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Abstract
On-device machine learning (ML) has become a fundamen-

tal component of emerging mobile applications. Adaptive

model deployment delivers efficient inference for hetero-

geneous device capabilities and performance requirements

through customizing neural architectures. SuperNet-based

approaches offer a promising solution by generating numer-

ous model variants from a pre-trained ML model. However,

applying SuperNet in existing frameworks requires tedious

model-aware development and time-consuming hardware-

aware profiling, which limits their practical adoption.

We present AutoTailor, the first framework to enable auto-

mated, end-to-end SuperNet-based adaptive model deploy-

ment for edge devices. Unlikemanual SuperNet construction,

AutoTailor employs a computation graph-guided compila-

tion approach to automatically transform user-provided ML

models into SuperNets. To support efficient specialization,

AutoTailor incorporates learning-free latency and accuracy

predictors, enabling low-cost yet accurate performance pre-

diction. Our extensive evaluations demonstrate that Auto-

Tailor reduces the lines of code for SuperNet construction

by 10.8–34.5×, reduces predictor profiling time by 2.2–11.5×,
and achieves up to 15.60% absolute accuracy improvement

and 60.03% latency reduction compared to state-of-the-art

approaches across diverse models and devices.

CCS Concepts: • Computing methodologies→ Neural
networks; •Computer systems organization→ Embed-
ded systems.

Keywords: adaptive model deployment, supernets, neural

architecture adaptation, edge computing

∗
Corresponding author: fdong@seu.edu.cn.

This work is licensed under a Creative Commons Attribution 4.0 Interna-

tional License.

SIGOPS ATC 2026, Hong Kong, China
© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2818-1/2026/11

https://doi.org/10.1145/3828523.3857084

ACM Reference Format:
Mengyang Liu, Chenyu Lu, Haodong Tian, Fang Dong, Ruiting

Zhou, Wei Wang, Dian Shen, Guangtong Li, YeWan, and Li Li. 2026.

AutoTailor: Automatic and Efficient Adaptive Model Deployment

for Diverse Edge Devices. In The 2026 ACM SIGOPS Annual Technical
Conference (SIGOPS ATC 2026), November 15-18, 2026, Hong Kong,
China. ACM, New York, NY, USA, 16 pages. https://doi.org/10.1145/
3828523.3857084

1 Introduction
Deep neural networks (DNNs) are increasingly executed on

edge devices to provide private intelligence for a wide range

of mobile applications, including augmented reality [30],

video analytics [29], and robot navigation [34]. Static DNN

deployment often fails to meet the diverse requirements of

applications (e.g., real-time responsiveness or energy effi-

ciency) on heterogeneous edge devices (e.g., industrial GPU

boards or personal mobile phones). To solve this problem,

adaptive model deployment [14, 23, 69] has emerged as a

widely adopted strategy. It first generates multiple model

variants with different latency-accuracy trade-offs from a

pre-trained DNN and then deploys the most suitable one

according to device capabilities and runtime conditions.

The number and granularity of model variants determine

the performance of adaptive model deployment. Early work

adopted coarse-grained uniform filter pruning [14] to gener-

ate variants with different widths. LegoDNN [23] refined this

approach by applying non-uniform pruning, providing more

variants with improved overall performance. AdaptiveNet

[69] further extended the design space by varying not only

width but also depth. These methods generate model vari-

ants through block scaling, where each block has multiple

weight-independent variants, and complete model variants

are constructed by combining them. However, in block scal-

ing approaches, each block requires fine-tuning to preserve

accuracy, which limits scalability in producing a larger num-

ber of variants and achieving higher performance.

To overcome these limitations, SuperNets [3, 62, 67] of-
fer a scalable alternative through weight sharing. Instead

of training model variants independently, SuperNets jointly

train multiple variants (SubNets) that share parameters. As

shown in Fig. 1, adopting SuperNets for adaptive deploy-

ment achieves up to 34.67% latency reduction with the same

mailto:fdong@seu.edu.cn
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Figure 1. Latency-accuracy tradeoff of adaptive ResNet-

50 on the Exynos 1380 SoC’s big cores using the Ima-

geNet1k dataset across different methods. SuperNet con-

sistently achieves state-of-the-art performance. Static uses

ResNet-18 and ResNet-34 as smaller model variants.

accuracy and 7.89% absolute accuracy improvement under

the same latency over state-of-the-art adaptive deployment

methods for the ResNet50 DNN [24].

Unfortunately, applying SuperNets in practice incurs sub-

stantial development and deployment costs due to their high

flexibility. On the development side, users must manually

transform a static DNN into a dynamic one that supports

multiple architectural modifications. This process not only

bloats the codebase but also demands deep expertise in DNN

architecture design. For example, ElasticViT [62] transforms

LeViT [20] with 4× more lines of code than its original im-

plementations (1638 vs. 406) to make each module trans-

formable. Retiarii [79] alleviates this burden through the

Mutator abstraction, eliminating the need to manually im-

plement transformable operators. Users can annotate target

operators with predefined Mutators and specify candidate

configurations, enabling automatic model variant genera-

tion. Nevertheless, this process still requires architectural

expertise to identify suitable operators and ensure config-

uration compatibility, particularly to prevent tensor shape

mismatches. Thus, SuperNet construction remains challeng-

ing and labor-intensive, especially for non-experts.

On the deployment side, optimizing model architectures

for specific devices requires profiling candidate variants,

which is highly time-consuming. The vast number of vari-

ants within a SuperNet makes exhaustive offline profiling

infeasible, while online profiling during optimization in-

troduces significant inefficiency. To mitigate this, existing

approaches [16, 77] train operator-level latency predictors

and aggregate their outputs to estimate model-level latency,

thereby simplifying predictor construction. However, the

accuracy of these learning-based methods fundamentally

depends on the quantity and quality of training data. Conse-

quently, building such predictors commonly demands hours

of data collection (e.g., 1 hour of profiling to build a predictor

with only 50% accuracy as shown in Fig. 7) for each model-

platform pair, yet the resulting predictors still suffer from

non-negligible prediction errors.

Our goal is to enable automatic and efficient SuperNet

deployment, thereby advancing adaptive model deployment

in practice. Achieving this goal presents two key challenges.

First, automating SuperNet construction requires decoupling

users from the DNN programs, leaving the framework un-

aware of which modules are transformable or what candi-

date choices to assign. Second, the vast number of possible

model variants makes accurate predictor training difficult:

the larger the design space, the more profiling data are re-

quired to train the predictor effectively, resulting in prohibi-

tive time costs.

We observe two fundamental characteristics of Super-

Nets that can be leveraged to address these challenges. First,

SuperNets exhibit graph structural consistency: they gen-
erate variants by applying architectural modifications to a

base architecture, which preserves the computation graph

of the original DNN. This property enables transformable

modules to be automatically identified and replaced directly

from the computation graph, eliminating the need for man-

ual annotation. Second, SuperNets exhibit cross-SubNet
architectural similarity: although they contain many Sub-

Nets, most operators are repeated. Our analysis (Section 2.4)

shows a high repetition ratio (96–98%), meaning the num-

ber of unique operators is significantly small. This property

enables learning-free predictors that profile only unique op-

erators, eliminating costly sampling and predictor training.

We present AutoTailor, an end-to-end adaptive model de-

ployment framework for edge devices. AutoTailor automati-

cally compiles supported static-graph DNNs into SuperNets

represented by TailorIR, a novel intermediate representation.

The resulting SuperNet is then fine-tuned to preserve the

accuracy of its model variants. To enable efficient latency

prediction, AutoTailor identifies unique operators across the

SuperNet by eliminating redundant configurations through

modification dependency analysis and execution-free tensor

shape inference. Operator-level latency measurements are

then aggregated to predict model-level latency. For accuracy

estimation, AutoTailor applies a similar approach to improve

prediction efficiency. Finally, guided by these predictors and

user-specified requirements, AutoTailor searches for the op-

timal model variant and generates deployable DNNs tailored

to the target edge platform.

The key contributions of AutoTailor are as follows:

• To the best of our knowledge, AutoTailor is the first

framework to provide automated, end-to-end adaptive

model deployment for edge devices.

• We propose a computation graph-guided compilation

method and a method for building learning-free pre-

dictors to reduce development and deployment over-

heads in applying SuperNets.

• We extensively evaluate AutoTailor across diverse

DNNs and edge devices, demonstrating that it reduces
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Figure 2. An illustration of adaptive model deployment and

different model variant generation methods. A four-layer

DNN is used as a running example, where each color denotes

a distinct layer.

engineering effort by 10.8–34.5× and reduces pre-

dictor profiling time by 2.2–11.5×, while achieving

up to 15.60% absolute accuracy improvement and

60.03% latency reduction compared to state-of-the-art

approaches.

2 Background and Motivation
2.1 Adaptive Model Deployment for Edge Devices
Deploying powerful deep neural networks (DNNs) on edge

devices to enable private and personalized intelligence has

become a rapidly growing trend in mobile applications [68].

Traditional static model deployment, placing a single fixed-

architecture model on the device for inference, proves in-

adequate for edge platforms due to two key characteris-

tics of edge devices. First, edge devices exhibit wide hard-

ware diversity, ranging from high-performance NVIDIAOrin

boards [47] to commodity smartphones [52] and resource-

constrained microcontrollers (MCUs) [60]. Second, perfor-

mance requirements vary across edge applications: some

real-time processing tasks demand high-frequency DNN in-

ference [29, 30, 40, 80], while persistent background applica-

tions [17, 18] require energy-efficient, low-power DNN in-

ference. To better align model execution with heterogeneous

resources (e.g., compute capacity) and application require-

ments (e.g., accuracy and latency), adaptive model deploy-

ment has emerged as a promising approach [14, 23, 69]. This

process consists of two steps as shown in Fig. 2(a): (1) gen-

erating multiple model variants with different architectures,

accuracy, and efficiency; and (2) selecting the most suitable

variant for a given device and runtime requirement.

The effectiveness of adaptive model deployment de-

pends on the diversity and granularity of available model

variants. Fig. 2(b-d) illustrates representative variants gen-

erated by existing adaptive deployment methods. Early

work such as NestDNN [14] relied on uniform filter prun-

ing [37], applying the same sparsity ratio across all layers.

LegoDNN [23] extended this idea by enabling non-uniform

layer skip

filter pruning

distill

distill

distill

distill

(a) Block scaling

weight-sharing training

1st SubNet

2nd SubNet

(b) SuperNet

(c) Training cost comparison

8x

Figure 3. Comparison between block scaling and SuperNet-

based model variant generation.

layer-wise pruning, thereby expanding the design space

with greater flexibility. Moving beyond width-only modifica-

tions,AdaptiveNet [69] further introduced a layer-skipping

strategy, which substantially enlarges the search space and

refines the granularity of architectural adaptation. Col-

lectively, these efforts reveal a consistent trend toward

expanding the model variant design space to improve adap-

tive deployment performance.

2.2 SuperNet-based Adaptive Model Deployment
LegoDNN [23] and AdaptiveNet [69] adopt a block scaling

approach to generate model variants. As shown in Fig. 3(a),

block scaling constructs multiple block variants, and differ-

ent model variants are formed by selecting different combi-

nations of these block choices. Since each new block must

be independently constructed and retrained with additional

supervision (e.g., block-wise distillation [69]), the overhead

of memory consumption and training grows linearly with

the number of blocks. Such overhead fundamentally limits

scalability, restricting both the number of supported model

variants and the granularity of modifications.

To overcome these limitations, we find that the SuperNet

[3] is a more scalable and efficient model variant generation

mechanism. Unlike block scaling, SuperNet can represent

a vast number of SubNets in a weight-sharing manner as

shown in Fig. 3(b). Different SubNets activate distinct sub-

sets of layers or weights within the same SuperNet, enabling

the reuse of parameters across variants. SuperNet training

is performed by randomly sampling multiple SubNets per

batch, with the total loss aggregated over their outputs. This

weight-sharing design significantly reduces memory and
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Figure 4. An illustration of the SuperNet workflow.

training overhead, while supporting a much larger and finer-

grained variant space. Scaling AdaptiveNet to match the ar-

chitectural design space of the SuperNet (excluding input

modifications) requires 27× more independent blocks and

incurs 27× more training iterations, which is also 8× more

than SuperNets, as shown in Fig. 3(c). Consequently, Su-

perNet provides a more practical foundation for adaptive

model deployment for resource-constrained and dynamic

edge environments.

Therefore, we advance SuperNet as the model variant gen-

eration method to push the performance frontier of adaptive

model deployment. As shown in Fig. 1, our experimental

results demonstrate the advantages of the SuperNet-based

approach compared with existing methods. Specifically, the

SuperNet-based method achieves up to 60.03% latency re-

duction with the same accuracy and 15.6% absolute accuracy

improvement under the same latency constraint compared

with AdaptiveNet [69] benefiting from its 1, 000, 000, 000×
larger design space.

2.3 Problems in Applying SuperNet
Despite the significant performance improvements demon-

strated by SuperNet-based adaptive deployment, its adoption

in real-world systems remains costly. Fig. 4 illustrates the

conventional SuperNet workflow and its inefficiencies. First,

experts manually design and develop a SuperNet (Step 1),

requiring significant model-aware expertise. The SuperNet

is then fine-tuned on a GPU server (Step 2) and used to build

an accuracy predictor (Step 3). When a new device arrives, a

latency predictor must be built through extensive hardware

profiling (Step 4), which incurs high device-specific costs.

Finally, the system combines both predictors to optimize

the architecture on an edge server (which can be CPU-only)

(Step 5) and deploy the optimized architecture to the target

device. This workflow suffers from two major inefficiencies:

heavy reliance on expert manual efforts for SuperNet de-

velopment and expensive profiling for each new model and

device.

On the development side, supporting fine-grained and

large-scale variant generation requires complex and manual

modifications to the original DNN. Existing implementations

typically extend each layer with the dynamic module and

Table 1. Profiling costs for deploying SuperNets. Latency

profiled on Samsung A54 big cores and accuracy profiled on

an NVIDIA RTX 3070 GPU with a batch size of 128.

Model ResNet50 MobileNetv3

Number of variants 2 × 10
13

7 × 10
22

Latency profiling (s/variant) 0.2 ∼ 1.75 0.4 ∼ 3.85

Accuracy profiling (s/variant) 31 ∼ 47 31 ∼ 43

implement its exploration method too as shown in Fig. 5(b).

This implementation not only inflates the codebase, but also

strongly relies on DNN architecture design expertise. Re-

tiarii [79] attempts to mitigate the issue via abstractions like

Mutator as shown in Fig. 5(c), which not only keeps the

SuperNet code clean, but also reduces repetitive engineer-

ing efforts in implementing model exploration required by

SuperNet training and architecture optimization through

system-level mutator management. However, developers

must still rely heavily on model-aware manual efforts in

specifying Mutators.

On the profiling side, searching for optimal variants re-

quires performance evaluation across the vast SuperNet

design space. Offline profiling is practical for prior block

scaling-based methods with 10,000–20,000 model variants.

However, as illustrated in Table 1, offline profiling is im-

practical for a SuperNet with 10
13
–10

22
model variants. The

other way is online profiling, which incurs unacceptable

online overhead in the optimization process. A common al-

ternative is to build predictors trained from partial profiling

data. For example, OFA [3] trains MLP-based predictors that

encode subnet architectures and output accuracy or latency

estimates as shown in Fig. 6(a). However, model-level pre-

diction remains difficult due to the high dimensionality of

the architecture space, necessitating substantial profiling to

achieve sufficient accuracy. To reduce cost, operator-level

latency predictors have been proposed as shown in Fig. 6(b),

such as nn-Meter [77], which predicts operator-level laten-

cies and aggregates them to estimate end-to-end latency.

LitePred [16] further improves predictor robustness against

out-of-distribution sampling.

Nevertheless, two fundamental issues persist. First, pre-

dictor accuracy still depends on extensive profiling, often

requiring hours of operator measurements. Second, training

predictors introduces its own complexity, demanding care-

ful design choices and hyperparameter tuning. As shown in

Fig. 7, existing latency or accuracy predictor building meth-

ods commonly require hours of data collection to achieve

nearly usable predictors.

2.4 Opportunity
To address the development and deployment bottlenecks of

SuperNet-based adaptive model deployment, we aim to au-

tomate SuperNet construction by isolating users from DNN

programs and to devise an efficient method for building la-

tency predictors. However, two challenges arise: (1) how can
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Figure 7. Existing predictor building methods rely on time-

consuming profiling for collecting training data.

the framework automatically identify transformablemodules

and their candidate choices without user intervention? (2)

how can accurate predictors be trained in the vast SuperNet

design space with limited profiling data?

We identify two exploitable characteristics to address

these challenges. (1) Graph Structural Consistency: a
SuperNet is derived from a static DNN, where its largest

SubNet matches the original architecture. As a result, the

overall computation graph remains consistent with the orig-

inal DNN (Fig. 5(a)). (2) Cross-SubNet Architectural Sim-
ilarity: analysis of 1,000 randomly sampled SubNets (Fig. 8)

shows that the number of unique operators quickly con-

verges as sampling increases, while many operators appear

repeatedly (96–98% redundancy), often at high frequencies

(up to 414–3590 times). This indicates strong structural re-

dundancy across SubNets, suggesting that the set of unique

operators is small and feasible to enumerate.

These two properties create promising opportunities for

overcoming existing bottlenecks:

O#1. Automated SuperNet construction. Leveraging
graph structural consistency, static modules can be automat-

ically replaced with dynamic modules during compilation

as shown in Fig. 5(d), eliminating the manual effort required

for SuperNet construction.

O#2. Enumerating unique operators to build learn-
ing-free predictors. Cross-SubNet similarity enables the

enumeration and profiling of all unique operators, which

in turn supports efficient construction of lookup-table

(LUT)–based predictors as shown in Fig. 6(c), eliminating

the need for costly learning-based models.

3 System Overview
AutoTailor advances adaptive model deployment on edge

devices by leveraging SuperNets to generate model vari-

ants. It achieves automatic and efficient deployment through

two key techniques: (1) a graph compilation method (§4.1)

that automatically replaces computation graph components

without manual coding, and (2) a learning-free predictor con-

struction method (§4.2) that rapidly builds latency lookup

tables (LUTs) without costly sampling or training. Given

a DNN model and deployment requirements, AutoTailor

automatically outputs optimized architectures that deliver

state-of-the-art performance on target edge platforms.

Challenges and Approaches. Despite the opportuni-
ties, making automatic and efficient deployment practical

requires addressing the following challenges.
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C#1. Lack of abstraction. Constructing SuperNets from

static DNNs raises a key challenge: how to represent them in

a scalable, model-agnostic way. Retiarii [79] wraps dynamic

modules (Mutator) and SuperNets (ModelSpace) around

the original DNN (e.g., PyTorch nn.Module [51]). While sim-

ple, this approach has two drawbacks: (1) modifications are

tightly coupled with the model structure, limiting scalability,

and (2) reliance on the original DNN restricts cross-platform

support and requires framework-specific versions.

We design TailorIR, a model-agnostic abstraction for au-

tomatic SuperNet construction (Section 4.1.1). SuperNets are

organized as computation graphs of TailorIR modules, each

managing its architecture and generating executable ver-

sions. This decouples modifications from structure, supports

scaling, and ensures traceability. Similar to Retiarii, TailorIR

enables automatic model exploration, but with broader ap-

plicability and cleaner integration.

C#2. High engineering effort in dynamic module develop-
ment. Supporting diverse DNNs requires many dynamic

modules, but existing systems like Retiarii make building

these libraries labor-intensive.

To this end, TailorIR introduces two optimizations (Sec-

tion 4.1.2): (1) bypassing non-variable modules and auto-

generating executables with conversion tools; (2) using tem-

plated module designs to maximize reuse across models.

C#3. Inefficiency in enumerating unique operators. Con-
structing LUTs for learning-free latency prediction requires

extracting parameters of unique operators (e.g., kernel size,

tensor shapes). Although their number is limited (Fig. 8),

operator architectures are only fixed after model-level mod-

ifications, making brute-force sampling infeasible.

To this end, we propose a rapid LUT construction method

for our latency predictor (Section 4.2.1) that prunes unnec-

essary sampling by analyzing independent modifications.

Using TailorIR’s architecture traceability, AutoTailor extracts

operator parameters without real inference, greatly speeding

up enumeration.

C#4. High accuracy profiling cost. Accuracy predictors usu-
ally require full model profiling, which is costly since each

candidate must be evaluated on GPUs. Unlike latency, accu-

racy cannot be decomposed to the operator level.

To this end, we propose a modification-level accuracy pre-

dictor (Section 4.2.2) based on SuperNet modification sensi-

tivities. Relative accuracy differences between SubNets can

be approximated from these sensitivities, allowing efficient

prediction without full profiling.

System architecture and workflow. Fig. 9 shows the
system architecture. The workflow starts with an input DNN,

either from a model zoo or a user implementation, repre-

sented as a computation graph. The graph is parsed into a

TailorIR-based SuperNet (Section 4.1), where static modules

are replaced with TailorIR modules, and then fine-tuned to

preserve SubNet accuracy (Section 4.3.1). AutoTailor next

builds learning-free predictors (Section 4.2): the latency pre-

dictor profiles unique operators to build device-specific LUTs

(Section 4.2.1), while the accuracy predictor samples SubNets

using modification sensitivity to estimate accuracy (Sec-

tion 4.2.2). Finally, given deployment requirements, Auto-

Tailor searches for the best architecture (Section 4.3.2) and

deploys it to the target device.

4 Detailed Design
4.1 Computation Graph-guided Compilation
4.1.1 TailorIR Abstraction. Fig. 10 shows the design of

TailorIR using an FFN block as an example. Unlike Retiarii

[79], which mainly wraps PyTorch nn.Module, TailorIR is

an independent abstraction that directly manages architec-

tures. Specifically: (1) each TailorIR module maintains a Fea-
ture describing both meta and active architectures; (2) the

transform function updates features after modifications; (3)

the update function ensures consistency and legality; (4) the

build function generates an executable PyTorch module. In

a SuperNet, operators, blocks, and the full model are all en-

capsulated as TailorIR modules, each managing its own state

to ensure consistent modifications across different levels.



    def build(self) -> nn.Module:
        paths = []
        for path in [self.path1, self.path2]:
            path_modules = []
            for tir_op in path:
                op_module = tir_op.build()
                path_modules.append(op_module)
            paths.append(nn.Sequential(*path_modules))
        self.module = FFN(paths)
        return self.module

Feature modificationclass TIR_FFN(tir.Block):
    def __init__(self, features, ...):
        super().__init__()
        self.features = features
        ...
        self.modifications = ["expand"]

    def transform(self, modifications):
        for mod_k, mod_v in modifications.items():
            if mod_k == "expand":
                cin = self.features["cin"]
                cout = self.features["cout"]
                middle_width = cin * mod_v
                self.features["middle_width"] = middle_width
                self.fc1.transform({"cout", middle_width})
                self.fc2.transform({"cin", middle_width})

    def update(self):
        for path in [self.path1, self.path2]:
            cur_shape = self.features["in_shape"]
            for op in path:
                op.update(cur_shape)
                cur_shape = op.features["out_shape"]

FFN TIRParser

Computation Graph

MatMul
B <200x800>

Add
A <800>

MatMul
B <800x200>
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class FFN(nn.Module):
    def __init__(self, paths):
        super().__init__()
        self.path1 = paths[0]
        self.path2 = paths[1]

    def forward(self, x):
        y = self.path1(x)
        x = self.path2(x)
        return x+y

ffn-expand

Figure 10. TailorIR overview.

Decoupled design. TailorIR separates architecture from

modifications. A module’s Feature encodes its architecture
and is turned into an executable via build, while transform
and update handle modifications. This decoupling improves

readability and scalability, as new modifications only require

changes to transform without touching build.
Architecture traceability. A key advantage of TailorIR

is architecture traceability, improving module generality

and scalability. Unlike conventional approaches that require

manually hardcoding parameters, TailorIR uses a one-time

deduction rule in update, so any transform automatically

keeps dependent features consistent.

4.1.2 Module Development Optimizations. Automatic

construction requires static graphs covered by TailorIR mod-

ules and parser rules. Unsupported operators or architectural

patterns require module or parser development; these exten-

sions are reusable across models. Our module library reduces

this effort through two optimizations:

Static module bypassing. As in existing SuperNet meth-

ods, not all layers need to be transformed into dynamic mod-

ules. In AutoTailor, since the original program is not directly

accessible, we design dedicated TailorIR modules to wrap

static layers (Fig. 11(a)). These modules maintain a general

Feature with a default deduction rule in the update func-
tion to automatically infer attributes from inputs, which

works well for non-parameterized and element-wise opera-

tors. During the build stage, model conversion tools (e.g.,

onnx2torch [12]) generate the corresponding executable Py-

Torch modules from the computation graph.

TIR
Diamond

class SingleOp(tir.Block):
    def __init__(self, node):
        super().__init__()
        self.features = {}

    def update(self):
        self.features['out_shape'] = \
            self.features['in_shape']

    def build(self):
        return convert_from_graph([self.name])

Gelu MaxPoolMul

Default TIR 
Op Module

automatically wrap
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inherits
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Figure 11. Optimizations in TailorIR module development.

Templated module design. TailorIR enables automatic

SuperNet construction and reuses dynamic modules across

diverse DNNs. Although DNNs differ in structure, many

share common architectural patterns [25, 33]. To leverage

this, we adopt a templated module design that encourages

generic, reusable TailorIR modules. Using templated mod-

ules and the Path abstraction (Fig. 11(b)), TailorIR decouples

structure from specific operators, allowing a single design to

adapt across networks and reducing redundant engineering.

4.1.3 Automatic SuperNet Construction. We design a

bottom-up three-step parsing process that incrementally

transforms an input DNN into a TailorIR-based SuperNet.
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Figure 12. An example of space pruning.

Step 1: Operator parsing. The parser traverses the com-

putation graph, mapping each operator to its TailorIR coun-

terpart. Static operators are bypassed (Section 4.1.2). For

multi-output operators, the parser traces output paths until

they converge, grouping them into default TailorIR blocks.

Step 2: Block parsing. The parser then matches subgraphs

with templated TailorIR blocks based on topological pat-

terns, replacing default blocks with structured block mod-

ules. Step 3: Stage division. Finally, the model is partitioned

into stages (e.g., by resolution or output width), enabling

higher-level modifications such as adjusting stage depth. For

supported graphs, these steps construct a SuperNet without

manual model rewriting.

4.2 Learning-free Predictor Building
We propose a learning-free predictor that avoids the over-

head and errors of learning-based methods. For latency, Au-

toTailor profiles only unique operators to build operator-

level LUTs, keeping costs low and eliminating generalization

errors. To identify these operators efficiently, we prune the

SubNet enumeration space using modification dependencies.

We extend this idea to accuracy with modification sensitiv-
ity, which measures the impact of architectural changes and

enables efficient modification-level prediction.

4.2.1 Operator-level LUT-based Latency Predictor.
AutoTailor accelerates LUT construction by pruning redun-

dant operator enumerations through analysis of modification

dependencies.

Pruning the enumeration space. As shown in Fig. 12,

depth modifications determine only the number of stacked

blocks within a stage. Because these blocks are structurally

identical, the corresponding operator features remain un-

changed regardless of depth, making such modifications

independent. Similarly, modifications confined to a specific

stage or block are also independent of other choices. By ex-

ploiting such independence, AutoTailor prunes redundant

operator combinations from the enumeration space, thereby

avoiding unnecessary profiling.

Beyond the large enumeration space, the cost of extract-

ing operators from a single SubNet is also non-negligible.

Tensor shapes are essential operator features for construct-

ing LUTs, yet obtaining them typically requires inference of

the entire SubNet due to the dynamic graph design in ex-

isting deep learning frameworks. AutoTailor alleviates this

overhead by leveraging TailorIR’s architectural traceability,

Table 2. Extraction cost of unique operators. In the normal

setting, the cost is estimated by multiplying the number of

profiling runs by the average cost of a single profiling run.

Models normal + space pruning + TailorIR
(GPU hours) (GPU hours) (CPU minutes)

ResNet50 1.25E+09 10.8 11.8

MobileNetv2 872000 0.0382 2.2

ConvNext 8.08978E+15 0.0259 4.8

LeViT 1.02E+41 57.44 46.5

which automatically infers the tensor shape of each module

without full SubNet execution. As shown in Tab. 2, this op-

timization makes model-aware enumeration both efficient

and practical.

Latency predictor building. Once the LUT is built, each

device profiles its unique operators. For a given SubNet, Au-

toTailor extracts each operator’s Feature, looks up its latency
in the device-specific LUT, and sums them to get the model’s

total latency. This design ensures accuracy and easy transfer

across devices. Operator fusion [46] merges multiple op-

erators into one kernel, breaking the assumption that total

latency equals the sum of individual latencies [77]. To handle

this, AutoTailor extends TailorIR to support fusion: multi-

ple operators can be combined into a single TailorIR module

based on user-defined fusion rules. During LUT construction,

each fused operator is built and profiled as a single module,

so predictors capture the true execution cost. Section 6.4

shows that this fusion-aware approach achieves accurate

latency prediction.

4.2.2 Modification-level Accuracy Predictor. The pri-
mary goal of our accuracy predictor is to identify high-

performing SubNets through approximate ranking rather

than precisely predict their absolute accuracy. Fig. 13 evalu-

ates the effectiveness of this design choice. Across the evalu-

ated budgets, Top-5 accuracy is only 0.64% lower than Top-1

accuracy on average for ResNet50 and 0.92% lower for ViT.

These results suggest that approximate ranking is sufficient

to identify competitive SubNets, reducing the need for highly

precise accuracy estimates.

To enable efficient ranking, we leverage the observation

that all SubNets inherit weights from the same trained Super-

Net and differ only in their architectural modifications. This

shared foundation allows us to approximate the accuracy

impact of combined modifications using the sensitivity of

individual modifications, avoiding exhaustive evaluation of

their combinations. Specifically, let 𝐴0 denote the accuracy

of the unmodified SuperNet and𝐴(𝑆) the measured accuracy

after applying a set of modifications 𝑆 . AutoTailor profiles

each modification𝑚 individually on the training dataset and

estimates the accuracy of a candidate SubNet as

Δ𝑚 = 𝐴0 −𝐴({𝑚}), ˆ︁𝐴(𝑆) = 𝐴0 −
∑︁
𝑚∈𝑆

Δ𝑚 . (1)

Here, Δ𝑚 captures the accuracy sensitivity of modification

𝑚, while summing individual sensitivities approximates their
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combined impact without explicitly modeling interactions.

This additive approximation enables efficient, architecture-

aware SubNet ranking without the overhead of evaluating

every candidate.

Fig. 14 examines the effectiveness of our additive approxi-

mation across different computational scales. For eachmodel,

we sample 100 distinct SubNets from each of five FLOPs bins.

For ResNet50, the median prediction error decreases from

4.03% to 0.49% across bins, while for ViT, it ranges from 0.18%

to 1.13%.

A limitation of the additive approximation is that it ignores

interactions among architectural modifications. To assess

whether modeling such interactions improves prediction ac-

curacy, we extend the predictor with a pairwise correction

term,𝐴({𝑎, 𝑏})−𝐴({𝑎})−𝐴({𝑏})+𝐴0, for each co-occurring

pair of modifications. Surprisingly, explicitly modeling pair-

wise interactions does not consistently improve prediction

accuracy. For ResNet50, the median errors range from 40.39%

to 0.35% across bins, while for ViT, they range from 0.34% to

1.08%, despite requiring 33× and 14.8× more profiling con-

figurations, respectively. This result suggests that pairwise

corrections do not necessarily capture the combined effects

of architectural modifications, as higher-order interactions

remain unmodeled and individual correction terms may in-

troduce additional estimation errors. Overall, these findings

support additive sensitivity as a practical approximation that

balances prediction accuracy and profiling overhead.

4.3 Automatic Model Exploration
Model exploration samples SubNets from the search space

and is crucial for (1) fine-tuning the SuperNet and (2) archi-

tecture optimization, where the best candidates are selected

using the fine-tuned SuperNet and predictors. AutoTailor

automates this by collecting modification abstractions from

each TailorIR module; users only specify modifications and

candidate choices in a simple configuration file:� �
title = "Example"
[arch]
blocks = [" FFNBlock "]
[var.global_vars]
resolution = [128, 160, 192, 224]
[var.stage_vars]
reduce_depth = [-3, -2, -1, 0]
[var.block_vars]
FFNBlock.expand_ratio = [2, 3, 4]� �
4.3.1 SuperNet Fine-tuning. Fine-tuning is necessary to

ensure that modified SuperNets preserve competitive accu-

racy. AutoTailor incorporates a Tuner component to execute

this process, providing seamless integration with existing

SuperNet-based model exploration strategies [56, 62]. Given

a TailorIR-represented SuperNet, the Tuner samples SubNets

by applying modifications and fine-tunes them accordingly.

4.3.2 Architecture Optimization. The Optimizer in Au-

toTailor efficiently searches for the best architecture to de-

ploy fine-tuned SuperNets on edge devices using the con-

structed predictors. To handle this complex task, AutoTailor

uses genetic algorithms [3, 62] and accelerates the search

with a beam search-based initialization for large design

spaces.

5 Implementation
We implement AutoTailor on PyTorch [50] in 12500+ LoC of

Python, including 4700+ LoC for the library of TailorIR mod-

ules to support all SuperNets mentioned in this paper. We use

ONNX [49] and ONNX Graph Surgeon [48] tools for parsing

the model. The tuner component is implemented on PyTorch

DistributedDataParallel (DDP) for supporting distributed Su-

perNet tuning. The optimized architecture will be translated

into NCNN executable format by the PNNX [78] tool for de-

ploying on mobile phones. The AutoTailor artifact is publicly

available at https://doi.org/10.5281/zenodo.22984628.

6 Evaluation
6.1 Experimental Setup
Testbed. We evaluate AutoTailor on four edge setups: a

Samsung A54 smartphone (Exynos 1380) using its Big- and

Little-cores, and NVIDIA Jetson Orin Nano and AGX Orin

GPUs. AutoTailor runs on a local server with NVIDIA 3070

GPUs and Intel Xeon Gold 6230R CPUs, offloading Super-

Net tuning to the cloud. NCNN [63] is used for on-device



inference (FP16 precision), except for ViT on Jetson devices,

where PyTorch [50] performs better.

Models and datasets. Tab. 3 lists the SuperNets and their
original models used in our experiments. All SuperNets sup-

port width, depth, and input modifications. We use Ima-

geNet1K [55] for both fine-tuning and evaluating adapted

models. Following CompOFA [56], each SuperNet is fine-

tuned for 600 iterations (150 epochs) with 4 SubNets sampled

per batch.

6.2 Adaptive Deployment Performance
We first evaluate AutoTailor’s adaptive deployment perfor-

mance by searching for optimal architectures across differ-

ent models, edge devices, and requirements. For each case,

we generate 40–50 latency constraints and report only the

Pareto frontier of the resulting latency–accuracy trade-offs.

Our adaptation uses our proposed learning-free predictors

for providing both latency and accuracy guidance in the ar-

chitecture optimization. The hyperparameter settings of the

genetic search algorithm used in architecture optimization

follow those in OFA [3].

Baselines. We compare against AdaptiveNet [69] and

LegoDNN [23] using their official implementations. Adap-

tiveNet uses its released weights, while LegoDNN trains new

blocks on pre-trained DNNs from TIMM [70]. For NestDNN,

whose code is unavailable, we approximate its performance

using Torch-Pruning [15] and denote it as NestDNN*. Pruned

variants are fine-tuned for 60 epochs on ResNet50 and Mo-

bileNetV2, and 120 epochs on ConvNeXt and ViT. Since

AdaptiveNet and LegoDNN do not support Transformers,

we compare them only against NestDNN* for these models.

We also report static DNN performance for reference.

Results. Due to space constraints, we select one repre-

sentative model per runtime, pairing larger models with

stronger devices and smaller models with weaker ones. As

shown in Fig. 15, AutoTailor supports a wider range of la-

tency constraints and consistently delivers higher accuracy

under 92% of the evaluated latency conditions than existing

methods.

On ResNet50, AutoTailor achieves an average accuracy

gain of 2.27% and a 10.37% latency reduction over Adap-

tiveNet. On MobileNetV2, the improvements are larger, with

Table 3. Illustration of SuperNets in this paper.

Original DNN # of Modifications # of Variants

ResNet50 [24] 100 2 × 10
13

MobileNetv2 [58] 85 8 × 10
10

MobileNetv3 [27] 160 7 × 10
22

ProxylessNet [4] 166 6 × 10
23

ConvNext-Tiny [42] 163 2 × 10
23

ViT-Base [11] 103 1 × 10
12

LeViT [20] 324 1 × 10
45

4.12% higher accuracy and 21.48% lower latency. These gains

are most pronounced on mobile phones, which have fewer

parallel resources than Jetson GPUs and thus require more

compact models. AutoTailor generates such compact vari-

ants more effectively than existing methods. In contrast,

LegoDNN and NestDNN* perform poorly under tight latency

budgets, especially on weaker devices, due to their lack of

depth modifications. For larger latency budgets (8%), Auto-

Tailor is slightly less competitive, which we attribute to lim-

ited SuperNet training. We expect this gap can be closed with

stronger tuning strategies, such as OFA’s progressive train-

ing [3] (3× more iterations) or AlphaNet’s self-distillation

[65] (1.25× more iterations).

On Transformer-style models, AutoTailor improves accu-

racy by 5.12% and reduces latency by 29.62% on ConvNeXt,

and achieves 3.36% higher accuracy with 15.04% lower la-

tency on Vision Transformer compared with NestDNN*.

These results demonstrate AutoTailor’s effectiveness on ad-

vanced architectures and its potential for emerging systems

such as vision foundation models [30] and vision–language

models [41], where ConvNeXt and Vision Transformer serve

as common image encoders.

We also report hardware-agnostic results by using FLOPs

instead of latency (Fig. 16). Unlike hardware-aware results,

the FLOPs-guided ones show different trends, underscoring

the need for accurate hardware-specific predictors. Across

most FLOPs constraints, AutoTailor still achieves state-of-

the-art performance. For Vision Transformer, width pruning

performs well, likely due to its higher architectural complex-

ity, which may benefit from more SuperNet fine-tuning.

Overhead analysis. Next, we analyze the overhead of

applying SuperNets. Fig. 17 compares the extra cost fromAu-

toTailor’s larger design space with AdaptiveNet and a scaled

version (AdaptiveNet-scaled) that matches our search space.

The official AdaptiveNet validates accuracy on only a data

subset, which reduces reliability. For fairness, we validate all

10,609 variants and include this cost in our analysis.

Our sensitivity-based predictor needs only one hour of

profiling. Latency profiling takes 12.5× longer than Adap-

tiveNet but only 20 minutes in absolute time, which is prac-

tical. AdaptiveNet requires 60 training iterations with 3 sam-

pled blocks per batch, while our method incurs 3.3× more

iterations to fine-tune SuperNets. The AdaptiveNet-scaled

comparison highlights our better scalability, even without

input modifications that would further raise its overhead.

6.3 Effectiveness of Computation-graph Guided
Compilation

Engineering Effort Reduction.We quantify the engineer-

ing effort required for SuperNet construction by measuring

lines of code (LoC) changes relative to the original DNN

using git diff. We evaluate four SuperNets (ResNet50,

MobileNetV3, ProxylessNet, and LeViT), using their official



Figure 15. Performance comparison of hardware-aware adaptive model deployment.

Figure 16. Performance comparison of hardware-agnostic adaptive model deployment.

Figure 17. Overhead analysis of ResNet50 adaptive model

on phone big cores.

Figure 18. Comparison of LoC in constructing SuperNets.

OFA [3] and ElasticViT [62] implementations as native base-

lines. The Retiarii baseline is implemented by us using their

open-source framework, NNI [45]. With AutoTailor, users

only need to provide a simple configuration file specifying

modifications (Section 4.3). As shown in Fig. 18, AutoTailor

reduces LoC by 10.8–34.5× compared with Retiarii, thanks

to automatic graph compilation. While Retiarii eases model

exploration, it still requires manual replacement of static

modules with mutable ones, which demands both detailed

architecture knowledge and significant engineering. In con-

trast, AutoTailor eliminates such model-aware coding by let-

ting users define SuperNets through concise, easy-to-write

configuration files.

Effectiveness of Development Optimization. Fig. 19
analyzes the LoC distribution of core functions, including

build, transform, update, and init functions, across Tai-

lorIR modules developed for the SuperNets of Tab. 3. About

Figure 19. Analysis of TailorIR Modules.

51% of the effort goes into 12 templated blocks, with nearly

50% saved through LoC reuse. Operator development takes

632 LoC for 21 operators (10 partially bypassed), out of 28

total operators (7 fully bypassed). Parser development ac-

counts for about 20% of the effort, as it maps sub-graphs to

block templates. To simplify and avoid conflicts, users can

specify block templates directly in the config file (Sec. 4.3).

6.4 Effectiveness of Learning-free Predictors
Baselines. For latency prediction, we compare AutoTailor

with LitePred [16], extending both to support additional

operators. Each SuperNet uses 2000 sampled SubNets to

build predictors. For accuracy prediction, we compare with

OFA’s MLP-based method [3].

Metrics. For latency prediction, we report error rates at

the 10% level on 1000 randomly sampled SubNets follow-

ing [16, 77]. For accuracy prediction, we use top-5 ranking

accuracy: 100 groups of 200 candidates are ranked by pre-

dicted accuracy. We adopt ranking accuracy instead of abso-

lute values to better match the optimization process, which

selects the best SubNets within each group.

Predictor profiling cost reduction. As shown in Fig. 7,

existing learning-based predictors struggle with accuracy

and efficiency. Our learning-free method profiles all unique
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Figure 20. Profiling cost of (a) latency predictors for LeViT

operators and (b) accuracy predictors across models.
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per setting on Samsung A54. Dashed lines mark ±10% of

measured latency.

operators for precise latency estimation, taking only 20 min-

utes for ResNet50’s convolutions and 40 minutes for Mo-

bileNetV3’s depth-wise convolutions, which are their main

latency contributors. As shown in Tab. 3, LeViT has the most

model variants, making predictor construction challenging.

Fig. 20(a) compares our method with LitePred [16] on three

major operators. Our method reduces latency-predictor pro-

filing time by 8–9× compared with the largest LitePred bud-

gets shown, while achieving higher prediction accuracy. For

accuracy prediction, Fig. 20(b) shows that our method re-

duces predictor construction time by 2.2–11.5× compared

to the full MLP profiling runs shown while achieving 78–

98% top-5 ranking accuracy. Our method offers an efficient

alternative for rapidly constructing predictors.
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Figure 22. Ablation study on computation-quality trade-

offs. Baselines: MLP in (a,c) and MLP+LitePred in (b,d). R

denotes the restricted design space.

Model-level latency prediction. We compare predicted

and measured latencies of the smallest and largest SubNets,

with and without fusion. As shown in Fig. 21(a), ignoring

fusion causes errors up to 1.47×, especially in larger SubNets

with more fused operators. While perfect accuracy is diffi-

cult, our fusion-aware method keeps deviations within an

acceptable range. We further choose MobileNetV3 and LeViT

to evaluate memory-intensive execution. We evaluate pre-

dicted and measured model-level latency for 1000 randomly

sampled SubNets of each model on the Samsung A54’s big

and little CPU cores. Fig. 21(b,c) shows that most predictions

lie within the ±10% bounds in both settings.

6.5 Ablation Study
To evaluate how AutoTailor’s design space and predictors

contribute to better computation-quality trade-offs, we ab-

late both components in Fig. 22. The full space provides

44.9% and 22.5% wider observed FLOPs ranges than the five

restricted presets (R) for ResNet50 and MobileNetV3, respec-

tively. Within the full space, we compare AutoTailor’s ac-

curacy predictor with MLP in (a,c), and its accuracy-latency

predictor pair with MLP+LitePred in (b,d). Baseline
R
often

outperforms Baseline, suggesting that searching the larger

space amplifies baseline ranking errors and makes reliable

predictors essential to realizing its benefits. Our predictors

improve accuracy by 10.43%/2.90% at matched FLOPs and

11.36%/3.14% at matched summed A54 operator latency for

ResNet50/MobileNetV3, respectively.

6.6 Generality Case Studies
To evaluate the generality of AutoTailor, we extend the

framework to support object detection and autoregressive

language modeling.
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Figure 23. Computation–quality trade-offs for object detec-

tion and language modeling.

Setup. (1) Object detection. We use the HardHat [43]

dataset, split into 4000 training and 1000 validation images.

We construct the detector SuperNet by combining a ResNet-

style TailorIR backbone with a YOLOv8 [64] detector. Only

the backbone is transformable, while the neck and head ar-

chitectures are fixed.We jointly train the backbone, neck, and

heads for 70 additional epochs at a resolution of (640 × 640).

Each batch trains the largest and smallest SubNets together

with two randomly sampled SubNets. We measure detec-

tion quality using mean average precision (mAP) [13]. (2)

Autoregressive language modeling. We train a GPT-2 [53]

SuperNet with 4–12 Transformer blocks and feed-forward

expansion ratios of 2–4 onWikiText-103 [44] for 20000 itera-

tions following nanoGPT [31]. We measure language-model

quality using perplexity [2]. For both tasks, we select SubNets

using CompOFA [56] presets and FLOPs-stratified random

sampling. The baseline for each task is the corresponding

full-size model fine-tuned on the same dataset using the

same training procedure.

Results. Fig. 23 shows the computation-quality trade-

offs for both tasks. (1) Object detection. The Pareto frontier

spans 12.24–21.15 GFLOPs and 56.21–60.10% mAP. (2) Au-

toregressive language modeling. The GPT-2 SubNets span

130.6–291.6 GFLOPs per sequence and achieve perplexities of

17.66–41.62. Object detection reuses existing parser support

and block templates with zero additional LoC; GPT-2 re-

quires 134 LoC for parser support and 261 LoC for templated

blocks (395 LoC total). Together, these results demonstrate

AutoTailor’s extensibility across diverse model architectures

and tasks with modest engineering effort.

7 Related Work
SuperNet Architectures and Training. Weight-sharing

SuperNets support adaptive architectures across vision [3, 8,

57, 62, 75], speech [59], and language tasks [5, 6, 26, 67].

Industrial-scale foundation models also adopt this para-

digm, including Google’s Gemma 3n [10, 19] and NVIDIA’s

Nemotron Elastic [61]. Their high training cost motivates

algorithmic optimizations, including search-space restric-

tion [1, 56, 74, 76] and knowledge distillation [28, 62, 65, 66,

72], and system-level parallelization [73, 81].

Adaptive Inference Systems. Using model variants as a

control knob is a widely adopted strategy for meeting diverse

edge deployment requirements [14, 23, 69] and adapting to

fluctuating cloud serving workloads [32, 54]. For edge de-

ployment, frameworks support model exploration and port-

ing [22, 79], while adaptationmechanisms use early exits [36]

or pruning-derived model variants [14, 23]. For cloud serv-

ing, systems optimize model selection, resource allocation,

and request scheduling to meet latency and accuracy re-

quirements [21, 54]. More recently, SuperServe [32] extends

adaptive serving to weight-sharing SuperNets by dynami-

cally selecting SubNets in response to changing workloads.

AutoTailor complements these systems by automating Su-

perNet construction and enabling efficient SubNet selection,

thereby is also extensible to support adaptive cloud serving.

Optimizations for On-Device ML Inference. Beyond
model architecture, inference efficiency can be further im-

proved through system-level optimizations, including ac-

celerator utilization [7, 30, 35, 71], runtime memory man-

agement [38], and kernel generation and fusion [9, 39, 46].

While these techniques optimize the execution of a given

model on a target device, AutoTailor focuses on tailoring

model architectures to device-specific characteristics. We

therefore hold the inference execution stack fixed for each

model–device pair, as these system-level optimizations are

orthogonal to AutoTailor.

8 Conclusion
AutoTailor makes SuperNet-based adaptive deployment

practical across diverse edge devices. By automating Super-

Net construction and SubNet selection with learning-free

performance prediction, AutoTailor reduces the cost and

complexity of architecture specialization. Across evaluated

models and devices, AutoTailor reduces construction code

by 10.8–34.5× and reduces predictor profiling time by 2.2–

11.5×, while achieving better latency–accuracy trade-offs

than state-of-the-art approaches.
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