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Abstract— Domain adaptation is especially important for
robotics applications, where target domain training data is
usually scarce and annotations are costly to obtain. We present
a method for self-supervised domain adaptation for the scenario
where annotated source domain data (e.g. from synthetic gen-
eration) is available, but the target domain data is completely
unannotated. Our method targets the semantic segmentation
task and leverages a segmentation foundation model (Segment
Anything Model) to obtain segment information on unannotated
data. We take inspiration from recent advances in unsupervised
local feature learning and propose an invariance-variance loss
over the detected segments for regularizing feature represen-
tations in the target domain. Crucially, this loss structure
and network architecture can handle overlapping segments
and oversegmentation as produced by Segment Anything. We
demonstrate the advantage of our method on the challenging
YCB-Video and HomebrewedDB datasets and show that it
outperforms prior work and, on YCB-Video, even a network
trained with real annotations. Additionally, we provide insight
through model ablations and show applicability to a custom
robotic application.

I. INTRODUCTION

Domain Adaptation is the art of transferring knowledge
learned from one domain to another domain, usually the
application domain. For roboticists in particular, the very idea
of using out-of-domain data is very appealing, since target
domain data is usually not available in quantities that are
interesting for modern deep learning approaches, and target
domain annotations are even more costly to obtain.

Synthetic data is one kind of out-of-domain data, which is
particularly cheap to generate. It can get close to the target
domain in many properties, but still suffers from domain gap,
the effect that the data distributions do not overlap perfectly
and thus a trained model cannot generalize from training
domain to application domain. In the case of synthetic data,
this is more specifically also called the Sim2Real gap [1].

While there is ongoing research on decreasing this gap
through improvement of synthetic generators [2], [3] or
learning to adapt training data to fit a target distribution [4],
we choose to approach the issue from another, orthogonal
direction: Can we regularize the model in a task-specific
manner so that it performs more robustly in the target
domain?

Recently, foundation models, i.e. very large models trained
on internet-scale datasets, have been released for various
tasks. One of these, the Segment Anything Model (SAM) [5]
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Fig. 1. Hybrid learning from annotated synthetic data (top path, dashed)
and unannotated real data (bottom path, solid). For synthetic data, ground
truth is available. For real data, projected dense features are aggregated using
segment information obtained from Segment Anything Model (SAM). An
invariance loss forces feature vectors of the same segment closer together,
while a variance loss spreads segment means apart. Both branches of the
network train the backbone and thus benefit from each other.

targets segmentation tasks and demonstrates impressive per-
formance in prompted settings, i.e. where there is knowledge
of the target objects’ location. Still, SAM is not suitable for
most robotic applications as-is, since it does not have any
knowledge of the target semantics (e.g. object classes) and
is much too compute-intensive for real-time application.

In this work, we explore a way of distilling the general
“objectness” knowledge learned by SAM to achieve robust
domain adaptation of semantic segmentation networks. In
particular, we use SAM to generate a regularization signal for
the task model—derived from unlabeled target domain data
by pooling dense features into detected segments (see Fig. 1).
We then use an invariance-variance loss scheme inspired by
recent advancements in self-supervised feature learning [6],
[7] to regularize the learned features on unannotated real
data.

Our method significantly outperforms a prior Sim2Real
method [4] and beats even models trained with real labels.
Our contributions include:

1) a segment pooling scheme which uses pre-extracted
SAM segments to aggregate features,

2) a loss formulation that allows self-supervised learning
on a combination of annotated synthetic data and
unannotated real data,
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3) thorough evaluation on the challenging YCB-Video
and HomebrewedDB datasets and two different syn-
thetic data generators,

4) ablations showing the influence of hyperparameters,
and

5) quick application to a custom robotic problem setting.

II. RELATED WORK

Unsupervised domain adaptation is a wide and active
research field. While we discuss directly related methods
here, we refer to Liu et al. [8] for a general overview.
◦ Synthetic Data. Denninger et al. [3] propose BlenderProc,
focused on the realism of generated images, employing
offline rendering techniques such as path tracing using the
well-known Blender software. Schwarz and Behnke [2] in-
troduce the Stillleben framework, which generates training
data for perception tasks such as semantic segmentation,
object detection, and pose estimation. The images provided
by Stillleben are obtained through physics simulation of
object meshes and rasterization, allowing the objects to have
a randomized appearance and material parameters in addition
to noise and transformations that simulate the camera sensors
in a scene. In contrast to BlenderProc, Stillleben can be
used online due to its fast GPU-based rendering pipeline. We
evaluate our method using both BlenderProc and Stillleben
in this work.
◦Unsupervised Learning. If only unlabeled data is available,
one can also turn to unsupervised techniques for learning
robust features. Joint embedding architectures represent one
of the main streams in recent works. Bardes et al. [6]
proposed a self-supervised method for training such architec-
tures, called Variance-Invariance-Covariance Regularization
(VICReg). First, the variance regularization term is defined as
a hinge function on the standard deviation of the embeddings
along the batch dimension and above a given threshold. It
thus forces the embedding vectors of samples within a batch
to be different. Two augmentations of the same sample,
in contrast, are forced closer together by the invariance
term. Finally, the covariance term encourages decorrelated
feature dimensions. Overall, the authors show that their
regularization stabilizes training and leads to robust learned
features.

The VICReg approach is not directly suitable for image
segmentation because it removes spatial information to sat-
isfy the invariance criterion. To combat this, the VICRegL
method by Bardes et al. [7] adds special consideration
of local features by matching feature vectors pooled from
nearby regions in the original image or having a small
distance in embedding space. Our loss formulation is inspired
by the VICReg criterion, but in contrast to VICRegL, our
method leverages external (over-)segmentation information
generated by SAM to derive intra-frame correspondences.
Another difference is that we employ a modern segmentation
backbone architecture which is able to generate features in
a much higher resolution.

Perhaps most related to our approach, Hénaff et al. [9]
group local feature vectors according to a simple unsuper-

vised pre-segmentation and apply a contrastive objective to
each object-level feature separately. Their contrastive objec-
tive maximizes the similarity across views of local features,
which represent the same object, while minimizing similarity
for local features from different objects. In contrast to their
work, which focuses on self-supervised pretraining, our
method makes use of the available supervision on synthetic
data during training.
◦Domain Adaptation. Although synthetic data is a viable
solution to the annotation bottleneck problem, it suffers from
the domain gap between synthetic and real data, i.e. the
discrepancy between the statistical properties obtained by the
synthetic data distribution and the real data distribution. To
overcome the performance degradation when the model is
trained using real images, Imbusch et al. [4] suggested a
multi-step learning-based approach to perform synthetic-to-
real domain adaptation and consequently minimize the do-
main gap. Synthetic images are fed into a domain adaptation
network, which generates images more similar to the real
dataset while preserving annotations. This domain adapta-
tion approach is based on Contrastive Unpaired Translation
(CUT) [10], which is an image-to-image translation tech-
nique aimed at preserving the image content while adapting
the appearance to a target domain. In contrast to this method,
we do not adapt training images, but instead perform the
adaptation while training the task network by regularizing
its performance on unannotated data.
◦ Segment Anything Model (SAM). Foundation models (such
as BERT [11], RoBERTa [12], and GPT-4 [13]) enable pow-
erful generalization for tasks and data distributions beyond
those seen during training. Kirillov et al. [5] focused on
building a foundation model for image segmentation. The
promptable segmentation task is to return a valid segmen-
tation mask given any segmentation prompt, such as a set
of foreground and background points or a rough bounding
box specifying what to segment in an image. The Segment
Anything Model (SAM) can adapt to diverse segmentation
tasks. Importantly for a foundation model, the authors col-
lected the Segment Anything Dataset, SA-1B, which consists
of 11 million diverse, high-resolution, licensed, and privacy
protecting images and 1.1 billion high-quality segmentation
masks. The dataset was collected through model-in-the-loop
dataset annotation, leveraging weaker versions of SAM to
annotate more training data for later stronger versions. The
trained SAM model can segment unfamiliar objects and
images without requiring any training or annotations and can
be used for different tasks, as long as a prompt is available.
Additionally, it was designed to be able to naturally handle
ambiguity, such as a prompt meaning smaller (e.g. shirt)
or bigger (e.g. person) scene entities. Therefore, its output
predicts multiple masks for a single prompt, resulting in
segments that intersect each other. SAM cannot be applied
directly for usual semantic segmentation tasks, though, be-
cause it does not produce semantic information.

Kim et al. [14] proposed a method for utilizing SAM
for hierarchical decomposition of scenes. A very similar
contrastive loss structure is used to ensure parts that are



Fig. 2. Segments predicted by SAM in its “segment everything” mode,
shown stacked in 3D on top of the reference image. Note how the segments
overlap and over-segment the image. We only show a small number of
segments for clarity.

grouped by SAM end up with similar features. Notably, the
authors introduce a multi-scale architecture to extend the
range of the built grouping hierarchy. The method is applied
to 3D neural radiance fields, focusing on high-fidelity offline
decomposition of pre-recorded 3D scenes. In contrast, our
method is applied as regularization during training of a task
network, which is later capable of real-time operation on
novel scenes, and, through synthetic supervision, produces
semantics.

III. METHOD

We will now describe our method in detail. Fig. 1 shows
the general information flow and Fig. 3 zooms into the
trained network.

A. SAM Preprocessing

The Segment Anything Model (SAM, [5]) allows zero-
shot segmentation given a point, mask, or even textual
prompt. It has learned a general objectness concept which
allows it to predict the most likely segment belonging to
a prompt. We use the default “automatic” mask prediction
mode of SAM, which queries the model with a grid of query
points to segment “everything” in the image. The default
settings are chosen for SAM with a ViT-H backbone and
a query grid size of 24×24 which ensures that objects of
typical size are hit by at least one query point.

Because the SAM results only depend on the input image,
SAM segmentation can be done in a preprocessing step. This
is most welcome, since SAM execution is compute-intensive.

Because each segment is predicted in isolation, SAM
produces an oversegmentation of the image with overlapping
masks (see Fig. 2). To deal with this effect, we do not directly
use the SAM segments to e.g. generate pixel-wise pseudo
labels, which would be difficult due to the overlapping (see
Section IV-D for an experiment showing this). Instead, our
proposed loss formulation is able to deal with this ambiguity
(see Sec. III-E).

B. Modern Segmentation Backbone

The backbone of our network follows a standard archi-
tecture in recent segmentation works [15]–[17]: We com-
bine a strong ConvNeXt-L [17] pretrained on ImageNet
classification with a Feature Pyramid Network (FPN) [18],
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Fig. 3. Detailed architecture of the backbone with the segmentation head
and the dense feature head. “Up” denotes a bilinear upsampling layer.

which propagates highly semantic features from higher, low-
resolution layers back to the lower, high-resolution layers
(see Fig. 3). Inspired by Xiao et al. [15], we also add an
additional Pyramid Pooling Module (PPM) [19] on top of
the feature pyramid, which improves global context by even
further spatially aggregating features. A single fusion layer
than produces a single feature map with 512 channels and
high resolution. The resulting structure is similar to the one
evaluated in [17] for segmentation tasks. Congruent with
ConvNeXt, all our network layers use GELU activations.

C. Segmentation Head

A single convolutional layer with kernel size 1×1 com-
putes the semantic segmentation result (i.e. class logits).
On synthetic images, where annotations are available, this
layer and the backbone are trained using the standard cross
entropy loss LSup. For images without annotations, this
output provides a compatible semantic segmentation but due
to the lack of ground truth, it cannot be used for training.

D. Dense Feature Head

Inspired by VICReg [6] and VICRegL [7], we add a
projection block for the self-supervised feature learning on
real images. This projection block consists of two layers
that bring the feature dimension first down to 256 and then
to D. In our experiments we choose D = 3, which has the
advantage of being easily visualizable as RGB colors. Low
dimensionality in contrastively learned features is a common
choice [20] and indeed, higher D does not lead to better
performance (see Section IV-D).

The fact that the self-supervised feature learning uses a
different projector than the semantic segmentation provides
the necessary decoupling: Since SAM oversegments the
image, it is important that the segmentation head can ignore
some fine-grained differences visible in the dense feature
output (see the exemplary SAM output in Fig. 2).

E. Segment Pooling

Hénaff et al. [9] pool feature vectors coming from the
same region (as predicted by an EMA teacher model) in the
mask and contrast the resulting vectors between each other
with a contrastive loss function. This allows feature vectors
spatially far away in the original image to be pooled together
if they belong to the same object. Following a similar idea,
we use predicted SAM segments to pool features. Since



SAM predictions are available for both synthetic and real
data, this allows regularization in both domains. Furthermore,
the regularization will be stable, since SAM predictions are
constant during training.

After upsampling the output of the dense feature head to
the image resolution, our pooling block computes the mean
µi ∈ RD and the unnormalized variance vector vi ∈ RD for
each segment i ∈ {0, . . . , N}:

µi =
1

|Si|
∑
p∈Si

zp, and (1)

vi =
∑
p∈Si

(zp − µi)
⊙2, (2)

where Si is the set of pixels belonging to segment i, zp is the
feature vector located at p, and (·)⊙2 denotes the element-
wise squaring operation (Hadamard power). The variance is
not normalized by pixel count, since this would give equal
importance to segments of any size, resulting in an undesired
focus on smaller segments. Instead, we give each pixel of
each segment equal weighting (see below).

◦ Invariance Loss. The first information we can obtain
from SAM is that pixels from the same segment are likely to
belong to the same object. Thus, we strive to keep segment
variance low. Therefore, we define the invariance loss

LInv =
1
D

∑N
i=1 ||vi||1∑N
i=1 |Si|

. (3)

◦Variance Loss. The second insight is that two different
SAM segments are likely from different objects. We thus
expect a minimum margin β between means, leading to the
variance loss

LVar =
2

N(N − 1)

∑
i ̸=j

max(0, β − ||µi − µj ||2) , (4)

where we choose β = 0.5 as in [6].
Bardes et al. [6] also propose a covariance loss which

helps to keep individual feature dimensions decorrelated. In
our experiments, we found that this component is unneces-
sary in our case, most likely because of the presence of super-
vision on synthetic images, which yields backbone outputs
(before the heads) that correspond to object classes. However,
both invariance and variance losses are necessary—training
with invariance loss only leads to uniform predictions, while
variance loss alone leads to quasi-random predictions.

The total loss in the self-supervised case on real images
is thus

Lreal = α (LInv + LVar) , (5)

where α = 0.05 is used to scale the loss in relation
to the supervised loss on synthetic images, bringing them
approximately to the same magnitude on the YCB-Video
dataset.

What happens if SAM oversegments? In this case, SAM
produces overlapping segments with segments corresponding
to the entire object and segments for individual parts [5].
Here, variance and invariance loss will both be applied to
the same pixel pairs. This balanced regularization yields
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Fig. 4. Alternating training of the backbone and heads on synthetic (top)
and real (bottom) data.

similar, but distinct features for objects and their parts, as
discussed in Section IV-C and shown in Fig. 5, and thus poses
no problem, since objects can still clearly be differentiated.
In general, we emphasize that our primary goal is not to
learn dense features corresponding to target classes, but to
regularize the segmentation network. The segmentation head
can, by learning from its synthetic supervision, decide to
ignore adverse effects that arise from SAM regularization, as
long as the undersegmentation or oversegmentation behavior
of SAM also occurs in synthetic data.

We also note that it would be possible to further refine or
filter SAM masks by using the model trained on synthetic
data as a teacher. However, our regularization approach is
designed to help especially in the cases where the unregu-
larized method would make segmentation mistakes, and we
argue that it does not help to commit to these mistakes by
focusing on SAM masks that undersegment or oversegment
the target object. Indeed, Section IV-D shows that “intelli-
gently” generating pseudo-labels in such a manner does not
improve performance.

IV. EVALUATION

A. Training Details

We follow the training and evaluation protocol of Imbusch
et al. [4]: Training is conducted over 300 epochs of 1500
frames each with a batch size of 1. Synthetic data is either
generated on the fly (so that a frame is never repeated) or
selected randomly from available frames. Accordingly, for
real data the 1500 frames are randomly chosen from the
entire dataset for each epoch. Similar to [4], an exponential
moving average (EMA) version of the model with αEMA =
0.995 is used for evaluation. We report the mean intersection
over union (mIoU) score on the test dataset, averaged over
the last 50 training epochs, which eliminates any remaining
short-term training effects (see [4] for details).

Our full model requires both synthetic and real images.
To keep RAM usage low, we follow an alternating training
scheme (see Fig. 4), where in each iteration first a synthetic
image is processed and then a real image. The supervised
and self-supervised losses are thus only added stochastically
over the course of optimization. Training was conducted on
NVIDIA RTX A6000 and A100 GPUs.
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Fig. 5. Learned dense features normalized and visualized as RGB colors. The upper row shows input images from HomebrewedDB (left) and YCB-Video
(right). The bottom row shows features learned by the network in self-supervised fashion. Note that a) features correspond well to objects, b) features are
stable under camera motion, and c) SAM oversegmentation leads to object parts such as text receiving slightly different but related locations in feature
space.

B. Datasets

As in [4], we evaluate our method on the YCB-Video [21]
and HomebrewedDB [22] datasets. Both datasets are part
of the well-known BOP challenge [23] and contain object
meshes—a prerequisite for generating synthetic data.

◦YCB-Video contains 21 YCB [24] objects captured with
an RGB-D camera in 92 videos, totaling approx. 134k
frames. The frames exhibit difficult lighting conditions and
camera noise. For synthetic data, we use Stillleben [2], which
generates physically plausible arrangements and renderings
on the fly during training.

◦HomebrewedDB is a slightly smaller dataset with 13
different scenes. Following [4], we only use the PrimeSense
frames. The “val” split is used for training, and the “test”
split for evaluation (HomebrewedDB does not contain a
“train” split with real data). The semantic segmentation
is trained and evaluated only on the BOP test objects.
For synthetic data, we use the BlenderProc4BOP synthetic
frames provided by BOP. Imbusch et al. [4] used Stillleben
data for HomebrewedDB, but since Stillleben is not well
adapted to HomebrewedDB, which contains many occluding
background objects, we observed lower performance. The
BlenderProc4BOP images also allow us to demonstrate our
method on a second type of synthetic data.

C. Results

Table I reports semantic segmentation results on YCB-
Video and HomebrewedDB. We compare our results with
those of Imbusch et al. [4], since they address the same prob-
lem setting. Similar to their evaluation, is not our intention to
beat the overall state-of-the-art in semantic segmentation, but
instead show the improvement gained by using our method
when applied to a straightforward segmentation model.

As a first observation, our more modern segmentation
backbone based on ConvNeXt and FPN+PPM compared
to the older RefineNet [25] used in [4] is able to achieve
much higher mIoU on the baseline of real annotated data

TABLE I
RESULTS ON YCB DATASETS

Mean IoU

Method \ Dataset YCB-Video [21] HomebrewedDB [22]

Imbusch et al. [4]
- real labels 0.770 0.737
- synthetic only 0.701 0.4811

- full 0.763 0.5581

Ours
- real labels 0.839 0.883
- synthetic only 0.807 0.748
- CUT [4] only2 0.814 -
- full 0.853 0.7873

Note: “real labels” is a baseline which has access to real supervision.
1 [4] uses Stillleben [2] synthetic data, we use BlenderProc4BOP

for HomebrewedDB.
2 Training our backbone on CUT-refined synthetic data.
3 Model was trained for only 200 epochs.

for both datasets. To analyze the impact of this further, we
train an ablation of our backbone with CUT-refined data,
like in [4]. This combination achieves similar results as
compared to training our backbone directly on synthetic
data. In conclusion, the more modern backbone architecture
already provides the robustness that was induced through
data augmentation in [4].

Furthermore, our method not only outperforms a network
purely trained on synthetic data, but also beats the real
baseline on YCB-Video. On HomebrewedDB, our method
provides a decent advantage over synthetic data alone, but
does not reach the performance possible from real annota-
tions. This may be due to the smaller quantity and especially
the smaller diversity of available real data.

Figure 5 shows the learned dense features qualitatively.
It is immediately evident that the learned features corre-
spond well to the objects to be segmented and it can be
concluded that learning such a representation is highly likely
to be helpful for the semantic segmentation task. The fact
that the learned representations remain stable under camera



Input image a) Synthetic-only b) Full model Ground truth

Fig. 6. Qualitative segmentation results on the YCB-Video test set.
Compared to a model trained only on synthetic data (a), the predictions of
the model trained with SAM regularization (b) are generally more complete.

motion is a further indicator that the network is learning a
shared representation for semantic segmentation and dense
features—since the invariance-variance loss alone does not
demand such coherence. Interestingly, the feature visualiza-
tions exhibit the over-segmentation done by SAM. Small
parts of objects, such as text and/or markings receive slightly
different feature values in order to satisfy the variance loss.
Still, through the decoupled two-head design, this does not
impact segmentation performance.

If we analyze the regularizing effect of SAM on the
segmentation output, we can see that using the full pipeline
encourages more complete segments (see Figs. 6 and 7). In
contrast, a model trained only on synthetic data will often
only detect parts of objects. In our opinion, this means that
the general sense of “objectness” learned by SAM has been
successfully distilled and combined with the target domain
semantics by our approach.

Executing our model requires only one forward pass and is
possible in real-time on an NVIDIA RTX A6000 GPU (40 ms
per 640×480 frame). In contrast, SAM with grid prompting
takes more than one second to process the same frame.

D. Additional Ablations

We performed additional ablations to investigate the con-
tribution and parameters of SAM regularization.

a) Amount of required data: In an application setting, it
is desirable to know how many (unlabeled) real frames have
to be captured. We performed training runs with randomly
subsampled training sets on YCB-Video (see Fig. 8). While
training with a single real frame hurts performance compared
with the purely-synthetic version (compare Table I), gains are
observed starting at 10 frames. This shows that our method

Input image a) Synthetic-only b) Full model Ground truth

Fig. 7. Qualitative segmentation results on the HomebrewedDB test set.
Compared to a model trained only on synthetic data (a), the predictions of
the model trained with SAM regularization (b) are more complete and show
less classification errors.
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Fig. 8. Sensitivity to amount of real (unlabeled) training data. The model
was trained on randomly sampled subsets of the YCB-Video training set.
All models were trained for 200 epochs. The full training set has 113k
frames.

is very cheap to apply as it does not require extensive dataset
capture.

b) Pseudolabel generation: Instead of our proposed
SAM regularization regime, which can handle overlapping
SAM segments, we can also use SAM masks more directly
to generate pseudo-labels for semantic segmentation. In this
scenario, we utilize SAM as defined in Section III-A to
produce segments. Now, an exponential moving average
(EMA) version of the network under training is used to
generate semantic predictions on real data. For each object
class, a best-fitting SAM segment is found through its IoU
with the prediction, thereby generating pseudo-labels for
further training. Since this training regime cannot be used
from scratch due to instability of the generated pseudo-labels,
we apply it on a model pretrained on synthetic data for 300
epochs. The model is then trained in alternating fashion on
synthetic data and the pseudo-labeled real data.

In contrast to our SAM regularization, this pseudo-label



TABLE II
ADDITIONAL ABLATIONS AND VARIANTS

Experiment Variant Mean IoU

Pseudolabels Synthetic only 0.807
SAM pseudo-labels 0.805
SAM regularization 0.853

Domain gap Wider gap (syn only) 0.106
Wider gap (full) 0.771

Loss scaling α = 0.025 0.832
α = 0.05 (chosen) 0.853
α = 0.1 0.852

Feature dimension D = 12 0.845
D = 6 0.850
D = 3 (chosen) 0.853
D = 2 0.847
D = 1 0.847

Robotic application Synthetic only 0.704
Full 0.748
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Fig. 9. Widening the domain gap by reducing realism of the synthetic data
generator. The bottom row has most available rendering options turned off.

generation method does not lead to higher generalization
ability compared to the baseline trained purely on synthetic
data (see Table II). We attribute this to situations where the
model undersegments or oversegments objects in the real
domain. In this case, a pseudo-label-based approach is likely
to select a SAM mask matching the under-/oversegmentation,
not yielding any improvement, whereas our SAM regular-
ization approach will lead the model to consider all possible
segmentations found by SAM.

c) Wider domain gap: What if source and target do-
mains are further apart? While domains with completely
different styles are not our focus, we can artificially widen
the domain gap in a controlled manner by making the
synthetic images less realistic. In particular, we switch off
the camera noise model, IBL light maps, shadows, and
SSAO in the Stillleben generator (see [2] for details). The
resulting images are clearly less realistic and less varied
(see Fig. 9) and are known to lead to remarkably bad
generalization performance [2]. Table II shows results from
training runs performed with this data, with and without
SAM regularization. While the unregularized model clearly
overfits on the less-varied source domain data as expected,
our proposed SAM regularization restores generalization.

d) The influence of α and D: The loss scaling hy-
perparameter α was chosen to balance supervision and
regularization losses. As one can see in Table II, our model
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Fig. 10. Dense features learned with D < 3. D = 1 is visualized as
grayscale, for D = 2 the blue channel set to constant value.

is not very sensitive to this parameter.
While choosing D = 3 feature dimensions for the dense

feature head is a convenient choice for visualizing features, it
is conceivable that higher-dimensional feature spaces might
lead to better separation of objects and grouping of parts.
However, as Table II shows, an increase to D = 12 does
not lead to better performance. It is possible to increase D
further, but this requires optimization of the variance loss
computation due to memory constraints, e.g. by introducing
random subsampling. In the other direction, even for D =
1 the model manages to properly separate segments in the
resulting one-dimensional feature space (see Fig. 10) and the
SAM regularization scheme remains effective.

E. Application in Robotic Setting

While demonstrating the usefulness of SAM regularization
on YCB-Video and HomebrewedDB is interesting, the ques-
tion remains if it is actually useful in a robotic application.
For this purpose, we utilized a PAL Robotics TIAGo++
robot carrying an Orbbec Astra RGB-D camera. Our TIAGo
robot is used for research in household contexts and is
capable of autonomously grasping user-selected objects. Dur-
ing each such performed grasp, we automatically recorded
RGB frames showing the situation before, during, and after
the grasp. In this way, we recorded 28 scenes (i.e. object
arrangements) with 3-21 frames each, which we divide into
26 train and 2 test scenes.

Both, the quantitative results reported in Table II and
the qualitative results shown in Fig. 11, confirm that SAM
regularization is also effective in this setting.

V. CONCLUSION

We proposed a practical way to address the annotation
bottleneck by using source domain data with annotations
and target domain data without annotations, leveraging and
learning from a foundation model.

Instead of focusing on improving the quality of the syn-
thetic images, we make use of both domains to achieve a
decrease in the Sim2Real gap. Indeed, we have shown that a
task-specific regularization using a related foundation model
is possible and beneficial for the task itself. Our method is
universally applicable and we demonstrated its advantages
for semantic segmentation on two well-known datasets. The
evaluation of our method resulted in a mean IoU of 85%
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Test image a) Synthetic-only b) Full model Ground truth

Fig. 11. Qualitative segmentation results on a custom robotic test set.
The unlabeled training data was automatically captured during autonomous
grasping of operator-specified objects (top). The resulting dataset is used to
SAM-regularize a model otherwise trained with labeled synthetic data (a),
which gives improved results (b).

and 79% on YCB-Video and HomebrewedDB, a sufficient
accuracy for real-world robotic tasks such as grasping.

The regularization term related to the SAM segments
results in the learning of meaningful features, which yields
the observed improvement in task scores. On YCB-Video,
our model trained only on synthetic data and SAM regu-
larization outperformed training on real data. Therefore, we
can regularize the model in a task-specific manner so that it
performs more robustly in the target domain.

Our method is not restricted to semantic segmentation.
Joint training on a task on synthetic data and SAM segment
regularization of real data is a generic tool that roboticists
can use to reduce the effects of the Sim2Real gap. We are
convinced that our method will be applicable to other tasks,
such as object detection, panoptic segmentation, 6D pose
prediction, and other applications requiring dense features.
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