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\A/

SPECIALIZED STRUCTURAL PRUNING OF FOUNDATION MODELS
FOR INDOOR ROBOTIC VISION

We address the problem of deploying large-scale vision foundation models in real-time robotic systems, which is currently hinde-
red by immense computational demands and significant inference latency. We analyze the limitations of general-purpose segmentati-
on model compression methods, which frequently fail to maintain semantic precision and mask granularity when transferred to speci-
alized environments such as indoor robotic navigation. We introduce a domain-specific structural optimization framework for seg-
mentation models, designed to transform a heavyweight image segmentation architecture into a lightweight, high-precision tool tailo-
red for specialized perception tasks. We examine the role of a multi-stage pipeline, beginning with a critical adaptation phase where a
full-scale teacher model is specialized to establish robust prior knowledge of target textures and indoor geometries, providing a do-
main-aware baseline for knowledge transfer. We implement an alternate slimming framework that decomposes the vision transformer
encoder into decoupled embedding and bottleneck internal dimensions, allowing sequential structural pruning that maintains archi-
tectural consistency for intermediate feature alignment. We integrate a robust data augmentation pipeline during the distillation and
recovery phases, incorporating complex geometric and photometric transformations to stabilize the learning process and mitigate
overfitting in data-scarce scenarios. Our results show that this comprehensive approach achieves a 73.3 % reduction in total trainable
parameters and a 74.3 % reduction in Multiply-Accumulate operations (MACs), which effectively doubles the inference speed from
7 FPS to 15 FPS. We observe that the optimized student model experiences a marginal accuracy drop of only approximately 1 %
compared to the specialized teacher model, consistently outperforming standard SimSAM baselines in both semantic mask granula-
rity and overall environmental robustness. We establish that our model demonstrates superior resistance to lighting variations and
shadow interference, successfully addressing a common failure point in baseline architectures like FastSAM, that often distort seg-
mentation masks under high-contrast indoor illumination. We conclude that the integration of domain-specific pruning and augmen-
ted distillation provides a superior and more stable path for enabling real-time, sophisticated computer vision on resource-constrained
autonomous platforms.

Keywords: image processing; data processing; image segmentation; fine-tuning; general-purpose segmentation models.

monstrate extraordinary zero-shot generalization capabiliti-
es [3]. For robotics, this means a pre-trained model can of-
ten segment unfamiliar objects without the need for extensi-
ve task-specific retraining, significantly lowering the barrier
for deploying versatile autonomous agents in diverse scena-
rios.

However, despite their impressive accuracy, these foun-
dation models face significant limitations when applied to
practical, real-world tasks [20]. Their most prominent draw-
back is their immense computational complexity and massi-
ve parameter counts. The heavyweight architectures requi-
red to achieve high generalization result in significant infe-
rence latency and high memory consumption. In the context
of robotics, where decisions must often be made in millise-
conds and hardware resources are limited by power and size
constraints, the deployment of such "dense" networks rema-
ins largely impractical.

To overcome these limitations, this research focuses on
the optimization of the network's internal structure through
a process of strategic reduction. Rather than replacing the

Introduction / Bctyn

The ability to accurately perceive and interpret visual
information is a fundamental requirement for modern auto-
nomous systems [14]. Object detection and segmentation
serve as the cornerstone of this perception, enabling machi-
nes to not only identify the presence of various entities but
also to delineate their precise boundaries. This level of gra-
nularity is especially critical in the domain of robotic
systems, where robots must interact with complex, unstruc-
tured environments in real-time. Whether it is a robotic arm
performing precise manipulation or an autonomous mobile
unit navigating a crowded indoor space, the system's safety
and efficiency depend on its ability to distinguish between
objects, obstacles, and surfaces with high reliability.

The emergence of foundation models, such as the Seg-
ment Anything Model (SAM), has revolutionized this field
by providing a unified framework for class-agnostic seg-
mentation. These models are trained on massive datasets
comprising millions of images, allowing them to de-

© Copyright 2026 by the author(s)

Bopkiscbkuii borgan Metposuy, maricTp, acnipaHT, Kabeapa aBTOMaTM30BaHi CUCTEMM YNPABAIHHA.
Email: bohdan.p.borkivskyi@Ilpnu.ua; https://orcid.org/0000-0003-3301-476X

Tecniok Bacunb MukonaiioBuu, a-p TexH. HayK, npodecop, 3aBifyBay Kadeapy aBTOMATU30BaHi CUCTEMM YNPaBAiHHA.
Email: vasyl.m.teslyuk@Ilpnu.ua; https://orcid.org/0000-0002-5974-9310

LiutyBaHHsA 3a CTY: Bopkiscbkuii b. M., Tecntok B. M. CneujanizoBaHe CTPYKTypHe CNpoLweHHA 6a30BMX moaenei gaa cuctem
TexXHIYHOro 30py poboTiB y NpUMiLLeHHAX. Haykoswui BicHWMK HNTY YKpainu. 2026, 1. 36, Ne 1. C. 156-161.

Citation APA: Borkivskyi, B. P., & Teslyuk, V. M. (2026). Specialized structural pruning of foundation models for indoor robotic vision.
Scientific Bulletin of UNFU, 36(1), 156—161. https://doi.org/10.36930/40360117

156 Haykoswuit BicHMK H/TY Ykpainu, 2026, 1. 36, No 1 Scientific Bulletin of UNFU, 2026, vol. 36, no 1




architecture entirely, we can streamline the existing model
by identifying and removing redundant components while
retaining its core knowledge. By employing a progressive
compression framework, the model is thinned in stages, al-
lowing it to maintain its sophisticated understanding of vis-
ual features while becoming significantly faster and more
lightweight. This methodology allows the adaptation of po-
werful foundation models into efficient, domain-specific to-
ols, making high-precision object recognition viable for re-
source-constrained robotic applications.

Object of research — the object detection in a closed en-
vironment for robotic systems.

Subject of research — methods and means of object seg-
mentation for robotic systems in an enclosed environment,
that allow improving the performance of segmentation mo-
del and speed of inference.

The purpose of the research — to increase the perfor-
mance of object segmentation model for robotic systems in
an enclosed environment by applying structural pruning,
that will allow using such model in resource-constrained
systems.

To achieve this purpose, the following main research
objectives are identified:

e conduct a literature analysis of methods and means of object
segmentation, that will allow systematization of existing
approaches to accelerating vision foundation models and the
identification of critical gaps in adapting these architectures
for robotic systems within specialized domains;

e choose the optimal method of architecture slimming for ob-
ject segmentation neural networks, that will enable deep
compression of vision transformer backbones without
compromising structural integrity;

e select a data set for training the neural network and develop
a model, that will facilitate the implementation of a domain
adaptation phase for transferring knowledge of indoor-speci-
fic geometries and textures;

e conduct training experiments with different combinations of
model parameters, that will allow the exploration of the tra-
de-offs between computational complexity and inference
throughput;

e evaluate the accuracy of the selected algorithms, that will ve-
rify the effectiveness of the proposed methodology against
existing solutions.

Analysis of recent research and publications. The ad-
vent of Vision Foundation Models (VFMs) has revolutioni-
zed image segmentation by moving away from task-specific
training toward broad-domain generalization. The Segment
Anything Model (SAM) [12] is the leading framework in
this space, having been trained on the massive SA-1B data-
set [16], which consists of 11 million high-resolution ima-
ges and over 1 billion segmentation masks.

SAM's architecture is split into three main parts: a Visi-
on Transformer (ViT) image encoder [5], a prompt encoder,
and a mask decoder. While the prompt encoder and mask
decoder are highly efficient, the ViT image encoder is the
primary source of computational overhead due to the quad-
ratic complexity of its self-attention mechanism. This he-
avyweight encoder contributes to over 95 % of the model's
parameter count and total MACs (Multiply-Accumulate
Operations), creating a significant bottleneck for real-time
deployment.

Model pruning [6] is a fundamental technique for elimi-
nating parameter redundancy within deep neural networks.
Research generally distinguishes between unstructured pru-
ning, which removes individual weights and requires speci-

alized hardware, and structural pruning, which eliminates
entire architectural components such as channels, filters, or
layers. Structural pruning is particularly effective for achi-
eving real-time speedups on standard CPUs and GPUs wit-
hout specialized software.

The success of structural pruning depends on importan-
ce estimation (saliency) [17], the process of identifying
which parameters contribute least to the model's output.
Common criteria include magnitude-based pruning or first-
order Taylor expansions, which approximate the loss chan-
ge caused by removing a specific parameter. In complex
architectures like Transformers, pruning must also account
for structural dependencies, where changing the dimension
of one layer necessitates changes in others, a challenge
addressed by dependency tracking frameworks like
DepGraph.

Knowledge Distillation (KD) [7] serves as a vital tool
for recovering the performance of a model after it has been
thinned by pruning. The process involves a "teacher" model
(the original dense SAM) supervising a "student" model
(the pruned lightweight version). Beyond using final soft
targets to transfer knowledge, state-of-the-art distillation of-
ten incorporates intermediate feature alignment.

FastSAM [21] approach reformulates the "segment
anything" task as an all-instance segmentation problem fol-
lowed by prompt-guided selection. It utilizes a YOLOVS-
seg detector, which is a CNN-based architecture optimized
for real-time performance. By leveraging the local inducti-
ve biases of convolutions, FastSAM achieves up to a 50 x
speedup compared to the original SAM-H during inference.
However, as noted in the research, this speed comes with a
trade-off in mask granularity, particularly for small objects.

Recognizing the bottleneck of the image encoder, Mobi-
1eSAM [19] adopts a "decoupled" distillation approach. It
replaces the heavy ViT encoder with a TinyViT backbone.
By distilling knowledge from the original SAM encoder in-
to this lightweight architecture, MobileSAM achieves signi-
ficantly reduced parameter counts and computational de-
mands suitable for mobile applications.

Diverging from methods that require training new archi-
tectures from scratch, SimSAM [4] focuses on reusing the
robust prior knowledge of pre-trained SAMs through struc-
tural optimization, which is achieved through several pione-
ering contributions. Instead of a single-step aggressive pru-
ning, alternate slimming framework decomposes the model
into two separate sub-structures: the embedding (output di-
mensions of each block) and the bottleneck (intermediate
features of each block). By sequentially pruning and resto-
ring these components in an alternating fashion, SimSAM
prevents the steep performance degradation typically asso-
ciated with high compression ratios. To enhance perfor-
mance recovery, the intermediate feature alignment exploits
the hidden state information of the original model. By parti-
tioning the model into sub-structures, SIimSAM circum-
vents dimensionality inconsistency issues, enabling the pru-
ned model to align its intermediate feature maps with the
original model through consistent backpropagation.

The refinement of how parameter importance [10] is
calculated is a critical innovation in structural reduction.
Traditional Taylor-order approximations often suffer from a
misalignment between the pruning objective (minimizing
hard label discrepancy) and the distillation target (minimi-
zing soft label loss). The disturbed Taylor importance met-
hod calculates gradients based on the loss between the ori-
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ginal image embedding and a "disturbed" embedding injec-
ted with Gaussian noise, resulting in label-free estimation.

The reviewed literature illustrates a rapid evolution in
foundational model acceleration, ranging from high-speed
architectural substitutes to data-efficient slimming frame-
works. However, a critical deficiency remains in the syste-
matic application of these methods to domain-specific robo-
tic perception: current approaches do not sufficiently
address the necessity of preliminary domain adaptation be-
fore structural reduction, the impact of environmental vola-
tility, such as shadow interference and dynamic lighting, on
pruned weights is not thoroughly quantified, and the effi-
cacy of augmented knowledge inheritance in data-scarce
scenarios has not been formalized. This gap motivates the
present study, which focuses on a specialized multi-stage
pipeline for alternate slimming. By identifying the optimal
trade-off between architectural sparsity and domain-specific
accuracy, this research clarifies the performance-efficiency
requirements necessary to transform heavyweight foundati-
on models into viable perception tools for computationally
constrained robotic systems.

Materials and methods of research. In this research
we investigate optimizing segmentation foundation models
under resource-constrained conditions. The study is con-
ducted with the usage of NYU Depth v2 imagery dataset
[13] that consist of diverse indoor scenes as the primary so-
urce for domain adaptation and slimming with no additional
depth information utilized, ensuring the model relies solely
on visual semantic features for object recognition. Primary
metric used for accuracy — mAP, for efficiency — parame-
ters count, MAC and fps. All training was performed in Go-
ogle Colaboratory environment with NVIDIA A100 GPU.

Research results and their discussion /
Pe3ysibTaTH J0C/iPKEHHS Ta iX 06roBOpPEeHHA

Domain-specific pre-training of image segmentation
model. The effectiveness of structural pruning is heavily
dependent on the quality of the "teacher" model from which
the pruned "student" inherits its knowledge. While founda-
tion models like the Segment Anything Model (SAM) are
trained on massive datasets like SA-1B to achieve open-
world generalization, they often lack the specialized feature
representations required for high-precision tasks in niche
environments, such as indoor robotic navigation.

Before initiating the structural reduction process, it is
essential to establish a robust domain-aware baseline. We
implemented a preliminary fine-tuning phase, where the
original, dense SAM-B (Base) model was trained on the
NYU Depth RGB data [1]. This step shifts the model's fo-
cus from general-purpose segmentation to the specific tex-
tures, lighting conditions, and object categories common in
indoor environments. By fine-tuning the full-scale model,
we create a specialized teacher that possesses "domain-spe-
cific robust prior knowledge". This specialized teacher pro-
vides more relevant intermediate feature maps for the stu-
dent model to align with during the subsequent distillation
stages, particularly when training data is severely limited.

Alternate slimming framework. To achieve high
compression ratios while maintaining the model's represen-
tational integrity, the alternate slimming framework [4] de-
composes the complex internal structure of the Segment
Anything Model (SAM) into decoupled components for
sequential optimization. This methodology prevents the ste-
ep performance degradation typically associated with

aggressive, single-step pruning by minimizing the architec-
tural divergence between the original dense model and the
pruned student.

An important component of the structural reduction pro-
cess is the identification of redundant parameters using the
disturbed Taylor importance criterion. Instead of relying on
hard labels, gradients are calculated based on the loss bet-
ween the original image embeddings and "disturbed" em-
beddings injected with Gaussian noise. This creates a label-
free framework that seamlessly aligns the pruning criteria
with the optimization targets of the distillation process, the-
reby enhancing accuracy recovery in data-limited scenarios.

The distillation process utilizes specific loss functions
designed to maximize knowledge retention through inter-
mediate feature alignment.

Bottleneck Aligning Loss (Lg,). During the first distilla-
tion phase, the objective is to synchronize the dimensiona-
lity-consistent bottleneck features H and the final image
embeddings ¢:

Ly =a ‘LMSE(HVO’HVI) +(1 _a)‘LMSE (tvoatm) >

where H, is the teacher encoder intermediate features and
H, is the encoder intermediate features after embedding
pruning, #,4 is the final image embeddings from the original
encoder, and ¢,; is the final image embeddings from the first
pruned encoder, Ly denotes the Mean-Squared Error, and
o is a dynamic weight set to 0.5 for the first 10 epochs and
0 thereafter, allowing the model to focus purely on the final
embedding after initial feature stabilization.

Embedding Aligning Loss (Lg,). In the final phase, the
loss function is structured to facilitate a smooth transition of
knowledge from both the original teacher and the interme-
diate thinned model:

Lyy,=a- (LMSE(EVI’EVZ) + Ly (twtvz)) + (1 - a) Ly (t951,2) 5
where E, is the first pruned encoder output features, E,, is
the output features of final pruned encoder, ¢, is the image
embeddings from the original encoder, #,; is the image em-
beddings from the first pruned encoder, and ¢,, is the image
embeddings from the final pruned encoder. The dynamic
weight

o= N-n-1
N
where N = 10, so that it progressively diminishes to zero as
distillation unfolds. This transition shifts the learning objec-
tive from the thinned intermediate state v1 back to the origi-
nal full-scale teacher v0, ensuring the highest possible pre-
cision in the final lightweight model.

Data augmentation. During the distillation and reco-
very phases, we observed that training on the limited NYU
Depth subset led to poor results due to the model's inability
to generalize from a static distribution. To overcome this,
we implemented a robust data augmentation pipeline. It
included geometric transformations, like random cropping,
horizontal flipping, and scaling that were applied to incre-
ase spatial diversity and photometric adjustments, like color
jittering and brightness variations that were used to simula-
te diverse indoor lighting conditions.

The inclusion of data augmentation proved essential [2]
for stabilizing the distillation process, preventing the "steep
performance degradation" often seen in data-scarce scenari-
os. It allowed the pruned student model to inherit the teac-
her's robust prior knowledge more effectively while adap-
ting to the specific variance of indoor scenes.

>
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Quantitative results of model pruning. By utilizing our
proposed domain-specific optimization pipeline, which in-
tegrates an initial fine-tuning phase on the NYU Depth da-
taset with a data-augmented alternate slimming process, we
achieve structural reduction with almost no performance
degradation (Table 1). Specifically, our results show that
the optimized model experiences a marginal accuracy drop
of approximately 1 % compared to the full-scale teacher
model. This minimal loss demonstrates that our methodo-
logy successfully inherits and preserves the core domain-
specific knowledge established during pre-training, enab-
ling the pruned student model to match the fidelity of a den-
se architecture while operating with far greater efficiency.

Table 1. Training results / Pe3ynbTat TpeHyBaHHS MOIETL

Model mAP (%)
Teacher 71.38
Sliming result 70.32

In terms of architectural scale, the structural reduction
achieved through the alternate slimming framework was
substantial (Table 2). The model was thinned from a baseli-
ne of 89,578,240 parameters to 23,906,248 parameters, rep-
resenting a reduction of approximately 73.3 %. This drastic
decrease in parameter count was matched by a correspon-
ding decline in computational complexity, with total MACs
dropping from 368.86 G to 94.93 G. This nearly 74.3 % re-
duction in Multiply-Accumulate Operations highlights the
framework's ability to identify and eliminate massive re-
dundancy within the Vision Transformer blocks, specifi-
cally within the decoupled bottleneck and embedding di-
mensions.

The impact on real-time performance is equally profo-
und, with the model's inference speed effectively doubling
from 7 FPS to 15 FPS. This 2.14x acceleration represents a
critical threshold for robotic systems, moving the model
from a latent, "stop-and-process" state toward the responsi-
veness required for continuous autonomous navigation. Un-
like architectural replacement methods such as FastSAM,
which achieve high speeds by substituting Transformers
with CNNss, often at the cost of mask granularity, our met-
hod achieves competitive speeds while maintaining the sop-
histicated representational power of the original Transfor-
mer-based backbone.

Table 2. Efficiency metrics comparison with other models / ITo-
PIBHSIHHSI METPUK €(EKTUBHOCTI 3 1HIIUMU MOJIEIISIMU

Model Dataset |Params (M)| MACs Fps
SAM-B SA-1B 90 369 7
SlimSAM | SA-IB 26 98 14

Ours NYU 24 95 15

Qualitative comparison of image segmentation. A di-
rect qualitative comparison between the domain-adapted te-
acher and the resulting optimized student models (Fig 1)
further validates the efficacy of our structural reduction
approach. Across the majority of indoor scenes in the NYU
Depth dataset, the segmentation masks produced by the two
models are virtually identical, which is consistent with the
marginal 1 % accuracy drop recorded in our quantitative
evaluation. This visual similarity indicates that the core spa-
tial reasoning and feature extraction capabilities of the den-
se teacher model were successfully preserved throughout
the alternate slimming process.

Fig. 1. Comparison of models image segmentation results / T[Topis-
HSIHHSI Pe3y/IbTATIB CerMeHTarlii 300paxeHb Mojienei: a) baseli-
ne teacher model / mouarkoBa Mozene; b) input image / BXijHe
300paxkeHHs1; ¢) result model / oTpumana Mozeb

Notably, for specific object categories such as compu-
ters and electronic peripherals, the optimized model de-
monstrates a surprising enhancement in mask fidelity. In se-
veral instances, the student model produces even more ac-
curate and refined masks than its teacher. This phenomenon
suggests that the structural reduction process, combined
with targeted data augmentation, may serve as a form of
architectural regularization. By pruning redundant parame-
ters and focusing on the most salient features of the indoor
domain, the optimized network effectively filters out "no-
ise" from the teacher's broader representations, resulting in
sharper edges and better-defined object boundaries for
complex geometric shapes.

Fig. 2. Image segmentation visual results comparison / Bi3yasnbte
MOPIBHSIHHS PE3YJIBTATIB CerMeHTallii 300paxxenb: a) SAM-B /
SAM-B; b) SlimSam / SlimSam; ¢) teacher model / mouarkoBa
Mozenb; d) result model / orpumana monenb

A visual analysis of the segmentation masks reveals dis-
tinct differences in how each model handles the complexiti-
es of indoor environments (Fig 2). While the original SAM-
B baseline and the SIimSAM often produce results that are
comparable to each other in general scenarios, they both
struggle with the specific challenges of indoor lighting. In
contrast, our proposed model demonstrates superior accu-
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racy and significant robustness against adverse environ-
mental factors.

Our optimized model, however, is not affected by
lighting conditions in the same manner. By utilizing a do-
main-specific slimming pipeline, our model has learned to
distinguish between semantic object boundaries and transi-
ent photometric changes. Consequently, our model produ-
ces more accurate and reliable results even in poorly lit areas
or scenes with high-contrast shadows where other models
fail, with better slimming rate and accuracy preservation.

Discussion of research results. The baseline SAM-B
[8] exhibits sensitivity to illumination changes; specifically,
its segmentation performance is frequently affected by sha-
dows. In this case, the model may either fail to detect ob-
jects obscured by shadows or incorrectly merge shadow re-
gions into the object masks, leading to distorted boundaries.

Model slimming can be achieved by applying token pru-
ning [9] using an attention-based multilayer network.
Although this approach results in faster ViT training pro-
cess, when compared to other pruning techniques, in some
cases accuracy drop is at a level of 2 %, while performance
boost in terms of inference speed is only 35 %. Contrary,
our result doubles inference speed with a smaller 1 % accu-
racy drop.

Although pruning CNNs for semantic segmentation on
FPGA [11] solves the problem of accelerating a state-of-
the-art semantic segmentation network by an FPGA-based
accelerator exploiting a HW-aware channel pruning
technique, but the resulting architecture is slimmed by 63 %
and accuracy dropped by 1.5 %, while our method de-
monstrated 73 % slimming of segmentation model and just
1 % accuracy drop, thus achieving better slimming results.

SIimSAM [4] reaches similar efficiency level to the one
of our segmentation model, with 71 % reduction in terms of
model structure size and nearly the same speed of inference
at 14 fps. Masks produced by this model are less spiky,
when compared to baseline segmentation model, but it fails
to work properly under hard lighting conditions as well.

Since Faster Sam uses different internal encoder archi-
tecture (YOLO instead of SAM) [18], its results are not af-
fected by lighting conditions and shadows, but it exhibited
poor boundary localization for thin structures, frequently
missing short table legs entirely. It is also prone to confu-
sing different objects of similar color, like confusing doors
with furniture, or missing obstacles laying on the floor.

The discussed results prove the importance and neces-
sity of our study, since none of the other methods can pro-
vide high accuracy for indoor object segmentation while
applying model pruning. By utilizing a domain-specific te-
acher adapted to indoor textures and incorporating a robust
data augmentation pipeline during distillation, the resulting
model reaches high level of pruning without compromising
on segmentation quality even in harsh lighting conditions.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results.

Scientific novelty of the obtained research results —
improved the method of alternate slimming of segmentation
foundation models by integrating data augmentation step,
that leads to better preservation of segmentation accuracy
on small-scale datasets.

Practical significance of the research results — the resul-
ting low-parameter image segmentation model can be used

in robotic systems with near-realtime requirements, like
low-speed robots for social purposes, or in military domain
during demining in various conditions to detect dangerous
objects.

Conclusions / BUCHOBOK

Increased the performance of object segmentation mo-
del for robotic systems in an enclosed environment by
applying structural pruning, that allows using such model in
resource-constrained systems. Based on the results of the
research the following main conclusions can be drawn.

1. Applied an alternate slimming framework to sequentially
prune decoupled embedding and bottleneck dimensions,
that allowed consistent dimensionality during distillation,
facilitating superior knowledge transfer through intermedi-
ate hidden state alignment.

2. Integrated data augmentation step during alternate slim-
ming step, that proved to be vital for stabilizing the reco-
very process, enabling the model to overcome environmen-
tal challenges such as shadow interference and varied
lighting conditions that often affect baseline architectures.

3. Demonstrated the practical impact of this approach with a
quantitative results analysis. The optimized model achi-
eved a 73.3 % reduction in parameters and a 74.3 % reduc-
tion in MAGCs, effectively doubling the inference speed
from 7 FPS to 15 FPS. Crucially, these efficiency gains
were realized with only a marginal 1 % accuracy drop from
the specialized teacher model, a performance level that
matches the efficiency-accuracy standards of the original
SIimSAM framework.

4. Our work proved that the internal structural optimization of
transformer-based models, when guided by domain-speci-
fic priors and robust training strategies, is a superior path
for enabling real-time, high-precision robotic perception.
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Hayionanenuii Ynisepcumem "Jlvgiecoka nonimexwixa”, m. Jlvsis, Yxpaina

CNEILIAJII30BAHE CTPYKTYPHE CIPOIIEHHA BA30BUX MO/IEJIEH
AJ1A CACTEM TEXHIYHOT'O 30PY POBOTIB Y IPUMIIIEHHAX

[poananizoBaHo MPOOIEMy BIOPOBAHKEHHST MACIITAOHHX 0A30BUX MOJIENel KOMIT'IOTEPHOrO 30py B POOOTO-TEXHIYHI CHCTEMH
peanbHOro yacy, 1o Hapasi iCTOTHO 0OMEKeHO 3HAYHMMH O0YHCITIOBAIBHIMHU BUTPATAMK Ta 3aTPUMKaMH mif dac indepency. [Ipo-
aHaTi30BaHO OOMEXKEHHSI METO/IIB CIPOIICHHS CTPYKTYPH CErMEHTALIIHUX MOJIelieil 3araibHOrO MPU3HAUCHHSI, SIKI 4acTo He 3a0e3-
MeYyIOTh 30€PEKEHHSI CEMaHTUYHO! TOYHOCTI Ta [IeTaii3alil MacoK I/l Yyac IMepeHeceHHsT Mojiesiell y Creliai3oBani cepeoBHIla,
TaKi sIK BHYTPIIIHS HaBiraiisi aBTOHOMHUX poOoTiB. [IpencraBieHo GpeldMBOpPK HOMEHHO-Crenu(idHOl CTPYKTYPHOI onTumizail
BHYTPIIIHBOT CTPYKTYPH CErMEHTAIIHOI MOJIeNi, sIKuil po3po0eHuii Ajst TpaHc(opMallil BaXKKOBAroBOI apXiTeKTypH MOJETI cer-
MEHTaIli1 300paKeHb Yy BUCOKOTOUHUI IHCTPYMEHT, a/IaliTOBAHU# [l BUKOHAHHS CIEI[iaTi30BaHUX 3aBJaHb Bi3yalbHOTO CIIPHUAHST-
Ts1. JlocmipKeHo 3HAYeHHsT 6araTroeTarHoOro KOHBEEpPA CTPYKTYPHOTO CIIPOILICHHS MOJEINi CerMeHTaIll 300pa)KeHb, MOYHHAIOYH 13
KpUTHYHOI (ha3u ajamnraiiii cerMeHTariiHoi MO, IMi/] yac sIKOI MOBHOMACIITa0HA MO/IE/Ib-BUUTEb CIEIiali3y€eThest Ha HOpMyBaH-
Hi CTIHKHUX amnpioOpHUX 3HAHb MPO IJIOBI TEKCTYPH O0'€KTIB Ta FEOMETPIt0 MPHUMIIIEHb, 1[0 CTBOPIOE JOMEHHO-OPIEHTOBaHMUH 6a30-
BUil piBeHb JUIs Nepeadi 3HaHb. Peaii3oBaHO aaropuT™ MOYEProBOro CIPOIICHHS CTPYKTYPU MOJIEIi CerMeHTarlii 300paKeHsb, SIKUi
3IIHICHIOE IEKOMITO3UINI0 EHKOJepa Ha He3aleXHi BHYTPIIIHI BUMIPHOCTI, 10 A€ 3MOTY 3/iHCHIOBATH IOCIHIJOBHE CTPYKTYpHE
CIPOILEHHS apXITEeKTYPH CErMEHTAIiiHOT MO/IeNi 31 30epeKeHHsAM apXiTeKTYPHOI IUTICHOCTI i€l MOJEI TSl y3TrOKEHHSI 03HAK Ha
MPOMDXKHUX PiBHsX. [HTErpoBaHO HaiiHUIT KOHBEEP ayrMeHTalll JaHUX Ha eTanax AUCTUISILIT Ta BiHOBICHHS CErMEHTAIIHHOT MO-
JielTi, BIPOBA/DKYIOUH CKIIaJHI reoMeTpudHi Ta poTomMeTpryHi TpaHchopMmartii 300paxkeHs ist crabinizanii mpomecy HaBYaHHs cer-
MEHTAIIIHOI MOJIeNi Ta MiHiMi3allil pu3uKy i epeHaBYaHHs 32 YMOB AeiluTy po3miueHux aaHux. [loka3aHo, M0 TaKKUil KOMILICK-
CHU# MiIX1/1 10 CIIPOIICHHS BHYTPIIIHBOI CTPYKTYPH CETMEHTAIIIHOT MO/IeNi 3a0e3meuye CKOPOUSHHS 3arajbHOl KiIbKOCT] HABYAIb-
HUX napameTtpiB Ha 73,3 % Ta 3MEHIIECHHS KUIBKOCTI onepaiii MHO)KeHHs 3 HakormdeHHIM (MACs) Ha 74,3 %, mo dakTudHo nae
MOXKJIMBICTD MOABOITH MBHIKICTH iH(pepeHcy — Bix 7 g0 15 kaapis 3a cexynay (FPS). BusznaueHo, mo onTumizoBaHa MOJEIb-yieHb
JIEMOHCTPYE TIIbKM HE3HA4YHE 3HIDKEHHs TOYHOCTI (MpuOan3HO Ha | %) MOpIBHSHO 3i Cieniali3oBaHO MOJEIIIO-BYUTEIIEM, CTa-
O1JIBHO MEPEBEPINYIOYN MOKA3HUKU CTAHAAPTHOro aaroputmy SIImMSAM sik 3a [qerarmizamiero CeMaHTHYHUX MACOK, TaK i 3a 3arajb-
HOIO CTIHKICTIO 70 (paKTOpiB 30BHIIIHHOTO CEPEIOBHIIA. BCTaHOBIECHO, 10 PO3pOOIeHA MOJENb CErMeHTallil 300paXKeHb BUSBIISE
3HAYHO BUIIly PE3UCTEHTHICTh 10 Bapiaiiii OCBITJCHHS Ta BIUIMBY TiHEH, YCIHIIIHO BUPIIIYIOYA KPUTHUYHY PpOo0IeMy 0a30BHX apXi-
TEKTYp cerMeHTalii 300pakeHb, Takux sk FastSAM, siki 4acTo CHOTBOPIOIOTH MACKH CErMEHTallii 32 YMOB BUCOKOKOHTPACTHOT'O
BHYTPIIIHBOTO OCBITIICHHS. 3'ICOBAHO, II0 IHTErPallisi JOMEHHO-CIEIU(iTHOTO CIIPOIICHHS Ta IUCTUIISILIT 3 ayr MEHTAIII€I0 JaHHUX 3a-
Oesneuye nemo eheKTUBHILINK Ta CTaOLIBHIMINN IUISX U1 BIIPOBAPKCHHS CKIIATHUX CHCTEM IHTEIEKTYaJIbHOIO 30pY PEaIbHOTO Ya-
Cy Ha aBTOHOMHUX IJIaThopMax 3 00MEKCHUMH 00UHCITIOBATIBHUMHE PECYPCaMHU.

KutouoBi ciioBa: 00pobieHHst 300paxeHb; 00pOOIeHHs JaHUX; CETMEHTAIlisl 300paKeHb; TPEHYBaHHsI MOJIeJIel; CerMeHTalliiiHi
MOJIeIi 3arajbHOTO MPU3HAYCHHS.
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