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Abstract—Neural stitching enables Vision Transformers (ViTs)
to operate at dynamic computational costs, providing adaptive
inference that is highly promising for deployment on resource-
constrained edge devices. However, neural stitching-based ViTs
inherently exhibit high memory usage and lack resource-efficient
inference capabilities, limiting practical deployment. We present
DynaStitch, an inference system that enables flexible deployment
and resource-efficient operation of neural stitching-based ViTs
on varying edge device resources. To reduce memory usage,
we propose dynamically constructing a partial model within
memory constraints by selectively removing blocks. To find an
optimal partial model among numerous candidates at runtime,
we formulate an optimization problem and significantly reduce
the search space using two pruning conditions. We then solve the
problem using a dynamic programming algorithm. For resource-
efficient inference, DynaStitch controls computational cost of the
partial model to meet the target latency and updates the partial
model and processor frequency to maximize inference accuracy
and energy efficiency. In our evaluation, DynaStitch maximizes
inference performance under memory constraints and target
latencies, delivering up to 44.7% memory reduction and 19.5%
average power reduction while maintaining comparable accuracy
against state-of-the-art neural stitching-based ViTs.

Index Terms—Vision transformer, on-device inference, neural
stitching, resource-aware systems.

I. INTRODUCTION

ISION Transformers (ViTs) have emerged as state-of-

the-art vision backbones, demonstrating superior gener-
alization capabilities [1]. Deploying ViTs on edge devices is
essential to support high-quality vision processing [2], [3].
Modern edge applications, such as autonomous robots, are
increasingly required to execute vision processing concurrently
with other tasks, such as user interaction [4]. Consequently, the
computational resources available for vision tasks are not only
limited but also fluctuating. In such dynamic environments, a
model offering a diverse range of computational cost options
is essential to adaptively maximize inference accuracy within
the varying resource budget.

Flexible ViT architectures that offer diverse computational
cost options have recently been proposed, enabling adaptive
inference at runtime. One approach is early-exit ViTs [5], [6],
which incorporate early exit mechanisms into ViTs. These
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Fig. 1. Existing ViTs and DynaStitch. DynaStitch configures partial models
adapted to the available runtime resources.

models add early exits between transformer blocks and operate
with flexible computational costs. However, this approach
suffers from accuracy degradation as more exits are added [7],
limiting its flexibility. On the other hand, slimmable ViTs [8]
adjust the embedding dimensions of transformer blocks to
scale computational cost dynamically. However, increasing
the scaling granularity leads to accuracy loss and heavy
training efforts, imposing constraints on flexibility. Neural
stitching-based ViTs [9], [10] provide an alternative approach
that enables highly flexible computational costs with minimal
accuracy loss. By stitching multiple well-pretrained ViTs of
different scales within a model family, they support tens of
execution paths with different costs, achieving high flexibil-
ity without requiring extensive retraining (see Fig. 1). This
architecture aligns well with the critical need for diverse
computational cost options in dynamic edge environments.

While neural stitching-based ViTs enable fine-grained com-
putational cost control over dynamic resources, their practical
on-device deployment requires an inference system that ad-
dresses the following key challenges:

1) Meeting memory constraints: neural stitching-based ViTs
comprise multiple ViTs, significantly increasing the number
of model parameters and leading to high memory over-
head. On edge devices, limited memory is shared among
multiple applications. For instance, as shown in Fig. 2, an
autonomous robot typically relies on a vision backbone for
navigation. However, it may eventually need to support user
interaction using memory-intensive language models [4].
Even lightweight language workloads consume GB-level
memory (see Table I), which may reduce the memory avail-
able for vision inference. The vision model must adapt to
the reduced memory budget. Unfortunately, existing neural
stitching-based ViTs do not offer this crucial adaptation.

2) Lack of an effective inference strategy: balancing the trade-
offs between accuracy and energy consumption is essen-
tial to meet diverse application needs. While a higher
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Fig. 2. Robot scenario with phase-dependent vision demand and memory
budget under co-running language workloads.

computational cost improves accuracy, it also increases
energy consumption. The desirable balance depends on
the situation. For example, as shown in Fig. 2, a robot
navigating a sparse area can prioritize energy efficiency
to extend operation time, whereas navigation in a crowded
area requires higher accuracy for pedestrian safety. Existing
neural stitching-based ViTs, however, are not able to balance
between accuracy and energy efficiency.

We propose DynaStitch, an inference system based on
neural stitching-based ViTs that addresses these challenges
and adapts its inference strategy dynamically to changing
runtime resources. DynaStitch is rooted in the following key
techniques. (1) On-Demand Model Assembly: We construct a
partial model by selecting specific blocks of a neural stitching-
based ViT to meet memory constraints, as shown in Fig. 1.
However, identifying the optimal configuration presents a
significant challenge due to the massive search space where
the number of potential partial models scales exponentially. To
address this, we propose an optimization method that quickly
finds and configures the optimal partial model, aligned with
the available computational resources.

(2) Computation Control and Configuration Update: We pro-
pose an inference strategy that adapts to runtime resources and
optimizes resource efficiency. We control the computational
cost (i.e., execution path) of the partial model to meet the target
latency. Upon significant shifts in resource or target latency, we
adaptively update the partial model and processor frequency.
This optimizes inference accuracy and energy efficiency based
on two operational modes: accuracy-first and energy-first,
which prioritize either accuracy or energy efficiency according
to the application’s needs.

We extensively evaluate DynaStitch against existing works
and across three edge devices—Jetson AGX Orin 64GB, AGX
Xavier, and Orin Nano [11] (hereafter referred to as Orin,
Xavier, and Nano, respectively)—that differ in computational
resources. The results show that DynaStitch maximizes perfor-
mance while meeting various runtime constraints; our partial
model and inference strategy reduce memory usage by 44.7%
and average power consumption by 19.5%, respectively, while
maintaining comparable accuracy under memory budgets.

TABLE I
STANDALONE MEMORY USAGE OF ON-DEVICE LLM WORKLOADS
MEASURED ON AGX XAVIER WITH OLLAMA [14].

Model Alive Mem. Engine Mem.
Qwen3-0.6B 1.9 GB 1.4 GB
Qwen3-1.7B 2.8 GB 1.9 GB
Qwen3-4B 4.6 GB 1.9 GB
Qwen3-8B 7.0 GB 1.9 GB

II. BACKGROUND AND RELATED WORK

Since the advent of ViTs in 2020 [1], variants, such as

DeiT [12] and Swin Transformer [13], have successfully estab-
lished Transformer architectures as state-of-the-art for vision
tasks by addressing the core problems of the original ViT,
including data inefficiency and lack of inductive bias. How-
ever, ViTs are inherently parameter-heavy and computationally
intensive. Due to these high resource demands, achieving peak
performance of ViTs on edge devices necessitates utilizing
the runtime computational resources to their fullest potential.
Ideally, this requires executing a ViT with the maximum
accuracy while meeting the target latency, despite resource
constraints and fluctuating available resources at runtime.
ViTs customized for resource constraints. Several tech-
niques exist to generate ViTs customized for specific resource
constraints. One prominent direction is the supernet-based
approach, which enables flexible model extraction by em-
bedding multiple architectures within a single network. Auto-
Former [15] constructs a supernet, from which various subnets
of different sizes are derived. Similarly, MatFormer [16] builds
a block-level supernet, generating and combining transformer
blocks of varying sizes to create a ViT. However, training
the supernets requires significant computational resources.
More recently, learngene-based approaches have emerged [17],
[18], [19]. These methods extract structured components (i.e.,
learngenes) from a well-trained model and use them to initial-
ize the target model, alleviating the heavy training overhead
of supernets. Overall, while these approaches successfully
produce ViTs suited for edge devices, they yield a ViT with a
fixed computational cost, resulting in an inability to adapt to
fluctuating resources or target latencies at runtime.
ViTs with dynamic computational costs. ViT architectures
capable of operating with dynamic computational costs have
been proposed [5], [6], [8], [9], [10], [20]. One approach
applies an early exit mechanism [21] to ViTs, where exit
heads are inserted between transformer blocks to enable early
inference termination [5], [6]. However, increasing the number
of exits for high control granularity leads to significant training
efforts due to complex loss functions that balance multiple
exit losses, resulting in overall model performance degrada-
tion. Another method, slimmable ViTs [8], adjusts embedding
dimensions within transformer blocks, but also suffers from
accuracy losses as the scaling granularity increases. Similarly,
Vision Mixture of Experts (V-MoE) [20] dynamically adjusts
the number of feedforward layers. However, the use of a large
number of experts to achieve high flexibility often results in
unstable training, and the model size increases linearly with
the number of experts.
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Fig. 3. Neural stitching-based ViTs exhibit increased memory usage compared
to single ViTs.

Neural stitching-based ViTs. Neural stitching approaches [9],
[10] enable dynamic inference paths by interconnecting differ-
ent pre-trained architectures. Recently, this paradigm has been
extended to various domains, including sampling acceleration
in diffusion models [22] and efficient reasoning in LLMs [23].
ViTs based on neural stitching [9], [10] effectively address the
limitations observed in prior flexible designs, such as limited
flexibility, high training complexity, and a linearly increasing
model size.

Neural stitching-based ViTs offer superior flexibility with
tens of execution paths by inserting stitch layers between
blocks within pretrained models of different scales, as shown
in Fig. 1. Based on the observed similarity between feature
maps [24], this approach connects blocks from ViTs of dif-
ferent scales within a model family using stitch layers, which
are implemented using 1 x 1 Conv, creating multiple paths for
execution. The computational cost varies depending on the
selected path. For example, in Fig. 1, the computational cost
of Path / is lower than that of Path 2 and significantly lower
than that of Path n, as the blocks in ViT-Ti are lighter than
those in ViT-S, which in turn are lighter than those in ViT-
B. By leveraging well-pretrained ViTs, this method achieves
high computational flexibility with minimal training effort and
accuracy loss. By enabling fine-grained computational control,
this approach can adaptively operate across a wide range
of dynamic computational resources. This superior flexibility
positions neural stitching-based ViTs as a promising candidate
for adapting inference to the varying computational resources
of edge devices.

III. MOTIVATION

We analyze the resource usage of neural stitching-based
ViTs and identify optimization opportunities for on-device
deployment. Unless otherwise noted, results are obtained on
Xavier using the ONNX implementation in Section VII.

A. Resource Usage Analysis

Memory resource usage. Fig. 3(a) illustrates the memory
usage of a deep learning model during on-device inference
on edge devices. The model is first loaded from storage into
memory to initiate inference (®). Then, processors access the
memory to perform inference tasks (@). In @, the model
parameters, e.g., weights and bias, are loaded into memory. In
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Fig. 4. Impact of computational cost on accuracy, latency, and energy,
illustrating the trade-off between inference accuracy and energy consumption.

@, activations, such as intermediate values required for calcu-
lations during inference, are allocated. Unlike during training,
where backpropagation requires storing intermediate activa-
tions for gradient computation, inference generally requires
less activation memory. Hence, reducing model parameters is
crucial for lowering memory usage, particularly in memory-
constrained environments.

However, neural stitching-based ViTs contain significantly

more parameters than a single ViT because they are con-
structed by stitching multiple ViTs (see Fig. 1). Fig. 3(b)
shows the memory usage of three different scales of models
(Ti, S, and B) within two types of ViTs, DeiT and Swin
Transformers, and the neural stitching-based model (Stitch)
constructed from these (the experimental setup is described
in Section 7.1). Ti, S, and B refer to DeiT-Ti, DeiT-S, and
DeiT-B for DeiT [12], and Swin-Ti, Swin-S, and Swin-B,
for Swin [13], respectively. The results show that the neural
stitching-based models consume significantly more memory
compared to single models. At runtime, only the parameters
of the selected path in the stitched model are activated, while
many other parameters remain unused but still occupy mem-
ory. On edge devices, memory resources are limited. Failing to
accommodate the model within the available memory budget
renders it unusable. The inefficient memory usage hinders the
deployment of neural stitching-based ViTs.
Computation and energy usage. The computational costs of
neural stitching-based ViTs, that can be controlled at runtime,
are closely related to accuracy, latency, and energy consump-
tion. Fig. 4(a) shows that increasing the computational cost
leads to higher accuracy, as the model can extract more
complex features. However, in Fig. 4(b), higher computational
costs also lead to higher latency, consequently resulting in in-
creased energy consumption (Fig. 4(c)). These figures illustrate
the inherent trade-off: higher computational costs are essential
for improving accuracy, whereas lower costs are necessary for
energy savings. This emphasizes the need for an inference
strategy that manages computational costs considering the
trade-off based on application-specific priorities.

B. Opportunities

Memory usage. Neural stitching-based ViTs contain signif-
icantly more transformer blocks than single ViTs. Here, we
identify opportunities for memory reduction by selectively
removing blocks from the stitched model. Fig. 5(a) shows
the original stitched model and an example where blocks
are removed. We assume that ViT-Ti, ViT-S, and ViT-B each
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Fig. 5. Memory usage reduction and computation control opportunities.
Removing blocks reduces memory usage, and the computational costs depend
on which blocks are removed.

consist of twelve transformer blocks, denoted as T12-S12-B12
for the original model. In the example, T11-S12-B1 represents
a configuration where one block is removed from ViT-Ti and
eleven blocks from ViT-B. The block-removed model has
fewer blocks and reduced execution paths compared to the
original model, while still offering flexible computational costs
with multiple paths. Fig. 5(b) presents the memory usage of the
original model (Full) and four different block-removed models
(Partial 1, Partial 2, Partial 3, and Partial 4), constructed using
DeiT-Ti, DeiT-S, and DeiT-B. As shown in the graph, the
block-removed models consume less memory than the original
model, with variations in memory usage depending on their
configuration.

Computational costs. While block-removed models exhibit
reduced memory usage compared to the original model, they
have fewer paths. Interestingly, even when different block-
removed models have similar memory usage, the computa-
tional costs of their available paths are distributed across
distinct ranges depending on the block configuration. Fig. 5(c)
shows the computational costs of six different partial models,
where each dot represents the computational cost of a path.
For example, the Partial 1 offers multiple cost options shown
as black dots within Range 1. The left figure shows three
models configured under a 900 MB memory constraint. The
memory usages of Partial 1 (T12-S12-B8), Partial 1a (T4-S12-
B9), and Partial 1b (T0-S9-B11) are 849.33 MB, 856.42 MB,
and 874.58 MB, respectively. Although these three models
consume similar memory resources, they have different con-
figurations and computational cost ranges, as shown in the
graph (Range 1, Range la, and Range 1b). By selectively
utilizing Partial 1 and Partial 1b, we can cover the full range
of computational costs supported by the full model while
adhering to the memory budget. Similarly, Partial 3 (T12-S12-
B2), Partial 3a (T8-S12-B3), and Partial 3b (T0-S11-B4) are
configured under a 500 MB memory constraint, consuming
462.83 MB, 498.58 MB, and 485 MB, respectively. They are

-m- DeiT-Ti -e- DeiT-S -4- DeiT-B -o- Swin-Ti -o- Swin-S -2- Swin-B

g\ T =
3 6- g/f\&A\ 335+
o \D\D\ 0_30_
Q440 “_.\E\§§§ (]
[ 24 \.\ i25 -
) :/"ag;\-\.\: © 20~
EO T = T T T Els T — T T T
(i 0408 1216 2024 W 03 06 09 12 15
] Frequency (GHz) wi Frequency (GHz)
(a) CPU (b) GPU

Fig. 6. Energy efficiency across different processor frequencies. Efficiency
drops beyond a threshold (red line) due to increased latency.

configured with the same memory constraint but show varying
ranges of computational costs.

Energy consumption. To identify opportunities for energy
consumption reduction, we measure the energy efficiency of
ViTs during inference at various processor frequencies, as
shown in Fig. 6. The results indicate that energy efficiency
is highly sensitive to processor frequency. Notably, energy
efficiency generally improves as the frequency decreases. This
is because edge devices operate based on DVES (Dynamic
Voltage and Frequency Scaling); lowering the frequency al-
lows for a reduction in operating voltage, thereby significantly
reducing power consumption. However, the results reveal a
critical threshold (red line) below which efficiency degrades,
as the increased inference latency outweighs the power sav-
ings. This experiment indicates that strategically controlling
the processor frequency while meeting the target latency is
effective for improving energy efficiency.

C. Take-aways

First, our analysis shows that neural stitching-based ViTs
exhibit substantial memory overhead, while selectively remov-
ing blocks enables adaptation to memory constraints. Cru-
cially, even among partial models with similar memory usage,
the supported computational cost ranges vary significantly,
indicating an optimal configuration that satisfies the memory
constraint while aligning its computational cost range with the
available runtime resources.

Second, our experiments show that lower computational
cost reduces energy consumption, while processor frequency
control further improves energy efficiency. This highlights
a key energy reduction opportunity: adjusting the processor
frequency within the target latency while remaining above a
critical efficiency threshold, rather than increasing computa-
tional cost, minimizes energy consumption.

IV. DYNASTITCH

Motivated by our insights, we design DynaStitch, a system
that enables the effective deployment of neural stitching-based
ViTs on resource-constrained edge devices. The goal of the
system is to maximize inference accuracy and energy effi-
ciency, while adaptively meeting runtime memory constraints
and the target latency. To this end, the system (I) generates a
model tailored to runtime memory constraints, (II) executes
it within the target latency, and (III) updates the model
configuration and processor frequency to maximize accuracy
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or energy efficiency according to application needs. As shown
in Fig. 7(a), our system consists of three components, each
corresponding to a specific goal:

(I) On-demand model assembly. In this component, the
system provides an optimal neural stitching-based ViT tai-
lored to the runtime memory constraints and computational
resources. We configure a model by selectively removing the
blocks of neural stitching-based ViTs at runtime. We define
the configured model as partial model and the original model
as full model. As shown in Fig. 7(a), the partial model (P,)
is configured based on the given runtime memory constraints
(M) and required computational cost range ([;). Here, we
propose a technique to quickly find the optimal partial model
that maximizes the number of execution paths (computational
cost options) at runtime. To this end, we reduce the state
space by imposing two conditions and solve a combinatorial
optimization problem. The configured partial model P, can
operate with different computational cost and we denote the
set of these costs as C,. Note that since we assume the
partial model has at least one path, the smallest partial model
corresponds to the smallest ViT in the full model (e.g., ViT-Ti
in Fig. 7).

(II) Resource-adaptive computation control. The computa-
tional cost of the partial model P, is controlled by selecting
one element ¢; from the cost set C,, to meet the target latency.
A higher index ¢ corresponds to a higher computational cost.
If the inference latency (t.,.) is lower than the target latency
(T,), the system increases the computational cost to improve
inference accuracy until the target accuracy T, ; otherwise, we
decrease it to ensure the latency remains within the target. The
cases where the selected cost ¢; reaches the minimum (¢,,;1)
or the maximum (¢;,,4,) in the cost set C;, mean that the partial
model is not suitable for current computational resources. In
these cases, the system requests a configuration update—such
as a partial model update and processor frequency control.
(III) Mode-driven configuration update. To optimize ac-
curacy and energy efficiency under runtime computational
resources, this component updates the computational-cost
range R, for partial model reconfiguration or controls the
processor frequency (fy). In Section III, we observed the
trade-off between accuracy and energy consumption, and how
processor frequency affects energy efficiency. Based on these
observations, we define two modes, accuracy-first and energy-

first, which determine the priority order for updating R4 and
fu- The On-Demand Model Assembly component reconfigures
the partial model only when R, is updated.

Operation. Fig. 7(b) shows model and resource optimization
of DynaStitch in accuracy-first mode. Stage A: Initially, the
full model containing all computational costs (blue dots)
is stored in storage. Stage B: Under the runtime memory
constraint, the On-demand Model Assembly constructs and
loads Partial Model 1 into the memory. However, as depicted
in the accuracy-latency graph, the maximum cost of this
partial model (red dot) falls short of the target accuracy (17,),
necessitating a model update. Stage C: The system triggers
the assembly of Partial Model 2 by replacing blocks with
those supporting higher computational costs. While this model
successfully meets 7y, the inference latency is still signifi-
cantly lower than the target latency (7;). This large margin
indicates that the processor is running at an unnecessarily
high frequency, wasting energy. Stage D: To eliminate this
inefficiency, Mode-Driven Configuration Update lowers the
frequency f, from fo;q t0 fupdate. shifting the latency curve
to the right. Consequently, the operational point aligns with 7;
while maintaining 7}, thereby achieving the optimal state that
maximizes energy efficiency without violating Service Level
Objectives (SLOs). The operation of the energy-first mode is
similar, but it conducts frequency control to maximize energy
efficiency first.

V. ON-DEMAND MODEL ASSEMBLY

As described in Section IV, we construct a partial model that
maximizes the number of computational cost options under
the constraints (M,, R;). However, naive block selection
severely degrades the available options, while finding the
optimal configuration involves a vast search space, making
it infeasible for on-demand execution.

To overcome this, we employ search space pruning and
dynamic programming, enabling the system to quickly find
the optimal configuration. We first formulate the problem
of finding a partial model as a combinatorial optimization
problem. Then, we describe dynamic programming (DP) to
solve this problem.
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A. Problem Formulation

As shown in Fig. 8, we assume a full model Py, is
constructed with ViT-Ti, ViT-S, and ViT-B, with the sets of
transformer blocks in each model denoted as Gr;, Gg, Gp,
respectively. The number of elements (i.e., transformer blocks)
in each set is Np;, Ng, Np, respectively. A partial model P,
is configured with parts of Pp,;. As all blocks of Py, are
selected or not, the number of possible configurations for P,
is 2N7i . 2Ns . 2N Thus, finding the optimal partial model
requires solving a combinatorial optimization problem with a
complexity of O(2").

To address this high complexity, we propose reducing the

state space using two pruning conditions, relaxing the problem
complexity to O(n?). Note that a partial model necessarily
and always contains at least one feasible path. The conditions
we impose do not affect the feasibility of the partial model
itself but rather serve as pruning conditions that reduce the
state space by eliminating suboptimal configuration within
it. Specifically, fragmented block selections either do not
contribute to valid paths or require expensive larger-model
suffixes, resulting in low path-count efficiency relative to their
memory cost. Embedding layers, head layers, and stitch layers
are excluded from the candidates for combination, as their
impact on complexity is negligible compared to transformer
blocks, and their inclusion would not affect the state space
pruning.
Pruning the solution space. As shown in Fig. 8, the first
condition (Pruning condition 1) is that only consecutive blocks
are considered. In a neural stitching-based ViT, inference is
performed as the input traverses the selected path. If non-
consecutive blocks are selected, isolated fragments that are
not connected to a valid prefix or suffix do not contribute
to feasible paths while still occupying memory. Even when
fragmented ranges in an intermediate ViT can form stitched
paths, they typically require keeping heavier suffix blocks from
the larger ViT, making them inefficient for maximizing path-
count flexibility under a memory budget. Therefore, selectable
items are restricted to consecutive blocks.

The second condition (Pruning condition 2) is that the
selected items (consecutive blocks) are positioned immediately
after the initial embedding layer or right before the final output
head. If the adjacent blocks on either side of the selected
blocks are removed, path formation becomes impossible. Ad-
ditionally, selectable items for the smallest and largest ViTs (in

this case, ViT-Ti and ViT-B) are restricted to being positioned
right after the initial embedding layer and right before the final
output head, respectively. This is because placing a selected
item from the smallest ViT at the output head or a selected
item from the largest ViT at the embedding layer provides
no benefit for path formation. Based on these two pruning
conditions, the sets of computational and memory costs of
selectable items are defined as follows.

Tz F Ti,F T
CT% - {CO yC1 ) Co ) CNTL}

(D
Ti,F _TiF
My = {mE  m{ " my " omAin )
s S F S,F S,B S.B
Cs ={cg, 7", s Ol CNg 15 s CRig 1 5
M SF S.F S,B S,B 2)
S—{mm s NG 1 MU 150 mNs}
B B,B BB B,B
Cp :{Coacl 7€ 5y CN }v 3
BB B,B B,B &)
Mg = {m& my" m, sy MU

Cr; and Mp; represent the sets of computational cost and
memory cost of selectable items from ViT-Ti, respectively.
Cgs and Mg correspond to ViT-S, and Cg and Mp to ViT-B.
In Eq. (2), c F and mS F denote the costs of J consecutlve

blocks placed right after the initial embedding layer, and c

and m placed right before the final output head cs and
ms correspond to no blocks selected, while cN and m? Ns
denote selecting all blocks. With these definitions, a partial
model is constructed by selecting elements from the sets.
Assuming krp;, kg, and kp are the indices of the selected
items for ViT-Ti, ViT-S, and ViT-B, respectively, the following
condition represents the constraints for constructing a partial
model within the given memory constraint (My).
Mri(kri) + Ms(ks) + Mp(kp) + a < My,
0<kr; <Npj, 0<ks<2Ng—1, 0<kp<Np.
“4)
o is a constant representing the memory occupied by the
embedding, head, and stitch layers of each ViT, which we
omit hereafter to simplify the equations.
Combinatorial optimization problem. Our problem is find-
ing a partial model that achieves the highest flexibility (number
of paths) within the given constraints, M; and Ry4. This is
equivalent to selecting three items (indices are kr;, ks, kp)
with weights Mrp;(kr;), Ms(ks), and Mp(kg) to fit into a
knapsack with a total capacity of M , while maximizing their
combined value (flexibility).

To define this problem, we quantify the item values as
flexibility, that is the number of created paths by selecting the
items. Each independent ViT generates a path only when all
its blocks are selected. For instance, for the ViT-Ti, a path is
formed only when all blocks are present (Mr; (ki) = m%ZT ).
Thus, the number of paths created by each item is quantified
as follows:

Vi ={vg ", vt 0k, 1 = {0,...,0,1}. 5)
Vs = {05, .., v3ng_2: Usng_1} = {0,..,0,1}.  (6)
Ve ={of,....,v8,_1, o8} ={0,...,0,1}. (7)

Meanwhile, due to the nature of neural stitching-based ViTs,
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where paths are formed through stitch layers, selecting two
different items creates additional paths through their con-
necting stitch layers. For example, when selecting one item
from ViT-Ti and one item from ViT-S, the number of paths
generated corresponds to the number of stitch layers between
them. Therefore, we define the synergy value function between
selected items as follows. Note that fg iz, is a function that
returns the number of stitch layers between two selected items,
indicated by kr;, kg, and kp.

Sris(krisks) = FH55, (kri, ks). )
Ss.p(ks kg) = 55 (ks, kg). 9)

The total value for kp;, kg, and kp-th items is:

V(kri ks, k) = vri(kri) + vs(ks) + vp(kp) (10)
+ Sti,s(kri, ks) + Ss.s(ks, kg).

We predefine the value function V. Then, we apply the given
computational cost (Rg) at runtime to create Vy,, which is
used to find the partial model, as follows.

c(kri, ks, k) = cri(kri) + cs(ks) + cp(kp)- (n
VRd (kTi7 kS7 kB) — {V(kTh k57 kB))
, else.

(12)
C(kr4, ks, kp) represents the total computational cost of the
selected items, and its value is preserved only if it lies within
R4. Ultimately, our objective is to maximize Vg, within
the memory constraint, as expressed in the following equation.

maximize Vg, (kri ks, kp)

13
s.t. Mpi(kri) + Mg(ks) + Mp(kp) + o < My (13

This objective counts only paths whose computational costs
fall within the required range R,. Since R, reflects the target
latency and runtime resources, maximizing Vg, increases the
number of operating points for accuracy—energy control.

B. Dynamic Programming

To find kr;, ks, and kp that maximize Vg,, the required
computations are Nr; - (2Ng — 1) - N, resulting in a compu-
tational complexity of a cubic polynomial. We adopt a DP
approach based on a two-dimensional DP table to reduce
redundant computations, thereby relaxing the complexity to
O(n-m). In DP table D, the row index represents the item’s
index, and the column index represents the memory capacity.
Thus, the number of rows is the total number of selectable
items, np; +ng-+np, and the number of columns corresponds
to the memory capacity my. Here, np; = Np;+1, ng = 2Ng,
npg = Np+1, and mg represents M, divided by the unit (e.g.,
for an 800 MB with a 2 MB unit, my4 is 400). The DP table
values with the row index = and the column index y consist of
two values: D(z,y) = {vp(z,y), kp(z,y)}. vp(z,y) is the

lf C(kTiv kSa kB) € Rd7
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Fig. 9. Resource-Adaptive Computation Control and Mode-Driven Configu-
ration Update.

value and kp(x,y) stores the index of the selected item. The
DP table is populated using the following equation.

0, 1<z < nypy
Npre = § N4, nr; +1 <z <np;+ng
ny; +ng, np;+nsg+1<z<np;+ns+npg
(14)
vn (ki ) = Vra (ki kj,0), ki = kri, kj = ks (15)
S Viy (0, ki, k), ki = kg, k; = kp

USEIECt(xa y) = U(nprea Yy — M(x)) + VR, (kD (npre)» xr — npre)
(16)

Uselect(‘ra y) S UD (l‘ - 1, y)

'Uselect(xa y) > Up (LL' -1, y)
(17)

Uselect (LL', y)>

UD(1'7y) — {’UD(I'— 17y)7

kD(‘T - 173})7
T — Npre,

Useleet (7, ¥) < vp(x —1,9)
Uselecl(wv y) > Up (I -1, y)
(18)
npre denotes the last index of the ViT model preceding the
one that contains the current item index x. For example, if
the item indexed by x belongs to ViT-S, n is the last index
of the items in ViT-Ti. v, represents the value of two items,
derived using Vg,, and M is the sum of Mp;, Mg, and Mp
maintaining the index order. vsec¢ i the total value when the
item x is selected. Based on these, we complete the table:
D(z,y) = {vp(x,y),kp(x,y)}. Finally, P, is obtained by
tracking the values in the table from the last index, requiring
(ni + ns + ng) - mg computations.

kD($7y) - {

VI. COMPUTATION CONTROL AND CONFIGURATION
UPDATE

Resource-adaptive computation control. This component
controls the execution of the partial model configured in the
(I) On-Demand Model Assembly component. As shown in
Fig. 9, the partial model P, is executed with a computational
cost ¢; selected from the available cost set . This cost
is dynamically adjusted based on the comparison between
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the runtime inference latency t.,. and the target latency 7;.
To prevent unnecessarily frequent adjustments and improve
reliability in meeting the target latency, we introduce a margin
e to 1j.

During inference, if the required computational cost exceeds
the range of the cost set C', (Trigger), a configuration update
is requested along with the recorded history of selected costs
and their corresponding execution times t..,.. This process is
described at the end of this section.

Note that, since runtime computational resources are un-

known prior to execution, the initial partial model P, is
configured with an unconstrained computational cost range
to facilitate the search for a configuration with the broadest
options. The initial computational cost ¢; is set to the median
value of the cost set C,,, while ¢,,;, and c¢,,q, are derived
from the boundaries of C,,.
Mode-driven configuration update. When a configuration
update is requested, this component updates either the com-
putational cost range for partial model reconfiguration or
the processor frequency, based on the operation mode, i.e.,
accuracy-first or energy-first. Fig. 9 shows the detailed op-
eration. The request is triggered in two cases: the selected
cost ¢; reaches cpar OF Cmin, indicating that the current
computational resources are insufficient or spare, respectively.
We address these two cases separately.

In the first case, indicating spare computational resources,
we have two options: raising the computational cost range Ry
or lowering the frequency f,. Raising R; improves model
accuracy, whereas lowering f, results in enhanced energy
efficiency. Therefore, in accuracy-first mode, the system first
raises Ry, and if it is not feasible (due to memory constraints
or met target accuracy T,), f, is then lowered. On the other
hand, in energy-first mode, the system first lowers f, and
then raises Rg4. Throughout the control process, we ensure
that f,, does not fall below the threshold f;; (red line in
Fig. 5) to prevent simultaneous degradation of energy effi-
ciency and processor performance. In our implementation, f,
is empirically determined offline for each device and processor
type. We profile representative ViT executions across available
processor frequencies and set f;; to the lowest frequency
before energy efficiency starts to degrade.

The second case, indicating insufficient computational re-
sources, also presents two options: lowering R4 or rais-
ing f,. Lowering R; compromises the overall model ac-
curacy, whereas raising f, reduces energy efficiency. Thus,
in accuracy-first mode the system prioritizes raising f,. In
energy-first mode, the system prioritizes lowering R.
Computational cost range update. To lower or increase the
computational cost range Ry, we utilize the past record of the
selected costs and their latencies. Since the selected cost c;
captures the state of computational resources when the latency
teze 1S close to the target latency 7, we determine a new Ry in
three steps: 1) Create a frequency histogram of valid ¢;: Only
values of ¢; where |t.,.. —T;| < € are considered, ensuring they
reflect runtime computational resource conditions. 2) Calculate
scores based on weighted frequency: More recent records are
more relevant, so scores are assigned to each computational
cost with higher weights given to recent entries. 3) Update the
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Fig. 10. Comparison with the baselines. DynaStitch enables (a) partial model
configuration within the memory constraint, (b) fine-grained computational
cost control, and (c) energy consumption reduction.

cost range Ry: R4 is updated upward or downward to include
the top v computational costs with the highest scores. The size
of Ry and ~y are empirically determined according to the ViT
type and application.

VII. EVALUATION

A. Settings

Implementation. We implement DynaStitch in three steps:
(1) We train a full neural stitching-based ViT using the SN-
Net framework [9]. (2) The model parameters are split at the
block level and stored separately using the ONNX library. (3)
At runtime, the system dynamically loads or unloads blocks
based on the given configuration, enabling partial model
execution. CPU experiments use the ONNX Runtime CPU
Execution Provider, while GPU experiments use the ONNX
Runtime CUDA Execution Provider. All experiments use the
ONNX Runtime for inference. We implement our approach
on three types of backbone models—DeiT [12], DeiT3 [25],
representative plain ViTs, and Swin Transformer [13] (denoted
as Swin), a widely adopted hierarchical ViT. DeiT and Swin
are applied for the image classification and DeiT3 for the
semantic segmentation. We use the ImageNet-1K dataset for
classification and the ADE20K for segmentation. We use
accuracy-first mode by default for consistent comparison;
energy-first is analyzed in Section VII-C.

Baselines. We compare DynaStitch against multiple baselines:
(1) Static: selectively utilizing an appropriate model from a
fixed pool of pre-trained models (e.g., DeiT-{Ti, S, B}). (2)
State-of-the-art flexible ViTs: SN-Net [9], a neural stitching-
based ViT, and Scala [8], a slimmable ViT.

Metrics. We evaluate the system using four metrics: memory
usage (MB) and inference latency (s) to assess whether the sys-
tem operates within the memory constraints and target latency;
and accuracy—Top-1 (%) for classification and mloU (%)
for segmentation—and power consumption (W) to measure
improvements in inference accuracy and energy efficiency.
Power consumption and memory usage are logged using
tegrastats, a monitoring tool for NVIDIA Jetson devices.
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Fig. 11. Comparison with the state-of-the-art flexible ViTs. DynaStitch
achieves comparable accuracy with lower memory usage.

B. State-of-the-Art Comparison

We compare DynaStitch with the baselines as the target
latency (1}) increases from 0.1 s to 0.3 s in 0.05 s steps, with
My = 0.8 GB. Fig. 10 shows the DeiT results on Orin, where
DynaStitch consistently outperforms the baselines.

(a) Meeting Memory Constraints: The memory trace high-
lights a key difference: unlike DynaStitch, other flexible ViTs
(i.e., Scala and SN-Net) do not consider runtime memory
constraints and incur significantly higher memory usage.
DynaStitch stays within M, by partially reconfiguring the
model at the outset, from T12-S12-B7 to T0-S3-B12 at (a).
Crucially, this reconfiguration allows DynaStitch to cover the
full range of computational costs supported by the original full
model while meeting the memory constraint.

(b) Adaptive Computational Cost Control: In the computa-
tional cost trace, Static offers only three fixed options, provid-
ing coarse-grained adaptation to meet the target latency. This
results in unnecessarily low computational costs and lower
inference accuracy than other methods. Scala provides slightly
finer cost adjustment than Static. However, due to the structural
complexity of adjusting embedding dimensions, Scala exhibits
higher latency than other methods at the same computational
cost. Its implementation supports only four distinct costs (13
reported in the paper), yielding much coarser granularity than
the 70+ costs provided by neural stitching-based ViTs. In
contrast, as marked in (b), SN-Net and DynaStitch show the
superior flexibility of neural stitching by adjusting cost at fine
granularity within the target latency.

(c) Maximizing Energy Efficiency: SN-Net and DynaStitch
exhibit different latencies at the mark (c) even when operating
at the same computational cost. This disparity is due to the
frequency control of DynaStitch. When DynaStitch operates
at maximum computational cost but still achieves a latency
lower than the target 77, it automatically reduces the processor
frequency while meeting 7;, thus operating more energy-
efficiently. In the 7} = 0.25 interval, DynaStitch autonomously
drops the frequency from 2.2 GHz (18.4 W, 3.67 J per sample)
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Fig. 12. Latency. DynaStitch meets the target latencies under diverse settings.

Red arrows indicate the cases that are physically unachievable due to inherent
hardware limitations.

to 1.96 GHz (13.2 W, 3.03 J per sample). In the 7; = 0.3
interval, it further reduces the frequency to 1.73 GHz (9.6 W,
2.69 J per sample). This maximizes energy efficiency while
meeting the constraints.

We further compare DynaStitch with state-of-the-art flexible
ViTs under various memory constraints. For image classifica-
tion, Fig. 11(a)-(b) shows that DynaStitch achieves comparable
accuracy to SN-Net and Scala with much lower memory usage.
For example, DynaStitch achieves comparable accuracy under
300, 600, and 800 MB constraints at 7; = 0.1, 0.15, and 0.25,
respectively. This is mainly because runtime partial-model
assembly eliminates the memory overhead seen in the base-
lines. SN-Net preloads all candidate ViT blocks and additional
stitch layers, while Scala retains all model weights to support
different sub-network configurations, causing high memory
usage. Fig. 11(c)-(d) shows the semantic segmentation results.
For a fair comparison, we evaluate only SN-Net, the only
flexible ViT with a segmentation-compatible design, because
segmentation requires performance-influencing custom heads.
DynaStitch shows a similar trend, achieving comparable mloU
across diverse settings (7;: 0.5-3.0 s, M4: 10004500 MB)
with consistently lower memory usage than SN-Net.

C. System Performance

The goal of DynaStitch is to maximize inference accu-
racy and energy efficiency while meeting runtime memory
constraints and target latencies across edge devices with di-
verse resources. We evaluate it over 340 settings on three
devices (i.e., Orin, Xavier, and Nano) under diverse memory
constraints and target latencies. We measure memory usage,
inference latency, accuracy, and energy efficiency to evalu-
ate both meeting constraints and performance maximization.
Each setting includes 50,000 sequential inference steps. The
memory constraint (M;) ranges from 100 MB to 1600 MB
at 100 MB intervals, while the target latency (7;) is set
between 0.1-0.4 s for CPU delegation and 10-50 ms for
GPU delegation. These settings are determined within feasible
operational limits, as the minimum required partial model
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Fig. 13. Accuracy. DynaStitch maximizes inference accuracy under memory
constraints and target latency.

size and achievable latency depend on the backbone type and
processor performance.

1) Meeting Constraints: While Section VII-B showed that
DynaStitch meets memory constraints, here we focus on
evaluating meeting target latencies on different devices. Fig. 12
presents the distribution of inference latencies corresponding
to the target latencies across all scenarios on the three devices.
These distributions are derived from the average inference
latency per setting, grouped by target latency. The results
demonstrate that DynaStitch effectively meets the target la-
tency across different devices and backbone models.

However, as indicated by the arrows in Fig. 12(a) and
Fig. 12(c), Nano fails to meet the 0.2 s target latency. This
is because, even when executing the model with the smallest
computational cost, Nano’s CPU performance is inherently
insufficient to reach the desired latency. A similar issue is
observed in Fig. 12(d) for GPU delegation, where both Orin
and Xavier fail to meet the 10 ms target latency (red arrows).
This is due to the high minimum computational cost of the
Swin Transformer. On the other hand, in Fig. 12(b), the
latencies in the arrow-indicated case are considerably lower
than the target. This means that even when executing the
most computationally intensive model at the lowest processor
frequency (f;1,), inference is still faster than the target latency.
Overall, the results show that DynaStitch effectively meets the
target latencies in most cases. However, in certain scenarios,
its ability to meet the target latency is constrained by the
processor’s performance and model type.
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Fig. 14. Power consumption of the two operation modes. DynaStitch
significantly reduces power consumption in both modes.

2) Performance Maximization: Accuracy. We compare the
inference accuracy of DynaStitch using partial models against
the full model (i.e., SN-Net), which operates without memory
constraints. Fig. 13 presents their Top-1 accuracy across target
latencies, devices, and backbone models. DynaStitch main-
tains high accuracy under memory constraints by constructing
partial models. In Figs. 13(a) and 13(b), it achieves accuracy
comparable to SN-Net (DeiT) under tight memory constraints.
Figs. 13(d) and 13(e) further analyze the DeiT/Xavier case
in Fig. 13(b), showing accuracy and supported computational
cost for each memory constraint and target latency. DynaStitch
maintains comparable accuracy down to 600 MB because
its partial model retains high-cost execution paths compa-
rable to full SN-Net, which uses 1085 MB (up to 44.7%
memory reduction). Under stricter constraints, the supported
computational cost and accuracy naturally decrease, showing
that DynaStitch removes unused blocks while retaining paths
needed for high-accuracy inference.

Similarly, in Fig. 13(c), DynaStitch achieves comparable ac-

curacy to SN-Net (Swin) under a 900 MB constraint, compared
to SN-Net’s 1600 MB. This demonstrates that DynaStitch
configures partial models tailored to runtime computational
resources, maximizing inference accuracy. While accuracy
naturally declines under stricter constraints due to reduced
model capacity, DynaStitch ensures the optimal configuration
within the limit, as validated in Section VII-D.
Energy. DynaStitch improves energy efficiency by updating
partial models and processor frequency according to the opera-
tion mode. We compare five policies: (1) No update: The initial
partial model remains unchanged without any updates, (2)
PM Only: Only partial model updates are performed, without
frequency control, (3) FR Only: Only frequency control is
performed, without partial model updates, (4) Accuracy-first:
DynaStitch with accuracy-first mode, and (5) Energy-first:
DynaStitch with energy-first mode.

Fig. 14(a) presents the average power consumption across
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TABLE II
ToOP-1 ACCURACY (%) (DEIT, XAVIER, My = 500 MB).

Target Latency 0.1s 0.15s 02s 025s 03s
No update 70.2 77.8 7835 7835 7835
PM Only 70.2 77.8 79.2  80.15 80.15
FR Only 70.2 77.8 7835 7835 7835
Accuracy-first 70.2 77.8 79.2  80.15 80.15
Energy-first 70.2 77.8 79.05  79.05 79.1
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Fig. 15. Algorithm validation.

all scenarios for each policy. Both No update and PM Only
policies exhibit high power consumption, demonstrating that
frequency control plays a significant role in improving en-
ergy efficiency. Specifically, frequency control reduces energy
consumption by 30.45% on Orin, 18.7% on Xavier, and
9.25% on Nano. FR Only, without partial model updates, also
significantly reduces power consumption. However, as shown
in Table II, the FR Only yields lower accuracy because it
limits the model to the initial configuration. Accuracy-first
achieves the highest accuracy at slightly higher power than
FR Only and Energy-first, while Energy-first minimizes power
while still improving accuracy through partial-model updates.

Although the power difference between Accuracy-first and
Energy-first appears marginal on average, Fig. 14(b) highlights
a pronounced disparity in specific scenarios (i.e., constraints
below 700 MB). This suggests that the impact of each mode
varies by scenario. Figs. 14(c) and 14(d) provide a detailed
comparison of the two modes: As memory constraints in-
crease, larger models are accommodated, and as target latency
decreases, the system has less flexibility to adjust frequency,
limiting power savings. Thus, energy-saving potential de-
pends on device type, memory constraints, and target latency.
Overall, both modes effectively balance energy efficiency
and accuracy, significantly reducing power consumption while
maintaining high performance.

D. On-demand Model Assembly

Optimality and effectiveness. We validate the optimality and
effectiveness of our DP solution described in Section V against
optimal and heuristic baselines across 4,430 settings with
varying memory constraints and computational cost ranges.
Optimal solutions are obtained using an optimization solver,
Google OR-Tools [26]. Heuristic solutions are generated as
follows: at least one valid path must be ensured within the
memory constraint. The heuristic first selects all blocks from
the largest possible model in the model family that fits within
the memory constraint. It then greedily adds blocks from
smaller and larger anchors to maximize path diversity within
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Fig. 16. Overhead evaluation.

the remaining memory budget. For example, if a DeiT-S model
can fit within the constraint, it is selected first, and additional
blocks from DeiT-T and DeiT-B are added in that order.

Compared with optimal solutions, Fig. 15(a) shows that our
partial-model configurations exactly match 73%, while 27%
differ in block composition. This discrepancy, shown in the
graph as the number of differing blocks, tends to increase
under looser memory constraints, where the number of feasible
partial models grows.

With many valid options, our DP algorithm may differ
from OR-Tools because it resolves ties by selecting the first
valid candidate encountered. Importantly, even among these
27% configurations, Fig. 15(b) shows that the number of
supported paths—a distance metric for flexibility—differs by
at most one from the OR-Tools optimal solutions (black dots),
demonstrating consistently near-optimal results.

Fig. 15(b) also compares the heuristic baseline (green dots),
which shows a much greater distance from the optimal solu-
tions in the number of supported paths. This indicates that the
heuristic configuration supports fewer execution paths than our
method, reducing flexibility in adapting computational cost.
This degradation is particularly evident under very low or high
memory constraints. In such cases, the initially selected model
is either too small (e.g., DeiT-T) or too large (e.g., DeiT-B),
and the greedy strategy fails to diversify execution paths.
Overhead. We evaluate partial-model update overhead by
measuring the On-Demand Assembly execution time on three
devices. Fig. 16(a) shows average execution times of tens
of milliseconds. In comparison, naive exhaustive search over
block subsets before applying the two pruning conditions took
53.8 hours on a desktop server (Intel Xeon E5-2620 v3 CPU).
The pruning conditions reduce the search space to selectable
anchored block ranges, enabling the DP solver to find a
configuration within tens of milliseconds on Jetson devices.

Next, we decompose full block replacement time into
pure block loading (I/O) and remaining runtime overhead
(Fig. 16(b)). The total replacement overhead is 5.02, 9.08,
and 17.57 ms for Tiny, Small, and Base blocks, respectively.
Pure loading accounts for only a small fraction, indicating that
most overhead comes from runtime processing, such as session
construction, graph optimization, and memory cleanup, rather
than file access. Under synthetic memory pressure generated
by stress-ng with 8 VM workers and 2 GB per worker, the full
replacement latency of a Base block increases to 43.85 ms in
the worst case, which is 2.5x higher than the no-contention
case. DynaStitch handles resource dynamics primarily by
regulating computational cost, triggering partial model updates
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Fig. 17. Baseline comparison in Case 1.

only in response to significant shifts in resources or target
latency. According to our experiments, these updates occur
infrequently, observed at most three times throughout an entire
dynamic session, even in the most extreme scenarios (e.g., only
one update in the case shown in Fig. 10). Given this frequency,
the impact on the overall latency is expected to be negligible.

VIII. CASE STUDY

We conduct a case study motivated by recent service
robots [27] combining visual perception with natural-language
interaction [4] (Fig. 2). Such language workloads support user
interaction and contextual understanding but incur substantial
memory usage depending on model size and runtime state
(Table I).

We consider varying memory pressure from a co-running
language workload and vision demand across four operating
phases (Fig. 2). In Phase A, the robot navigates without a
language workload, leaving a large vision memory budget
(energy-first). In Phase B, it navigates a crowded area requir-
ing higher-accuracy vision (accuracy-first), with the language
engine on standby for prompt interaction. In Phase C, user
interaction activates the language model, sharply reducing the
vision budget while requiring only lightweight visual pro-
cessing (energy-first). In Phase D, the interaction additionally
requires detailed visual understanding, such as recognizing a
directional sign, demanding a higher-cost vision path under
the same tight memory budget (accuracy-first).

In this scenario, the language workload runs on the GPU
and vision on the CPU. We compare DynaStitch with three
baselines. SN-Net uses the same path-level Resource-Adaptive
Computation Control and frequency control as DynaStitch
but does not perform partial model assembly. Memory-aware
Static selects the largest single model among Tiny, Small,
and Base (DeiT-Ti, DeiT-S, and DeiT-B) that fits the current
memory budget. Constraint-aware Static selects the largest of
these models that satisfies both the current memory budget and
target latency. The static baselines cannot adjust computational
cost after model selection but use the same frequency control
as DynaStitch.

Case 1. Case 1 considers an 8-GB Jetson-class robot
platform [11]. We conservatively reserve about 3 GB for
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the operating system, robot middleware, navigation/perception
stack, and runtime headroom [28], leaving 5 GB for vision
in Phase A. Qwen3-4B in standby uses 1.9 GB of measured
engine memory, reducing the vision budget to about 3 GB in
Phase B. When active, its measured alive memory footprint
is 4.6 GB, leaving only 0.4 GB for vision in Phases C and
D. Fig. 17 compares DynaStitch with the baselines under this
trace.

SN-Net provides many execution paths but keeps the full
stitched model in memory. Thus, when the language workload
becomes active, it exceeds the vision budget in Phases C and
D, as marked by (1). DynaStitch instead constructs partial
models and remains within the budget throughout the trace.
The static baselines exhibit different limitations. Memory-
aware Static selects the largest model that fits the memory
budget but ignores target latency, causing it to select large
models in Phases A and B that violate the latency target even
at high frequency, as marked by (4). Constraint-aware Static
also considers target latency but can choose only among Tiny,
Small, and Base. Its coarse operating points therefore leave
usable computation headroom unused, as marked by (2).

DynaStitch adapts to both memory budget and phase-
dependent vision demand. In Phase A, it uses a low com-
putational cost in energy-first mode while meeting the target
latency. In Phase B, it increases the cost in accuracy-first mode
to support stronger perception in the crowded area (3). Phases
C and D share the same tight memory budget but require
different vision demands. DynaStitch reconfigures the partial
model and expands the supported computational-cost range
in Phase D (6), showing that it can provide different cost
ranges under the same memory constraint. Table III shows
the resulting accuracy gap between Constraint-aware Static
and DynaStitch, both of which satisfy the memory budget and
target latency.

Case 2. We consider a more constrained 4-GB platform,
reserving about 2 GB for system/runtime headroom and using
Qwen3-0.6B as a compact language workload. This leaves 2
GB for vision in Phase A (Fig. 2). The vision budget drops
to about 0.5 GB in Phase B with Qwen3-0.6B in standby
using 1.4 GB of engine memory, and to 0.1 GB in Phases C
and D when the active model uses 1.9 GB. Fig. 18 compares
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DynaStitch with the baselines under this constrained trace.

SN-Net exceeds the vision budget from Phase B onward (7)
because it keeps the full stitched model resident in memory,
whereas DynaStitch remains within the tight budget using
partial models. The static baselines also have clear limitations.
As in Case 1, Memory-aware Static cannot meet the target
latency (8). Constraint-aware Static satisfies both memory and
latency by selecting a smaller model, but its fixed operating
point cannot adapt computation to phase-dependent vision
demands. DynaStitch instead adjusts computational cost within
the memory budget, increasing it when higher vision perfor-
mance is required (9), demonstrating its effectiveness under
severe memory pressure.

IX. DISCUSSION
A. Scope

Deployment. DynaStitch enables flexible vision inference
with dynamically adjustable computational costs to accommo-
date changing latency, accuracy, or energy requirements while
operating within a given memory budget. It is particularly ben-
eficial when the required operating point or available memory
changes at runtime. In such settings, a static model may either
underutilize available computational resources or fail to meet
the current inference requirements, whereas retaining the full
stitched model may exceed the memory budget. Conversely,
when resource availability and application requirements re-
main stable and a single static model can satisfy them, the
additional adaptability of DynaStitch may provide limited
benefit.

Energy and hardware. In our evaluation, frequency control
provides most of the power reduction, while partial-model
assembly preserves a useful computational-cost range for accu-
racy under memory constraints. Fixed-frequency accelerators
can disable frequency control while retaining model assembly
and path selection. On memory-bound platforms, the energy
model should also account for path-dependent memory traffic.
Multitasking and runtime integration. DynaStitch neither
schedules nor preempts co-running applications; it assumes
an external resource manager provides the available vision-
memory budget M. It handles compute contention through
measured inference latency and adjusts the execution path ac-
cordingly. General-purpose scheduling and preemption remain
outside the current scope.

B. Generalizability

Neural stitching primarily targets general-purpose ViT fam-
ilies, including plain and hierarchical backbones widely used
across downstream tasks. Its applicability to task-specific
architectures (e.g., those for object detection and human pose
estimation) remains less explored because deviations from
standard ViT structures and fewer modular stitch points can
limit flexibility. Stitching also requires multiple pretrained
models of different capacities within the same family, limiting
applicability when only one model is available; however, the
growing availability of multi-scale ViT families makes this
constraint increasingly less significant.

TABLE III
ACCURACY OF FEASIBLE METHODS IN CASE 1

Constraint-aware DynaStitch
Metric A&B C&D A&B C&D
Top-1 Accuracy (%) 74.4 74.4 76.77 78.02

DynaStitch is a system-level approach to inference-time and
memory adaptability, complementary to model-level optimiza-
tions such as pruning, quantization, and knowledge distilla-
tion, and to compact edge-oriented ViTs such as Efficient-
Former [29] and TinyViT [30]. These approaches optimize
or redesign individual models before deployment, whereas
DynaStitch adapts resident blocks and execution paths at
runtime; they can be combined when stitch compatibility is
preserved. In practice, quantization requires efficient hardware
and runtime support for selected precision—operator combina-
tions; pruning must preserve block interfaces and may require
sparse-kernel support; and distilled or compact ViT families
require compatible model variants and stitch points, potentially
with architecture-specific retraining.

X. CONCLUSION

This paper presents DynaStitch, a system for deploying neu-
ral stitching-based ViTs on resource-constrained edge devices
under varying runtime resources. We propose: (1) fast optimal
partial model configuration under memory constraints; (2)
runtime computational cost control within target latencies; and
(3) a mode-driven strategy that optimizes inference accuracy
and energy efficiency via adaptive model reconfiguration and
processor frequency scaling. Evaluation shows that DynaStitch
adapts to diverse edge resources, reducing memory usage and
power consumption while maintaining comparable accuracy.
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