latest work of
Liao et al. [3]. Their data processing is similar, with the
main difference reflected in the Anymodal dropout method.

[7] adopts a method of directly losing the modality, chang-
ing {xy, x4, Tc, 2} into {x,, z.}, while [3] use a zeroing
method {z,, zeros, ., zeros}.

For the Entire-Missing Modality (EMM) and Random-
Missing Modality (RMM) used in the article, we have the
following formula definitions:

P,(M;*) =pF - (1—p)" 7, (1)
1 N
EMM = mloUp%, = v Zl mloUyy/, 2)
n—1 (Z)
mloUgyy (p) = Py(M;*) -mloUy;, — (3)
k=0 i=1
1 N
RMM = mloUp\%, = ¥ > mloU s 4)
i=1
n—1 (Z)
mIOUEMM(p) = Py (M; k) : mIoUMiu, )
k=0 i=1

here, p is the data missing ratio, N denotes the number of
missing modality combinations, M’ and M i represent the
modality combinations after full zeroing/loss and partial ze-
roing, respectively.

Noisy Modality (NM) is to simulate the real world with
noise. It employs Gaussian noise N and salt-and-pepper
noise Ngp. The probability density function of Ng is
shown in Eq. 6, which is determined by ¢ and p.

1 (z—w)?
)= ——e 202 . 6
flz) =~ N (©)
With the origin input as X, the noisy input X for
mloUyy is defined as Eq 7.

Xn = X + Ne(o, 1) + Nep(D), (7

where, D denotes the noisy density of Ngp. These eval-
uation methods can effectively test the model’s robustness
under conditions of missing modalities.

3.2. Feedback-only Ablation

The Tab. 2 below reports results for a feedback-only setting
without HPD. The baseline is Basic Distillation (Lorigin)-
For comparison, we apply cross-entropy supervision with
KL-based distillation on intermediate features while freez-
ing teacher’s dominant-modality parameters. The results
indicate that the feedback strategy remains effective even
without HPD.
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Student Teacher

Loss Combination ‘

‘ EMM(Avg) mloU ‘ Event + Lidar mloU
Basic Distillation | 4642 6134 | 1.57 61.92
Basic Distillation with Feedback | 60.80(-0.54) | 60.68(-1.24)

Table 2. Feedback-only experiment without HPD on DELIVER.

3.3. Extreme Scenarios Result

Although our method is designed to enhance robustness un-
der extreme cases of modality absence, it also improves ro-
bustness in real-world scenarios. This is intuitively reason-
able, as real-life conditions such as nighttime or insufficient
exposure can be approximated as forms of modality miss-
ingness. To validate this viewpoint, we analyzed the per-
formance of different models under ten extreme scenarios
in the DeLiVER dataset. We evaluated the segmentation
mloU performance of different models using MIT-BO as the
backbone under various conditions, and these models have
similar numbers of parameters. AnySeg and RobustSeg are
both optimized for robustness based on the same baseline
model, M-SegFormer, allowing us to compare the effective-
ness of different self-distillation frameworks. As shown in
Tab. 3, the simple self-distillation framework used by Any-
Seg leads to an overall performance decline compared with
M-SegFormer, indicating that AnySeg only improves ro-
bustness under missing-modality conditions. However, it
performs poorly in extreme cases where all modalities are
present. In contrast, RobustSeg maintains full-modality per-
formance while also demonstrating strong robustness under
extreme conditions. For example, in the sun scenario, per-
formance remains stable (from 63.43 to 63.66), while in the
night scenario, as highlighted in red, the model improves
from 59.89 to 61.20. RobustSeg also maintains state-of-the-
art mean performance and even surpasses CMNeXt, which
has more parameters.

For some scenarios, such as lidar-jitter, our method
shows performance degradation (62.75 — 62.21). We at-
tribute this to the limitation that the noise used to simulate
missing modalities cannot fully replicate such complex in-
put degradations. Designing more comprehensive and ef-
fective noise simulation strategies will be the focus of our
future work.

3.4. More Segmentation Visualization Results

As illustrated in Fig. 2, we deliberately consider two rep-
resentative categories of challenging scenarios during in-
ference to evaluate the robustness of different multimodal
segmentation models in realistic applications: (1) the R-
D-L missing-modality combination, which simulates par-
tial sensor failure or data corruption, and (2) night-time
low-light conditions with LiDAR jitter, which reflect ex-
treme physical environments with degraded sensing quality.
In the first scenario, existing approaches such as CMNeXt,

M-SegFormer, and AnySeg exhibit significant performance
degradation due to feature distribution shifts caused by
missing modalities, leading to erroneous classifications, in-
complete scene structures, and the disappearance of distant
or small objects. In contrast, our method preserves coherent
scene geometry and yields more accurate semantic bound-
aries even when only a subset of modalities is available,
demonstrating the effectiveness of our modality-robust fu-
sion strategy in mitigating sensor-missing issues.

In the second scenario, characterized by the combina-
tion of low-light RGB degradation and unstable LiDAR re-
turns, prior methods are highly sensitive to illumination loss
and signal jitter, resulting in blurred boundaries, missing
foreground objects, and large misclassified regions. Our
approach, however, maintains stable segmentation quality
across key semantic regions such as roads, buildings, and
foreground targets, producing results that remain closely
aligned with the ground truth. These observations collec-
tively indicate that our method exhibits superior robustness
and generalization under extreme physical conditions.

4. Detailed T-SNE Visualization

For the main text Figure 5, which presents the t-SNE visual-
ization of the features, we provide a more detailed version in
Fig. 3 to help illustrate the process of feature evolution. We
visualize the intermediate features and the prototype distri-
butions of the depth and RGB modalities to analyze how
CPD influences cross-modal interaction, as shown in Fig. 3.
In the first row, the class features become increasingly sep-
arable as training progresses, while the mixed regions (pur-
ple box) shrink, indicating that CPD improves the discrim-
inability of the learned representations.

In the second and third rows, depth prototypes mainly
capture large-scale scene structures, whereas RGB proto-
types focus more on fine-grained details [1, 2, 6]. During
the first 80 steps, depth features gradually group the 25 cat-
egories into two broader clusters—foreground details and
coarse background structures (red box). A similar trend ap-
pears in the RGB modality, and the expansion of the blue-
box regions correlates with their closeness to depth infor-
mation, showing that depth characteristics are effectively
transferred to RGB.

From steps 80 to 120, the inter-class distances of the
depth modality begin to increase. This indicates that depth
features learn finer details from the RGB modality, leading
to more precise structural representation and ultimately en-
hancing model robustness.
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Model (#Params(M)) ‘ cloud fog night rain sun motion-blur over-exposure under-exposure lidar-jitter event-lowers ‘ Mean

M-SegFormer (6.10) | 64.10 62.06 59.89 60.23 63.43 59.36 61.59 58.38 62.75 60.87 61.27
CMNeXt (10.31) 61.61 60.97 57.65 5991 61.51 58.26 60.85 54.78 60.72 60.28 59.65
AnySeg (6.10) 61.61 59.18 57.75 56.93 61.23 58.15 58.21 55.95 59.43 57.42 58.59
MAGIC (3.72) 62.77 59.70 59.47 57.50 61.36 59.22 59.72 56.76 60.28 57.83 59.46
RobustSeg (6.10) ‘ 64.12 61.59 61.20 59.86 63.66 60.25 61.83 58.98 62.21 60.16 ‘ 61.39

Table 3. mloU results of semantic segmentation across ten different degradation cases.

:‘El’ LANNNS ;1 [ANNNS B CAAANNS

745

RGB CMNeXt M-SegFormer AnySeg Ours Ground Truth RGB CMNeXt M-SegFormer AnySeg Ours Ground Truth
(a) Segmentation results of full modality data in the night-lidarjitter case (b) Training with full modality data and evaluation with R-D-L

Figure 2. Segmentation results of the model trained with our framework under full-modality and Event missing conditions.
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Figure 3. This chart illustrates the visualization of model features across different numbers of epochs. The horizontal axis indicates the
number of epochs, while the vertical axis (top to bottom) shows t-SNE visualizations of mixed features, Depth prototypes, and RGB
prototypes.
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