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In this supplementary material, we provide additional
details and analyses to complement the main paper. We first
describe the implementation settings and training pipeline
used for all experiments, including open-set extensions. We
then present the full derivation and geometric interpreta-
tion of the proposed geodesic regularization, followed by
detailed ablation studies that dissect component-wise con-
tributions and hyperparameter sensitivity in both closed-set
and open-set DGSS scenarios. Next, we provide extended
qualitative comparisons under various domain shifts. Fi-
nally, we present additional token visualizations on more
source domains and a dedicated comparison of token dis-
tributions for the pre-trained DINOv2-L backbone, GeCo,
and RP+MSE, which further illustrate the manifold struc-
ture of VFM embeddings and the effect of geometry-aware
adaptation.

1. Implementation Details
We follow the standard training pipeline used in recent
VFM-based segmentation works. The DINOv2-L backbone
is frozen except for the LoRA adapters injected into the at-
tention and MLP layers, while the decoder is trained from
scratch. We adopt Mask2Former [2] as the default segmen-
tation head unless otherwise specified. For optimization, we
use AdamW with a learning rate of 1×10−4 for the decoder
and 2 × 10−4 for all LoRA [6] parameters, together with a
weight decay of 1× 10−2. Following common practice, we
train for 40k iterations with a batch size of 4 and employ
a crop size of 512 × 512. The data augmentation strictly
follows the default configuration of MMSegmentation (ran-
dom crop, flip, and photometric jitter), without additional
domain-specific tuning.

Our method introduces several geometry-related hyper-
parameters: the neighborhood radius η, perturbation mag-
nitude α, prototype number Mc, and geodesic consistency
weight λgeo. To ensure fair comparison and avoid over-
tuning, all other hyper-parameters are fixed to their rec-
ommended default values. We adopt η = 0.75, α = 0.5,

Mc = 50, and λgeo = 0.75 as the default configuration in
all reported experiments. Thanks to the lightweight nature
of our geometric modules and the limited number of train-
able parameters introduced by LoRA, our full model can be
trained efficiently on a single RTX 3090Ti GPU, with large
backbones such as DINOv2-L remaining fully feasible.

Open-set Details. For the open-set experiments, we re-
produce a contrastive-learning baseline following RPL [7],
where the source domain (Cityscapes or GTA5) is treated as
in-distribution (ID) data and a subset of COCO-Stuff [1] is
used as synthetic out-of-distribution (OOD) samples. This
setup encourages pixel embeddings of ID and OOD regions
to be contrastively separated. During training, ID and OOD
batches are jointly sampled: segmentation loss is applied to
ID labels, while a pixel-level contrastive loss is applied be-
tween ID and OOD embeddings. All optimization settings
follow our main implementation details.

2. Detailed Derivation and Analysis of Regu-
larization

For completeness, we provide the explicit derivation of
Eq. (12) in the main paper. For a given token ti, the geodesic
distance between prediction vectors pi,p

′
i ∈ RC is defined

as,
dgeo(pi,p

′
i) = arccos

(
ui

)
,
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and the per-sample squared objective is,

ℓgeo(pi) = d2geo(pi,p
′
i). (2)

Since Lgeo = Eti [ℓgeo(pi)], it suffices to compute the gra-
dient of ℓgeo(pi) with respect to each class probability p

(c)
i .

Step 1: Chain rule on the squared distance. We denote,

θi ≜ dgeo(pi,p
′
i) = arccos(ui). (3)
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Applying the chain rule to ℓgeo(pi) = θ2i gives,
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Step 2: Derivative of the arccosine. Using the chain rule
again,

∂θi

∂p
(c)
i

=
∂ arccos(ui)

∂ui
· ∂ui

∂p
(c)
i

= − 1√
1− u2

i

· ∂ui

∂p
(c)
i

. (5)

Step 3: Derivative of the inner product ui. Recall that,
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√
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i , (6)

where m is a dummy index over classes. When differentiat-
ing with respect to p

(c)
i , all terms with m ̸= c do not involve

p
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i and are therefore constants (their derivatives are zero).
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Step 4: Putting everything together. Substituting
Eq. (5) and Eq. (7) into Eq. (4), we obtain,
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Finally, replacing ui = ⟨√pi,
√
p′
i⟩ and θi = dgeo(pi,p
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i)

yields,
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which matches Eq. (12) in the main paper. In practice, when
pi and p′

i are nearly identical, the term 1 − ⟨√pi,
√
p′
i⟩2

can become numerically very close to zero, leading to un-
stable gradients. We therefore use a stabilized denominator√

1− ⟨√pi,
√
p′
i⟩2 + ε, with a small constant ε = 10−6

in all experiments.
To further clarify the behavior of this regularization, we

next provide a more detailed geometric interpretation of the
above distance than the main paper.

Geometric Remarks. Our geodesic distance is defined
on the probability simplex. Since pi and p′

i are probabil-
ity vectors with non-negative entries summing to one, their
square-root embeddings

√
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Therefore, the inner product
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√
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is bounded in [0, 1], and the geodesic angle

dgeo(pi,p
′
i) = arccos(ui) (13)

satisfies
dgeo(pi,p

′
i) ∈ [0, π

2 ]. (14)

In other words, the disagreement between two predictions
is measured as a bounded angular deviation on the unit hy-
persphere, rather than an unbounded Euclidean distance.

Moreover, in the small-angle regime where pi and p′
i are

close, we have ui ≈ 1 and the standard Taylor expansion of
arccos(·) yields

dgeo(pi,p
′
i) = arccos(ui) ≈

√
2 (1− ui). (15)
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√
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is closely related to the Hellinger divergence between pi

and p′
i, this shows that our geodesic consistency behaves

like a Euclidean-style consistency loss on the square-root
embeddings in the vicinity of the optimum, ensuring sta-
ble and familiar optimization behaviour near convergence,
while for larger prediction discrepancies the full geodesic
distance still preserves a curvature-aware angular geometry
on the probability simplex and avoids the distortions intro-
duced by treating probabilities as flat Euclidean vectors.

3. Detailed Ablation Studies
In this section, we provide additional ablations to better un-
derstand GeCo. We first examine component-wise variants
in the open-set DGSS setting, then present class-wise re-
sults for closed-set DGSS on GTA5 → BDD-100K, and fi-
nally analyze the sensitivity to key hyperparameters (η, α,
Mc, and λgeo).

3.1. Ablation on Open-Set DGSS
As shown in Table 2, simply combining Gaussian random
perturbation (RP) with the MSE consistency loss brings
only modest gains over full fine-tuning in the open-set



Method road side. build. wall fence pole light sign vege. terr. sky pers. rider car truck bus train motor. bicy. mIoU

Full fine-tuning 89.1 60.0 83.9 31.9 47.3 43.8 54.5 42.4 74.8 46.6 85.9 67.0 19.7 81.4 66.1 79.5 2.8 62.3 51.4 57.4

RP+MSE 94.8 62.7 86.7 32.3 48.9 46.1 54.6 45.3 76.0 48.1 87.4 69.4 20.8 87.3 68.1 79.7 7.1 66.4 53.7 59.9
CGP+MSE 92.3 66.7 89.1 32.5 52.1 47.6 58.3 46.0 80.7 48.2 87.5 70.0 22.5 91.7 72.7 83.0 17.2 68.2 56.4 62.2
RP+GBR 93.4 65.9 84.7 32.5 49.2 46.1 55.1 44.4 75.4 47.8 88.0 67.6 20.5 85.3 66.7 79.3 7.1 69.1 54.0 59.5

GeCo (Ours) 93.0 66.8 93.9 32.6 53.1 49.5 59.1 46.9 84.1 48.7 87.0 70.4 23.7 95.4 74.6 81.8 38.8 70.3 56.1 64.6

Table 1. Ablation results on the GTA5 → BDD-100K closed-set domain generalization task using the DINOv2-L backbone. The IoU score
for each category is reported. Full fine-tuning is the baseline.

Method
ACDC-POC MUAD

AP↑ FPR95↓ mIoU AP↑ FPR95↓ mIoU

Full fine-tuning 90.6 0.5 61.6 51.8 20.7 37.7

RP+MSE 91.5 0.4 62.1 54.3 18.8 38.3
CGP+MSE 92.5 0.3 63.6 55.2 16.9 40.2
RP+GBR 89.9 0.4 62.0 53.3 19.5 37.9

GeCo (Ours) 93.5 0.3 64.7 58.6 15.1 41.5

Table 2. Ablation results on the Cityscapes → ACDC-POC +
MUAD open-set domain generalization task using the DINOv2-
B backbone. Full fine-tuning is the baseline. The results report
scores for both known (AP↑, FPR95↓) and unknown (mIoU↑)
classes. All results are obtained by combining the above vari-
ants with the RPL [7] to perform contrastive learning between in-
domain and out-of-domain data.

DGSS setting: AP and mIoU on ACDC-POC [4] and
MUAD [5] improve slightly, while FPR95 remains rela-
tively high, indicating that unknown-region responses are
still poorly calibrated. Replacing RP with the proposed
curvature-guided perturbation (CGP) yields consistent im-
provements on both datasets, with higher AP and mIoU and
notably lower FPR95, showing that geometry-aware pertur-
bations generate more informative variations for separat-
ing in-domain and out-of-domain samples without breaking
the pretrained representation manifold. In contrast, using
the geodesic-based regularization (GBR) alone (RP+GBR)
stabilizes FPR95 and slightly improves mIoU, but does
not match the gains achieved by CGP, suggesting that
curvature-aware perturbation is the primary driver for en-
hancing open-set discrimination. The full configuration
GeCo (CGP+GBR) achieves the best performance on both
ACDC-POC and MUAD, attaining the highest AP and
mIoU together with the lowest FPR95. These results in-
dicate that combining curvature-guided perturbations with
geodesic-consistent regularization is particularly effective
for open-set DGSS, as it yields more reliable detection of
unknown regions while maintaining strong segmentation
quality on known classes.

3.2. Class-wise Component Analysis

As shown in Table 1, the per-class ablation on GTA5 →
BDD-100K confirms that GeCo improves not only the over-
all mIoU but also the performance on most individual cat-
egories. Naive random perturbation with MSE (RP+MSE)

η
Test Domains (mIoU)

Cityscapes BDD-100K Mapillary Average

0.25 66.8 60.8 65.7 64.4
0.50 68.5 61.8 67.4 65.9
0.75 68.5 64.6 69.9 67.7
1.00 68.8 63.7 68.4 67.0
1.25 68.3 61.6 67.1 65.7
1.50 64.7 61.8 67.5 64.7

Table 3. Sensitivity analysis of the hyper-parameter η on the GTA5
→ Cityscapes + BDD-100K + Mapillary domain generalization
task using the DINOv2-L backbone.

mainly boosts large, frequent classes such as road, building
and car, but brings limited gains on structure-sensitive or
rare categories. Introducing curvature-guided perturbation
(CGP+MSE) yields broader benefits, notably on thin ob-
jects and dynamic classes such as pole, traffic light, truck,
bus and train, indicating that geometry-aware perturbations
help the model better preserve fine structures under do-
main shift. Geodesic-based regularization (RP+GBR) fur-
ther stabilizes several large-scale categories, including road
and sky, reflecting its effect in constraining feature updates
along manifold-consistent directions. The full configura-
tion GeCo (CGP+GBR) achieves the highest overall mIoU
(64.6%) and secures the best IoU on a large portion of
classes, especially for challenging categories such as build-
ing, fence, pole, traffic light, traffic sign, vegetation, per-
son, rider, car, truck, train and motorcycle. These results
demonstrate that combining curvature-guided perturbation
with geodesic-consistent regularization leads to more uni-
formly improved generalization across both dominant and
rare classes in the closed-set DGSS setting.

3.3. Impact of Hyperparameters

Sensitivity to the neighborhood radius η. As shown in Ta-
ble 3, the performance of GeCo is sensitive to the choice of
the neighborhood radius η used to construct Nproto(ti) and
estimate local curvature. For very small values (η ≤ 0.25),
the neighborhood around each token becomes too sparse, so
the PCA-based tangent space and curvature proxy (Eq.(4))
are estimated from a few nearly collinear samples. This
leads to unstable curvature estimates and noisy perturbation
magnitudes, resulting in degraded average mIoU (64.4%).
Increasing η to the medium range (0.5–1.0) yields more re-



α
Test Domains (mIoU)

Cityscapes BDD-100K Mapillary Average

0.00 63.7 57.4 64.2 61.8
0.10 64.0 62.4 66.0 64.1
0.25 67.8 64.6 68.9 67.1
0.50 68.5 64.6 69.9 67.7
0.75 67.7 63.9 68.8 66.8
0.90 67.5 60.3 65.3 64.4
1.00 64.4 60.7 65.2 63.4

Table 4. Sensitivity analysis of the hyper-parameter α on the
GTA5 → Cityscapes + BDD-100K + Mapillary domain general-
ization task using the DINOv2-L backbone.

liable local geometry: neighborhoods are large enough to
capture meaningful semantic variation while still dominated
by tokens with similar semantics, and the performance
steadily improves, with the best average mIoU achieved at
η=0.75 (67.7%) and a comparable score at η=1.0 (67.0%).
When η is further enlarged (η > 1.0), the neighborhood
starts to mix tokens from visually and semantically different
regions, which blurs manifold boundaries and weakens the
contrast between high- and low-curvature areas; as a con-
sequence, the curvature-guided perturbation becomes less
discriminative and the average mIoU drops again (65.7% at
η=1.25, 64.7% at η=1.5). Taken together, these observa-
tions indicate that a moderate neighborhood scale is crucial:
it yields a stable yet semantically coherent local manifold
for curvature estimation, which in turn makes the curvature-
guided perturbation more informative.
Sensitivity to the perturbation scaling factor α. As
shown in Table 4, setting α=0 (i.e., removing the curvature-
guided perturbation term so that no geometry-aware per-
turbation is injected) yields the worst average performance
(61.8% mIoU), which confirms that the perturbation branch
provides a necessary complementary signal on top of the
geodesic module. As we gradually increase α from 0.1 to
0.5, the performance consistently improves across all three
target domains, with the best average mIoU obtained at
α=0.5 (67.7%). This trend indicates that using α to moder-
ately scale the curvature-guided perturbation magnitude is
beneficial: it amplifies meaningful local variations on the
token manifold (as determined by Eq. (6) in the main pa-
per) and helps learn decision boundaries that are more ro-
bust to domain shift. However, when α becomes too large
(α ≥ 0.75), the gains start to saturate and eventually de-
grade, as overly amplified perturbations distort the under-
lying semantics and mix tokens from different regions of
the manifold, turning the perturbation signal into harmful
noise. Hence, curvature-guided perturbations are effective
only when the scaling factor α stays in a moderate range,
where the perturbation branch strengthens rather than un-
dermines the geodesic-based regularization module.
Sensitivity to the number of prototypes Mc. As shown

Mc

Test Domains (mIoU)

Cityscapes BDD-100K Mapillary Average

0.00 65.9 59.6 67.3 64.3
10.00 67.0 61.9 67.6 65.5
20.00 67.0 63.5 69.0 66.5
50.00 68.5 64.6 69.9 67.7

100.00 68.5 64.1 70.0 67.5
Table 5. Sensitivity analysis of the hyper-parameter Mc on the
GTA5 → Cityscapes + BDD-100K + Mapillary domain general-
ization task using the DINOv2-L backbone.

λgeo

Test Domains (mIoU)

Cityscapes BDD-100K Mapillary Average

0.00 63.7 57.4 64.2 61.8
0.25 64.8 63.1 67.3 65.1
0.50 67.6 64.9 68.7 67.1
0.75 68.5 64.6 69.9 67.7
1.00 68.3 64.1 69.3 67.2

Table 6. Sensitivity analysis of the hyper-parameter λgeo on the
GTA5 → Cityscapes + BDD-100K + Mapillary domain general-
ization task using the DINOv2-L backbone.

in Table 5, the number of prototypes Mc per class, which
controls how many dominant shapes/modes are captured
for each category, has a clear impact on domain general-
ization. When Mc=0, the model degenerates to using only
a global representation per class (without explicit multi-
prototype modeling), leading to the lowest average mIoU
(64.3%) and indicating that the popular shapes within each
class are poorly characterized and the resulting curvature-
guided perturbations are inaccurate. Increasing Mc from 10
to 20 gradually improves performance, as more prototypes
allow the model to better approximate the diverse modes of
each semantic class and provide more reliable local neigh-
borhoods for curvature estimation. The best average mIoU
is achieved at Mc=50 (67.7%), which strikes a balance be-
tween capturing sufficient intra-class diversity and keeping
the prototype bank compact. Further increasing Mc to 100
brings only marginal changes and slightly reduces the aver-
age score, while incurring higher computational and mem-
ory costs. In summary, using a moderate number of proto-
types per class (e.g., Mc=50) is sufficient to model preva-
lent shapes and support effective geometry-aware perturba-
tions, whereas too few prototypes underfit the manifold and
too many mainly add overhead without clear gains.
Sensitivity to the geodesic weight λgeo. As shown in
Table 6, the geodesic weight λgeo in Eq. (11) of the
main paper, which balances the geodesic consistency loss
against the main segmentation loss, critically influences
the final performance. When λgeo=0, the geodesic term
is removed and the model relies solely on the segmenta-
tion loss (plus the perturbation branch), yielding the low-
est average mIoU (61.8%). This indicates that geometry-



aware consistency is an essential component for stabiliz-
ing adaptation on target domains. As λgeo increases from
0.25 to 0.75, the performance steadily improves across
all three test sets, with the best average mIoU obtained
at λgeo=0.75 (67.7%). This suggests that a moderately
weighted geodesic loss effectively constrains feature up-
dates along manifold-consistent directions without exces-
sively restricting task-driven optimization. Further increas-
ing λgeo to 1.0 produces similar but slightly lower scores,
implying that over-emphasizing the geodesic term can lead
to over-regularization and weaken the model’s ability to fit
discriminative segmentation cues. Overall, λgeo=0.75 of-
fers a favorable trade-off between preserving the pretrained
geometry and learning domain-robust decision boundaries.

4. Qualitative Comparison Results

To complement the qualitative examples in Fig. 5 of the
main paper, we present additional visual comparisons on
both closed-set and open-set DGSS settings. These results
provide a more complete picture of how GeCo affects seg-
mentation quality under challenging domain shifts.
On the Closed-Set DGSS. In the closed-set DGSS setting,
we compare GeCo with Rein [11], SoMA [13] and GT
(Ground Truth) on multi-target generalization across real-
world datasets such as BDD-100K [12], Mapillary [8], and
ACDC [10] (See Figs. 1-3). Across diverse scenes, GeCo
produces more structurally coherent segmentations, with
sharper object boundaries and fewer spurious label frag-
ments in texture-rich regions (e.g., building façades, veg-
etation, traffic signs).
On the Open-Set DGSS. In the open-set DGSS setting,
we extend the qualitative comparison of Fig. 5 by showing
more examples of both segmentation maps and unknown-
region response maps (RM) on the unseen open-set dataset
MUAD [5] (See Fig. 4). By comparing with Rein [11] and
our proposed curvature-guided perturbation (CGP), GeCo
produces cleaner and more localized unknown responses
that align well with visually novel objects, while keeping
the confidence on known categories stable. The correspond-
ing semantic predictions exhibit fewer category collapses
and less label bleeding at the interface between known and
unknown regions.

5. More Token Visualization

To further support the observations in Fig. 2 of the main pa-
per, we provide more visualizations of the frozen DINOv2-
L [9] backbone on Cityscapes [3] in Fig. 5. We aggregate
pixel-level token features from Cityscapes images and ap-
ply t-SNE to obtain a 2D embedding. The resulting map re-
veals discernible groups of tokens that roughly correspond
to major semantic regions (e.g., road, building, vegetation,
car, sky), suggesting that the pretrained model already or-

ganizes dense pixel representations into semantically mean-
ingful manifolds across scenes.

We also visualize the spatial structure of these features
by projecting the high-dimensional tokens onto the first
three principal components and rendering them as pseudo-
RGB maps on the image plane. For each image, we further
apply unsupervised clustering to its pixel-level token fea-
tures, and display the resulting cluster assignments in the
spatial domain. Pixels within the same semantic region tend
to share similar colors and cluster memberships, and vary
smoothly inside objects, while showing noticeable transi-
tions at object boundaries. These additional visualizations
reinforce our manifold assumption on VFM token embed-
dings and motivate the curvature-guided perturbation and
geodesic regularization proposed in the main paper, which
are designed to respect and exploit this structured organiza-
tion rather than disrupt it with uninformed perturbations.

6. Comparison of Token Distributions

Figure 6 compares the t-SNE distributions of pixel-level
token embeddings on ACDC for the pre-trained DINOv2-
L backbone, GeCo, and the RP+MSE baseline. The pre-
trained VFM already organizes tokens into roughly class-
consistent clusters, but several categories remain partially
entangled in the target domain. After adaptation with GeCo,
the global manifold structure is largely preserved while the
class-wise organization becomes richer: clusters are more
compact, inter-class margins are clearer, and fine-grained
substructures within each semantic region are better sepa-
rated. This indicates that the geometry-aware perturbation
and geodesic consistency refine the token manifold itself
and, on top of that, sharpen the decision boundaries that
partition it. In contrast, RP+MSE tends to fragment clus-
ters and introduces local mixing between different classes
(as highlighted in the insets), suggesting that random per-
turbations distort the pretrained geometry and lead to a less
stable token organization under domain shift.
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Pre-trained VFM GeCo (Ours) RP + MSE
Figure 6. t-SNE visualization of pixel-level token embeddings on the ACDC dataset for the pre-trained DINOv2-L backbone (left), GeCo
(middle), and the RP+MSE (right). Each color denotes a semantic class.
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