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Abstract

Human Activity Recognition (HAR) on
memory-constrained edge devices demands
heterogeneous, accurate, resource-adaptive ar-
chitectures that are costly to design manu-
ally. Neural Architecture Search (NAS) pro-
vides an automated solution for model de-
sign, and its integration with quantization can
further expose high-quality architectures un-
der edge memory budgets. Recent NAS in-
creasingly adopts LLM-based methods, includ-
ing prompt-engineering and fine-tuning ap-
proaches. Prompt-engineering approaches suf-
fer from 4-10 hours generation time, while fine-
tuning approaches achieve minute-level gen-
eration but often sacrifice architecture quality
due to the complexity of quantization. We pro-
pose QuaNAG, a Neural Architecture Gener-
ation (NAG) framework built on the insight
that quantization is not an ordinary architec-
ture attribute: it can change model feasibil-
ity, alter accuracy, and expand the feasible
search space. QuaNAG therefore models quan-
tization as branch-level search decisions and
transfers quantization-aware search knowledge
into an LLM through curriculum learning. Ex-
periments on demanding HAR benchmarks
over five baselines, including in-domain eval-
uations, out-of-domain evaluations, and on-
device experiments, demonstrate that QuaNAG
achieves 8.93% average accuracy improvement
with several minutes generation time, satisfy-
ing all deployment requirements. Our code and
model are available at https://github.com/
pyq623/QuaNAG.

1 Introduction

Human Activity Recognition (HAR) systems are
increasingly deployed across heterogeneous wear-
able and edge devices with diverse sensing config-
urations (Serpush et al., 2022; Jalal et al., 2014;
Ranasinghe et al., 2016; Haresamudram et al.,

*Corresponding authors.

2025; Zhou et al., 2024). In practical HAR ap-
plications, models often need to be rapidly cus-
tomized for different deployment scenarios and
devices while simultaneously satisfying strict mem-
ory constraints and maintaining high recognition
accuracy (Miao et al., 2024; Hong et al., 2024).
However, manually designing such architectures
for each dynamic deployment setting is costly and
requires substantial expert effort. Neural Architec-
ture Search (NAS) provides a natural solution by
automatically discovering high-performance archi-
tectures under deployment constraints. Incorporat-
ing quantization further expands the feasible search
space, enabling NAS to consider larger architec-
tures that become deployable after quantization and
may outperform smaller unquantized models (Peng
et al., 2026).

Existing NAS approaches can be broadly di-
vided into traditional methods and Large Language
Model (LLM)-based methods. Traditional NAS
methods, including RL-based NAS, DARTS, and
OFA (Zoph and Le, 2017; Liu et al., 2019; Cai
et al., 2020), can discover strong architectures
but typically require several GPU days of search.
Recently, LLM-based NAS methods have signifi-
cantly reduced search time through either prompt
engineering or fine-tuning. Prompt-engineering
approaches (Chen et al., 2023; Zhou et al., 2025;
Sun et al., 2025; El Zeinaty et al., 2025) iteratively
generate architectures through retries and feedback,
which typically requires hours of search. More-
over, during this iterative process, they frequently
fail to satisfy memory constraints due to limited
prior knowledge of architecture-memory relation-
ships, making them less suitable for rapidly cus-
tomized HAR deployment. Figure 1 shows that
prompt-engineering methods exhibit intermediate
candidate failure rates of up to 83.5% and 47.1%
in search spaces without and with quantization, re-
spectively.

In contrast, fine-tuning approaches, such as LM-
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Figure 1: The intermediate candidate failure rates of prompt engineering approaches in the search space with
quantization and without quantization across different memory constraint and datasets. All methods are executed
1,500 iterations to collect the final statistics.

Searcher (Hu et al., 2025), directly generate ar-
chitectures in one shot within minutes, forming a
fundamentally different paradigm: Neural Archi-
tecture Generation (NAG). NAG enables rapid ar-
chitecture customization for edge HAR deployment
under strict memory constraints. However, existing
NAG methods struggle to achieve high-accuracy
architectures with memory budgets in quantization
search spaces, where quantization can enlarge the
feasible search space by at least 6000 times (ana-
lyzed in Section C) and introduce complex accu-
racy degradation.

Therefore, we propose QuaNAG, a memory-
bounded Neural Architecture Generation frame-
work that jointly pursues fast generation and high
accuracy. Our key insight is that quantization
should not be treated as an ordinary architecture
attribute. Existing LLM-based methods typically
treat it in the same way as other architectural
choices. However, unlike architectural choices
such as convolution type, kernel size, depth, or
others, quantization can reduce the accuracy of
a high-performing model by over 20%, turn an
originally over-budget model into a deployable
one, and expand the feasible search space by thou-
sands of times. Based on this insight, QuaNAG
elevates quantization into branch-level search deci-
sions, while keeping ordinary architectural choices
as node-level decisions. It then transfers the result-
ing quantization-aware search knowledge into an
LLM by curriculum learning for fast architecture
generation. Achieving this goal requires overcom-
ing two challenges.

First, incorporating quantization significantly
enlarges the search space and complicates the
memory-accuracy trade-off. Different quantization
strategies may preserve accuracy for some architec-
tures but severely degrade performance for others.
To address this, we design a quantization-branched

Monte Carlo Tree Search (MCTS) algorithm that
explicitly models quantization modes as macro-
level search branches. By performing branch-aware
exploration and backpropagation, QuaNAG sepa-
rates quantization-specific search statistics from
ordinary architectural choices, enabling more ef-
fective exploration and exploitation of quantized
architecture spaces.

Second, NAG methods often struggle to achieve
accuracy comparable to prompt-engineering ap-
proaches, because one-shot generation lacks itera-
tive feedback and refinement. Worse still, they may
generate architectures that violate memory con-
straints. To address this, we propose a constraint-
to-quality curriculum pipeline that progressively
teaches the LLM from constraint understanding to
full architecture generation and final quality opti-
mization.

We evaluate QuaNAG on five HAR benchmarks
(Banos et al., 2014; Kong et al., 2019; Bruno
et al., 2013; Zhang and Sawchuk, 2012; Chen
et al., 2015). QuaNAG achieves average accuracy
improvements of 9.11% and 8.93% in in-domain
and out-of-domain memory settings, respectively,
while reducing generation time by over 40×. In
addition, quantization-branched MCTS improves
search performance by up to 11.16% over prompt-
engineering baselines (theoretical analysis in Sec-
tion B), and on-device experiments demonstrate
deployment efficiency and practical feasibility.

Our main contributions are summarized as fol-
lows: (1) We design a quantization-branched
MCTS algorithm that elevates quantization into
macro-level search branches, enabling more ef-
fective constrained exploration and exploitation of
quantization-aware search knowledge. (2) We de-
velop a constraint-to-quality curriculum pipeline
that transfers constraint and architecture knowledge
into an LLM, enabling one-shot architecture gen-
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Figure 2: Overview of QuaNAG framework. The left panel shows quantization-branched MCTS (Section 4) for
search knowledge acquisition, the middle panel shows constraint-to-quality curriculum (Section 5) for progressive
LLM training, and the right panel shows deployment-oriented architecture generation for heterogeneous wearable
devices under different memory budgets.

eration under memory constraints. (3) Extensive
experiments on five HAR benchmarks demonstrate
that QuaNAG achieves superior accuracy, genera-
tion efficiency, and memory compliance.

2 Related Work

2.1 Traditional NAS

Traditional NAS methods, including reinforcement
learning-based NAS (Zoph and Le, 2017), differen-
tiable NAS (Liu et al., 2019), and weight-sharing
approaches such as OFA (Cai et al., 2020), have
demonstrated strong performance in automated ar-
chitecture design. However, these methods typi-
cally require expensive iterative search procedures
and do not explicitly address memory-constrained
architecture generation in quantization-expanded
search spaces.

2.2 LLM-based NAS

Existing LLM-based NAS methods can be broadly
divided into prompt-engineering approaches and
fine-tuning approaches (Zheng et al., 2023; Nasir
et al., 2024; Hu et al., 2025).

Prompt-engineering methods, including Evo-
Prompting, LAPT, AutoIoT, LLM-TinyML, and
RZ-NAS (Chen et al., 2023; Zhou et al., 2025;
Shen et al., 2025; El Zeinaty et al., 2025; Sun et al.,
2025), iteratively generate architectures through

prompting, retries, and feedback mechanisms. Al-
though these approaches reduce search cost com-
pared with traditional NAS and can incorporate
memory constraints, they still require iterative
search and often suffer from generation failures
under memory constraints.

Fine-tuning approaches attempt to internalize
architectural knowledge into LLMs for direct ar-
chitecture generation. The recent LM-Searcher
(Hu et al., 2025) demonstrates the potential of
this paradigm through ranking-based reasoning
over encoded architectures. However, existing
fine-tuning methods still rely on search-based pro-
cedures and do not address quantization-aware
memory-constrained generation.

3 Overview

The core idea of QuaNAG is to first acquire
structured search knowledge through quantization-
aware exploration, and then transfer this knowl-
edge into an LLM for accurate one-shot archi-
tecture generation. To this end, QuaNAG con-
sists of two coupled components: (1) quantization-
branched MCTS, which organizes quantization
modes as macro-level search branches to explore
the memory-accuracy trade-off in enlarged search
spaces; and (2) a constraint-to-quality curriculum,
which converts the collected search knowledge into
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progressive training signals that guide the LLM
from constraint satisfaction to high-quality model
generation.

Specifically, Figure 2 shows the search-to-
generation process of QuaNAG. Quantization-
branched MCTS first explores quantized archi-
tecture spaces through macro-branch exploration,
generation, and backpropagation. The resulting
search knowledge is then converted into curricu-
lum datasets for progressive LLM training. Af-
ter this transfer, the final LLM directly generates
memory-compliant and high-quality architectures
for heterogeneous wearable devices without itera-
tive search.

4 Quantization-Branched MCTS

4.1 Problem Formulation

We consider memory-bounded neural architecture
generation in a quantization-expanded search space.
Let S denote the architecture search space, where
each configuration θ ∈ S contains both architec-
tural attributes and a quantization mode q ∈ Q =
{none, static, qat, qaft} (Jacob et al., 2018; Nagel
et al., 2021; Jeon et al., 2025) (The detailed quanti-
zation mode is shown in Section F.1). The objective
is to identify the optimal architecture under a mem-
ory constraint Mmax:

θ∗ = argmax
θ∈S

R(θ,D) s.t. M(θ) ≤Mmax,

(1)
where R(θ,D) denotes the model accuracy on
dataset D and M(θ) represents the peak memory
usage.

In this quantization-expanded setting, directly
flattening q into ordinary architectural attributes en-
tangles quantization effects with node-level choices.
We therefore model quantization as a branch-level
search structure.

4.2 Macro-Branch Exploration

As illustrated in Figure 3, we propose a
quantization-branched MCTS that elevates quan-
tization into macro branches. Specifically, each
quantization mode q ∈ Q corresponds to a macro
branch Bq, which is visualized using different col-
ors in Figure 3. All child nodes under the same
branch share the corresponding quantization mode,
and a macro branch may connect to either one
or multiple child nodes. For example, root 1’s
Bnone has one none-quantized child node, whereas
its BQAFT has two QAFT-quantized child nodes.

Unlike standard MCTS, which have no explicit
branches and only use edges to connect nodes,
prior quantization-aware searches typically encode
quantization as a node-level attribute together with
convolution type, width, or depth.

As a result, the traversal process differs from
standard MCTS. Instead of directly selecting the
next child node, QuaNAG first selects a quanti-
zation branch and then traverses to child nodes
associated with that branch. In the illustrated ex-
ample, root node 1 first selects Bnone to reach node
2. Node 2 then selects Bstatic and further chooses
node i among nodes i, j, k. Since node i is a leaf
node, the traversal selects BQAFT to generate a
new child node.

To implement this macro-branch decision, we
adopt a branch-selection strategy based on Upper
Confidence Bound applied to Trees (UCT):

B∗q = argmax
q∈Q

⎛
⎜⎝Q

Bq
n + c ·

⌜⃓
⎷⃓ ln

∑︁
q′∈Q v

Bq′
n

v
Bq
n

⎞
⎟⎠ ,

(2)
where Q

Bq
n is the Q-value of node n in macro

branch Bq, vBq
n is the visit count of node n in macro

branch Bq, and c is the exploration weight. The
numerator in the square root represents the total
visits across all branches at node n.

This design explicitly separates exploration
across different quantization modes, enabling the
search process to better capture the heterogeneous
memory-accuracy characteristics introduced by
quantization.

The complete exploration process additionally
includes root selection and node selection proce-
dures, and the detailed formulations and traversal
strategies are provided in Appendix F.2.

4.3 Generation and Evaluation

After reaching a leaf node or a maximum depth
randomly sampled from a predefined range (de-
tailed in Appendix F.2.3), we prompt the LLM to
generate candidate architectures conditioned on the
current search trajectory, memory constraints, the
parent node and the selected macro branch.

During exploration, each search step is recorded
as a triplet (nt,Bqt , nt+1), where nt denotes the
current node, Bqt denotes the selected quantization
branch, and nt+1 denotes the selected child node.
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Figure 3: Overview of quantization-branched MCTS. The algorithm comprises three parts: (1) Macro-branch
exploration: performs root selection, branch selection, and node selection. (2) Generation and Evaluation: generates
a new node and then evaluates it. (3) Backpropagation: updates the entire trajectory.

The complete search trajectory is represented as:

τ = [(n0,Bq0 , n1), (n1,Bq1 , n2), . . . ,

(nT−2,BqT−2 , nT−1), (nT−1,BqT−1 , nT )].
(3)

The trajectory records both architecture transi-
tions and quantization-aware exploration decisions,
serving as the foundation for subsequent generation
and backpropagation.

Each generated architecture is then trained and
evaluated under its corresponding quantization
mode. The evaluation result R(θ,D) is used as
the reward for subsequent backpropagation.

4.4 Branch-aware Backpropagation

After evaluation, the reward is propagated back-
ward through the search trajectory to update branch
statistics. For each node-branch pair, we update the
branch Q-value using:

Q
Bqt
nt ← (1−αt)Q

Bqt
nt +αt·max

(︃
Q

Bqt
nt ,max

q′∈Q
Q

Bq′
nt+1

)︃
,

(4)
where αt is an adaptive update rate, QBqt

nt denotes
the branch Q-value of node nt under quantiza-
tion branch Bqt , and maxq′∈QQ

Bq′
nt+1 represents the

maximum branch Q-value among all quantization
branches of the child node nt+1. This branch-aware
update propagates the best quantization-aware ex-
ploration knowledge backward through the trajec-
tory.

As mentioned in Section 4.2, the proposed
branch-aware propagation explicitly maintains
quantization-level statistics, allowing the search

process to accumulate exploration knowledge
across different quantization modes. This mecha-
nism improves constrained exploration efficiency
and produces search trajectories that explicitly en-
code the relationships among memory constraints,
quantization strategies, and architecture quality for
subsequent LLM adaptation.

The complete backpropagation procedure addi-
tionally includes node-level updates, detailed re-
ward propagation, and node statistics maintenance,
which are provided in Appendix F.4. We also pro-
vide a theoretical analysis of the proposed algo-
rithm in Appendix B.

5 Constraint-to-Quality Curriculum

The goal of LLM adaptation is to transfer the search
knowledge collected by quantization-branched
MCTS into an LM, enabling one-shot generation
of architectures that satisfy memory constraints.
Instead of directly training the LLM for end-to-
end generation, we adopt a constraint-to-quality
curriculum strategy that progressively decomposes
memory-bounded neural architecture generation
into multiple capability-learning stages.

5.1 Dataset Construction
Using the results collected during quantization-
branched MCTS, we construct four complementary
datasets, as illustrated in Figure 8 (Appendix G.1).

The validity dataset teaches the LLM to iden-
tify invalid architectures and satisfy memory con-
straints. The improvement dataset shows architec-
ture refinement from parent-child trajectory pairs.
The generation dataset trains the LLM to directly
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In-domain Out-of-domain

Mhealth MMAct Wharf Mhealth MMAct Wharf

Constraint 12MB 15MB 20MB 3MB 5MB 8MB 3MB 5MB 8MB 10MB 13MB 18MB 2MB 4MB 7MB 2MB 4MB 7MB

QuaNAG (Ours)
Top10@best 98.75% 99.59% 99.39% 65.33% 66.50% 66.67% 69.85% 72.73% 74.24% 97.39% 99.18% 99.19% 62.89% 64.85% 66.01% 64.24% 72.27% 73.64%
Mode static static static none none none static static none static static static qaft none none static static static
Time 5.86m 6.02m 7.14m 10.21m 9.10m 8.23m 7.04m 7.21m 5.50m 8.30m 6.93m 6.35m 13.10m 10.30m 8.00m 11.51m 8.12m 7.52m

LM-Searcher [EMNLP’25 Main] (Hu et al., 2025)
Top30@best 96.76% 97.78% 97.17% 56.41% 56.41% 61.00% 66.37% 66.82% 68.18% Failed 97.17% 97.17% Failed 56.41% 60.15% 62.58% 65.76% 68.18%
Mode static static static static static static static static static Failed static static Failed static static static static static
Time 7.63m 7.78m 9.63m 23.02m 18.43m 17.91m 20.80m 19.64m 22.12m 10.29m 9.94m 8.76m 22.32m 21.68m 17.33m 33.59m 17.71m 38.82m

RZ-NAS(quant) [ICML’25] (Sun et al., 2025)
Accuracy 95.12% 96.34% 98.51% 58.87% 62.50% 62.03% 62.27% 68.64% 69.77% 94.51% 95.73% 98.39% 59.46% 60.63% 61.16% 61.36% 64.10% 66.27%
Mode static none qat qaft static qaft static static static static qat static static qaft static qaft static qaft
Time 5.16h 4.74h 4.72h 6.16h 6.52h 6.40h 5.03h 5.28h 4.89h 5.42h 5.21h 5.22h 5.61h 5.48h 5.24h 5.01h 4.94h 4.68h

RZ-NAS(none) [ICML’25] (Sun et al., 2025)
Accuracy 96.95% 96.95% 97.34% 59.35% 62.13% 62.66% 57.05% 66.14% 67.73% 95.12% 96.00% 98.95% 57.91% 62.45% 63.30% 60.45% 60.00% 67.27%
Mode none none none none none none none none none none none none none none none none none none
Time 5.78h 4.80h 5.35h 6.76h 6.70h 6.64h 5.41h 5.38h 5.30h 5.49h 5.59h 5.63h 6.03h 5.65h 5.56h 6.03h 5.05h 4.80h

LLM-TinyML(quant) [arXiv’25] (El Zeinaty et al., 2025)
Accuracy 86.15% 88.54% 90.41% 57.59% 58.97% 58.66% 65.45% 64.09% 64.18% 79.56% 89.02% 90.24% 59.71% 59.44% 60.95% 50.00% 65.64% 63.18%
Mode static static qat static static static static static static qat qat qat static static static static static static
Time 7.09h 5.81h 5.72h 8.53h 8.79h 8.67h 7.81h 8.69h 7.72h 6.13h 7.24h 7.14h 7.42h 8.62h 8.83h 7.20h 7.41h 7.49h

LLM-TinyML(none) [arXiv’25](El Zeinaty et al., 2025)
Accuracy 93.90% 96.34% 98.17% 63.14% 63.89% 64.48% 69.36% 70.73% 72.64% 92.68% 96.34% 99.07% 59.21% 61.81% 64.53% 62.96% 65.45% 72.73%
Mode none none none none none none none none none none none none none none none none none none
Time 5.72h 6.09h 6.02h 8.25h 9.06h 9.50h 7.53h 7.82h 6.95h 6.59h 6.73h 6.72h 7.97h 8.88h 9.34h 7.24h 7.37h 7.44h

Note: In the Time row, ‘h’ represents hours and ‘m’ represents minutes.
Table 1: In-domain and out-of-domain comparison on representative benchmarks under different memory constraints.

map target requirements into complete architec-
ture configurations, while the comparison dataset
supports preference learning between architectures
with different memory and accuracy characteristics.
Details of all datasets are in Appendix G.1.

Together, these datasets progressively teach the
LLM constraint understanding, architecture refine-
ment, direct generation, and preference judgment.

5.2 LLM Adaptation

Based on the progressive datasets, we employ a
two-phase LLM adaptation strategy to transfer the
search knowledge into the LM.

Phase 1: Progressive SFT Pipeline. We se-
quentially fine-tune the LLM on the validity, im-
provement, and generation datasets. This progres-
sive strategy first establishes memory-aware con-
straint understanding, then teaches architecture re-
finement, and finally enables direct architecture
generation.

Phase 2: Reward Preference Optimization
(RPO). After SFT pipeline, we further refine the
LLM through preference learning based on Direct
Preference Optimization (DPO). The goal is to im-
prove the model’s ability to judge architecture qual-
ity under memory constraints.

We first define a memory-aware reward func-
tion:

R(θ) =

{︄
Acc(θ), if mem(θ) ≤Mmax

0, otherwise
, (5)

where Acc(θ) and mem(θ) denote the accuracy
and memory consumption of architecture θ.

Using this reward, we construct preference pairs
and further fine-tune the LLM with DPO. Details
of training procedures, and optimization objectives
are provided in Appendix G.2.

6 Evaluation

6.1 Experimental Setup

Implementation. All experiments are con-
ducted on a workstation equipped with 4 NVIDIA
GeForce RTX 4090 GPUs, dual Intel Xeon Gold
6430 processors, Ubuntu, and CUDA 12.8. Qua-
NAG uses LLaMA-3.1-8B as the backbone LLM
and adapts it with LoRA-based fine-tuning.

Baselines. We compare QuaNAG against two
prompt-engineering methods and one fine-tuning
method, including RZ-NAS (Sun et al., 2025),
LLM-TinyML (El Zeinaty et al., 2025), and LM-
Searcher (Hu et al., 2025). For prompt-engineering
baselines, we evaluate both quantized and non-
quantized search spaces.

Benchmarks. We evaluate on five HAR bench-
marks: Mhealth, MMAct, Wharf, USCHAD, and
UTD-MHAD (Banos et al., 2014; Kong et al., 2019;
Bruno et al., 2013; Zhang and Sawchuk, 2012;
Chen et al., 2015). These datasets cover diverse
sensing positions, activity categories, and memory
budgets.

Metrics. We report accuracy and genera-
tion/search time. For fine-tuning approaches, we
report the best result among multiple generated
candidates (topk@best), and the adaptation cost is
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LM-Searcher RZ-NAS(q) RZ-NAS(n)
LLM-TinyML(q)

LLM-TinyML(n)

In

Out

10.55% 10.85% 5.24% 16.63% 2.29%

10.39% 10.50% 4.36% 16.78% 2.60%

Accuracy Improvement (%)

LM-Searcher RZ-NAS(q) RZ-NAS(n)
LLM-TinyML(q)

LLM-TinyML(n)

2.88× 40.68× 51.47× 71.44× 68.70×

2.91× 41.77× 44.30× 61.95× 60.16×

Time Speedup (×)

0 10 20 30 40
Average

0

1

9.11%
47.03×

8.93%
42.22×

Acc (%) Time (×)

0

5

10

15

0

25

50

75

Figure 4: Performance improvements of QuaNAG over baselines in both in-domain and out-of-domain settings.

Our Search Method Best Search Baseline Dataset Memory QuaNAG w/o RPO w/o SFT

Acc Mode Time Method Acc Mode Time Acc Mode Time Acc Mode Time Acc Mode Time

98.78 none 2.95 RZ-NAS(none) 96.95 none 5.78
Mhealth

12MB 98.75 static 352 94.92 static 474 89.63 static 424
100.00 static 2.46 RZ-NAS(none) 96.95 none 4.80 15MB 99.59 static 361 98.58 static 461 94.10 static 342
100.00 static 4.01 RZ-NAS(quant) 98.51 qat 4.72 20MB 99.39 static 428 99.39 static 668 96.34 static 330

65.33 static 4.01 LLM-TinyML(none) 63.14 none 8.26
MMAct

3MB 65.33 none 614 65.05 none 878 61.06 none 1696
66.08 none 4.01 LLM-TinyML(none) 63.89 none 9.06 5MB 66.50 none 545 65.92 none 585 63.83 none 1057
70.03 none 4.01 LLM-TinyML(none) 64.48 none 9.51 8MB 66.67 none 492 66.46 none 578 64.44 none 752

79.09 static 4.02 LLM-TinyML(none) 69.36 none 7.54
Wharf

3MB 69.85 static 419 67.57 qaft 418 65.76 static 589
77.73 none 4.01 LLM-TinyML(none) 70.73 none 7.82 5MB 72.73 static 431 73.39 qaft 464 74.36 static 536
80.91 none 4.01 LLM-TinyML(none) 72.64 none 6.95 8MB 74.24 none 333 69.31 none 517 72.57 none 350

Table 2: Search evaluation and ablation study on three representative benchmarks. Left: quantization-branched
MCTS versus the best prompt-engineering search baseline under each setting. Right: ablation study of the constraint-
to-quality curriculum.
reported in Appendix H.5. For prompt-engineering
methods, the reported time includes the iterative
search process.

Memory calibration. M(θ) is a tensor-based
estimate derived from parameter and intermediate
activation tensors and is therefore platform inde-
pendent for a fixed architecture, input size, and
numerical precision. Before search and deploy-
ment, we calibrate this estimate to measured device
peak memory using a small pilot set. The high
correlations and low calibration errors observed on
two hardware platforms support the cross-platform
applicability of this memory model; detailed results
are provided in Appendix E.

6.2 Main Results

Table 1 reports the in-domain and out-of-domain
results on three representative benchmarks, while
the complete results on all five benchmarks are pro-
vided in Appendix A.2 and A.3. Here, in-domain
denotes evaluation under memory constraints used
during training, while out-of-domain denotes evalu-
ation under unseen memory constraints on the same
benchmarks, testing whether the model generalizes
beyond memorized training budgets.

Overall, QuaNAG consistently achieves the best
performance across both in-domain and out-of-
domain settings. For a conservative comparison
with the fine-tuning baseline LM-Searcher, we
report LM-Searcher with top30@best while us-
ing only top10@best for QuaNAG, giving LM-
Searcher more generation attempts and no less
total generation time. Even under this favorable

setting, QuaNAG still outperforms LM-Searcher
by +10.55% and +10.39% accuracy in in-domain
and out-of-domain settings, respectively, while be-
ing faster. More importantly, in the out-of-domain
setting, LM-Searcher fails to generate valid archi-
tectures for 2 out of 15 unseen constraints, whereas
QuaNAG successfully generates valid architectures
across all configurations. This suggests that Qua-
NAG better generalizes to unseen memory budgets
rather than merely memorizing training constraints.

Compared with prompt-engineering baselines,
QuaNAG also achieves substantial accuracy and ef-
ficiency gains. In the in-domain setting, QuaNAG
improves accuracy by +10.85%, +5.24%, +16.63%,
and +2.29% over RZ-NAS(quant), RZ-NAS(none),
LLM-TinyML(quant), and LLM-TinyML(none),
respectively, while achieving 40-71× speedup. In
the out-of-domain setting, QuaNAG obtains cor-
responding accuracy gains of +10.50%, +4.36%,
+16.78%, and +2.60%, with 42-62× speedup.
These results show that QuaNAG provides both
higher generation quality and substantially better
efficiency under memory constraints.

A notable observation is that prompt-engineering
approaches often perform worse after incorporating
quantization. For example, both RZ-NAS(quant)
and LLM-TinyML(quant) generally underperform
their non-quantized variants across benchmarks.
This indicates that ordinary NAS pipelines struggle
to effectively balance memory reduction and accu-
racy preservation in such a quantization-expanded
search space. Additionally, Figure 4 summarizes
the average gains and improvements across accu-
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racy and efficiency of QuaNAG over all baselines.
Beyond the primary comparisons with LLM-

based methods on HAR, we conduct two addi-
tional evaluations: a comparison with a conven-
tional non-LLM quantization-aware NAS method
(Appendix A.7), and a cross-domain comparison
with the baselines on CIFAR-10 (Appendix A.8).
QuaNAG outperforms the corresponding baselines
in both, demonstrating advantages over conven-
tional NAS and preliminary generalization beyond
HAR.

6.3 Search Evaluation
To evaluate the contribution of the search mod-
ule, we compare quantization-branched MCTS
(QB-MCTS) with the strongest prompt-engineering
search baseline under each benchmark and mem-
ory constraint. As shown in the left part of Table 2
(complete results in Table 7), our search consis-
tently achieves higher accuracy than the best base-
line, with improvements of up to 11.16%, while
requiring less search time. These results demon-
strate the effectiveness and efficiency of QB-MCTS
for searching quantization-expanded architecture
spaces under memory constraints.

To further examine how explicit quantization
macro branches affect search behavior, we compare
quantization-branched MCTS with a controlled
Vanilla MCTS variant. Vanilla MCTS uses the
same search space, backbone LLM, candidate-
evaluation pipeline, and search budget as QB-
MCTS, but treats quantization as an ordinary candi-
date attribute during generation and tree expan-
sion. We measure four complementary quanti-
ties: Hquant, the normalized entropy of visits
across quantization modes; Pcross, the fraction of
parent–child transitions that change quantization
mode; Darch, the average normalized structural
distance among evaluated architectures after ex-
cluding quantization mode; and N95, the number
of evaluations required to reach 95% of a common
reference best accuracy.

Table 3 shows that QB-MCTS improves all three
exploration metrics in every setting. On average,
Hquant increases from 0.494 to 0.964, Pcross from
0.120 to 0.722, and Darch from 0.348 to 0.405,
while N95 decreases from 41.6 to 20.4. Com-
plete results in Appendix D further show higher
AUC and best feasible accuracy R∗ in every set-
ting. These empirical findings help explain why
QB-MCTS outperforms Vanilla MCTS: explicit
quantization macro branches enable broader explo-
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Figure 5: Comparison of generation successful rates
across ablation variants and baselines. Boxes show the
IQR, dashed lines denote means, and solid lines denote
medians.

ration and faster discovery of high-quality feasible
architectures.

6.4 Ablation Study

After validating quantization-branched MCTS in
the search evaluation, we fix the search-generated
data and ablate the components of the constraint-
to-quality curriculum to avoid conflating search
quality with curriculum learning. Specifically, w/o
RPO removes reward preference optimization, and
w/o SFT Pipeline removes the first two stages of
the progressive SFT pipeline and retains only the
generation stage. As shown in the right part of
Table 2 (complete results in Table 8), QuaNAG
outperforms w/o RPO and w/o SFT Pipeline by
1.53% and 2.99% in accuracy, respectively, while
reducing generation time by 20.40% and 15.49%.
These results confirm that both progressive SFT
and reward preference optimization contribute to
accurate and efficient memory-aware generation.

Figure 5 further compares generation success-
ful rates, defined as the proportion of generated
architectures satisfying all constraints. QuaNAG
improves successful rates over w/o RPO and w/o
SFT Pipeline by 6.2% and 15.0%, respectively, and
surpasses LM-Searcher by 18.8% and 17.1% in
in-domain and out-of-domain settings. These re-
sults show that the constraint-to-quality curriculum
improves memory-constraint understanding rather
than merely optimizing accuracy.

Complementing the curriculum ablations above,
we isolate the contribution of the search method by
replacing QB-MCTS with Vanilla MCTS, which re-
moves explicit quantization macro branches, while
keeping all other search and adaptation settings
unchanged. As shown in Table 3, this replace-
ment reduces the average generated accuracy from
74.80% to 70.08% (−4.72 points), showing that
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Benchmark Budget Generation Efficiency Exploration Dynamics

Accuracy (%) ∆ N95 ↓ Hquant ↑ Pcross ↑ Darch ↑

Mhealth 15 MB 99.59 / 96.02 +3.57 14 / 30 0.990 / 0.078 0.650 / 0.020 0.451 / 0.418

MMAct 3 MB 65.33 / 60.25 +5.08 14 / 49 0.983 / 0.730 0.711 / 0.130 0.381 / 0.303
5 MB 66.50 / 62.53 +3.97 32 / 58 0.941 / 0.497 0.720 / 0.030 0.349 / 0.304

Wharf 3 MB 69.85 / 62.27 +7.58 25 / 38 0.939 / 0.397 0.820 / 0.170 0.454 / 0.404
5 MB 72.73 / 69.35 +3.38 17 / 33 0.967 / 0.769 0.710 / 0.250 0.392 / 0.312

Average – 74.80 / 70.08 +4.72 20.4 / 41.6 0.964 / 0.494 0.722 / 0.120 0.405 / 0.348

Table 3: Search-knowledge ablation and exploration dynamics under identical search and adaptation settings. Except
for ∆, paired entries report QB-MCTS / Vanilla MCTS; bold values correspond to QB-MCTS. Complete results,
including R∗ and AUC, are provided in Appendix D.

Scenario Benchmark Constraints Method End-to-End Pipeline Model Inference
Latency Accuracy Acc

Gap
Request Generation Transfer Total Size Mode Server

Exercise
Monitoring MMAct 8MB

500ms
QuaNAG 28ms 7.9min 0.13s 8.0min 4.04MB none 66.77% 474ms 66.77% 0.00%
LM-Searcher 28ms 18.1min 0.87s 18.2min 2.57MB static 60.52% 845ms 60.58% +0.06%

Industrial
Operation Wharf 10MB

150ms
QuaNAG 29ms 5.1min 0.32s 5.4min 7.71MB none 76.36% 4.92ms 76.36% 0.00%
LM-Searcher 29ms 15.3min 0.43s 15.8min 3.23MB static 68.64% 75ms 69.55% +0.91%

Health
Tracking Mhealth 12MB

50ms
QuaNAG 27ms 7.1min 0.10s 7.2min 8.23MB static 98.78% 23ms 99.39% +0.61%
LM-Searcher 27ms 11.0min 0.22s 11.2min 11.24MB static 96.34% 66ms 96.34% 0.00%

Table 4: Representative edge deployment comparison on Jetson devices across different HAR scenarios. Acc Gap is
device-server accuracy difference.

QB-MCTS trajectories provide stronger supervi-
sion beyond the effect of the shared curriculum.

6.5 Edge Deployment Study

We further evaluate QuaNAG on NVIDIA Jetson
devices under three representative HAR deploy-
ment scenarios with different memory and latency
requirements. Table 4 reports representative results
for one setting from each scenario, while detailed
deployment configurations and complete results are
provided in Appendix A.6.

Table 4 shows that QuaNAG achieves faster end-
to-end deployment, higher device accuracy, and
better latency compliance than LM-Searcher across
three representative scenarios. QuaNAG reduces
total deployment time from 18.2min to 8.0min,
15.8min to 5.4min, and 11.2min to 7.2min on
MMAct, Wharf, and Mhealth, respectively, while
improving device accuracy by 6.19%, 6.81%, and
3.05%. It also satisfies all latency constraints,
whereas LM-Searcher violates the MMAct and
Mhealth requirements.

7 Conclusions

We study memory-bounded NAG for HAR deploy-
ment on heterogeneous wearable and edge devices,
where architectures must be rapidly customized
under diverse sensing scenarios and memory bud-
gets. We propose QuaNAG, a search-to-generation
framework that uses quantization-branched MCTS
to acquire quantization-aware search knowledge

and a constraint-to-quality curriculum to transfer
such knowledge into an LLM for one-shot archi-
tecture generation. Extensive experiments show
that QuaNAG improves accuracy, generation effi-
ciency, and real-device deployment performance
across both in-domain and out-of-domain settings.

Limitations

QuaNAG is evaluated mainly on HAR, with pre-
liminary cross-domain evidence from CIFAR-10.
Its effectiveness in other long-context domains,
such as multi-turn dialogue and interactive lan-
guage tasks, remains untested. For such larger-
scale tasks, collecting and evaluating sufficiently
diverse search trajectories to cover high-quality,
constraint-satisfying architectures may incur sub-
stantial computational cost. Future work will eval-
uate QuaNAG on broader domains and larger-scale
tasks, while further exploring and improving its
scalability and transferability.
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A Detailed Evaluation

A.1 Detailed Setup

A.1.1 Baselines
Our experimental baselines consist of five methods,
four of which are prompt engineering approaches
and one is a fine-tuning apporaches. The prompt en-
gineering approaches: RZ-NAS(quant) (ICML’25),
RZ-NAS(none) (ICML’25), LLM-TinyML(quant)
(arXiv’25), and LLM-TinyML(none) (arXiv’25).
The fine-tuning approach is represented by LM-
Searcher (EMNLP’25 Main). RZ-NAS (quant) de-
notes RZ-NAS operating on a search space with
quantization, while RZ-NAS (none) represents RZ-
NAS operating on a search space without quantiza-
tion. The same notation applies to LLM-TinyML
(quant) and LLM-TinyML (none). As for LM-
Searcher, it operates on a search space with quan-
tization, identical to QuaNAG. For RZ-NAS and
LLM-TinyML, we follow the hyperparameter set-
tings from their original papers, such as 1,500
search iterations for RZ-NAS and 500 for LLM-
TinyML. For LM-Searcher, the number of gener-
ated models used for training is 6-9 times larger
than ours, as we use 3,000-4,500 models generated
by quantization-branched MCTS per benchmark
while it uses 27,000-300,000 models.
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Mhealth MMAct Wharf USCHAD UTD-MHAD

Constraint 12MB 15MB 20MB 3MB 5MB 8MB 3MB 5MB 8MB 12MB 15MB 20MB 3MB 5MB 8MB

QuaNAG (Ours)
Top10@best 98.75% 99.59% 99.39% 65.33% 66.50% 66.67% 69.85% 72.73% 74.24% 75.41% 76.12% 75.84% 68.37% 73.02% 72.87%
Mode static static static none none none static static none none none none none none none
Time 5.86m 6.02m 7.14m 10.21m 9.10m 8.23m 7.04m 7.21m 5.50m 5.54m 5.52m 5.23m 5.61m 4.30m 4.24m

LM-Searcher(Hu et al., 2025)
Top30@best 96.76% 97.78% 97.17% 56.41% 56.41% 61.00% 66.37% 66.82% 68.18% 56.50% 56.50% 59.50% 48.84% 52.33% 55.81%
Mode static static static static static static static static static static static static static static static
Time 7.63m 7.78m 9.63m 23.02m 18.43m 17.91m 20.80m 19.64m 22.12m 29.73m 28.31m 25.20m 14.94m 18.12m 15.63m

RZ-NAS(quant)(Sun et al., 2025)
Accuracy 95.12% 96.34% 98.51% 58.87% 62.5% 62.03% 62.27% 68.64% 69.77% 52.87% 52.72% 56.84% 45.05% 55.35% 55.07%
Mode static none qat qaft static qaft static static static qaft qaft qaft qat qat qat
Time 5.16h 4.74h 4.72h 6.16h 6.52h 6.40h 5.03h 5.28h 4.89h 4.71h 4.79h 4.61h 5.15h 4.98h 4.92h

RZ-NAS(none)(Sun et al., 2025)
Accuracy 96.95% 96.95% 97.34% 59.35% 62.13% 62.66% 57.05% 66.14% 67.73% 70.80% 70.82% 73.73% 60.00% 63.72% 70.77%
Mode none none none none none none none none none none none none none none none
Time 5.78h 4.80h 5.35h 6.76h 6.70h 6.64h 5.41h 5.38h 5.30h 4.79h 4.96h 4.87h 5.46h 5.49h 5.31h

LLM-TinyML(quant)(El Zeinaty et al., 2025)
Accuracy 86.15% 88.54% 90.41% 57.59% 58.97% 58.66% 65.45% 64.09% 64.18% 52.44% 53.04% 52.97% 32.09% 38.60% 42.09%
Mode static static qat static static static static static static qat qat qat static qat qat
Time 7.09h 5.81h 5.72h 8.53h 8.79h 8.67h 7.81h 8.69h 7.72h 7.61h 7.86h 7.80h 7.32h 7.97h 7.80h

LLM-TinyML(none)(El Zeinaty et al., 2025)
Accuracy 93.90% 96.34% 98.17% 63.14% 63.89% 64.48% 69.36% 70.73% 72.64% 70.06% 71.74% 75.47% 67.44% 70.49% 72.42%
Mode none none none none none none none none none none none none none none none
Time 5.72h 6.09h 6.02h 8.25h 9.06h 9.50h 7.53h 7.82h 6.95h 9.01h 6.59h 6.81h 7.84h 7.21h 6.38h

Note: In the Time row, ’h’ represents hours and ’m’ represents minutes.
Table 5: In-domain comparison across benchmarks and methods under different memory constraints.

A.1.2 Benchmarks
QuaNAG is evaluated on five diverse and chal-
lenging HAR benchmarks spanning 12 to 35
activity classes across various body positions
(wrist, hip, chest, ankle, etc.) and applica-
tion scenarios: Mhealth (Banos et al., 2014),
MMAct(Kong et al., 2019), Wharf(Bruno et al.,
2013), USCHAD(Zhang and Sawchuk, 2012), and
UTD-MHAD(Chen et al., 2015). These bench-
marks feature varying data scales (from 569 to
7,843 samples) and sensor configurations (3-23
channels), demonstrating QuaNAG’s adaptability
to both data-scarce and data-rich scenarios while
covering activities from simple locomotion to com-
plex sports movements and occupational tasks.

A.1.3 Metrics
For all prompt engineering baselines, the evalu-
ation metrics are their accuracy and search time
after completing all iterations. For fine-tuning
approaches like LM-Searcher and QuaNAG, the
metrics are their accuracy and generation time af-
ter 30 runs and 10 runs, respectively. Given that
LM-Searcher’s generation time varies across bench-
marks, outpacing our method on some while lag-
ging on others, we adopt a conservative comparison
strategy to ensure fairness. We allow LM-Searcher
to generate 30 candidates and select the best one
(top30@best), guaranteeing it has more generation

time than our method, which generates only 10
candidates (top10@best).

A.2 In-Domain Experiment

During model training, we impose memory con-
straints of 12, 15, and 20 MB for Mhealth; 3, 5,
and 8 MB for MMAct; 3, 5, and 8 MB for Wharf;
12, 15, and 20 MB for USCHAD; and 3, 5, and
8 MB for UTD-MHAD. We define experiments
conducted on these benchmarks with their corre-
sponding training memory constraints as in-domain
experiments.

As shown in Table 5, QuaNAG demonstrates
strong performance across all benchmarks with
an average accuracy improvement of +9.11%
over all baseline methods. Our approach out-
performs the fine-tuning baseline LM-Searcher
by +10.55% while achieving 2.88× faster gen-
eration times (6.45 minutes vs. 18.59 min-
utes on average). Against prompt engineer-
ing baselines, QuaNAG shows substantial advan-
tages over quantization-enabled methods, with
improvements of +10.85% over RZ-NAS(quant)
and +16.63% over LLM-TinyML(quant), while re-
maining competitive with non-quantized variants
(+5.24% vs. RZ-NAS(none) and +2.29% vs. LLM-
TinyML(none)). Notably, QuaNAG achieves dra-
matic efficiency gains over prompt engineering ap-
proaches, being 40-71× faster (requiring only min-
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utes instead of hours), which makes our approach
significantly more practical for real-world deploy-
ment scenarios where rapid model generation is
essential.

A.3 Out-of-Domain Experiment
In contrast to in-domain experiments that use train-
ing memory constraints, out-of-domain experi-
ments assess generalization to unseen memory con-
straints. Specifically, we evaluate with memory
constraints of 10, 13, and 18 MB for Mhealth
and USCHAD, and 2, 4, and 7 MB for MMAct,
Wharf, and UTD-MHAD, none of which were used
during model training. Table 6 presents out-of-
domain results, evaluating generalization to un-
seen memory constraints. QuaNAG maintains
strong performance with an average accuracy im-
provement of +8.93% across all baselines, demon-
strating robust generalization beyond its training
distribution. Compared to LM-Searcher, Qua-
NAG achieves +10.39% higher accuracy while
being 2.91× faster (7.35 minutes vs. 21.38 min-
utes). Critically, LM-Searcher fails to generate
valid architectures for 2 out of 15 configurations
(Mhealth at 10 MB and MMAct at 2 MB), high-
lighting its inability to extrapolate to memory con-
straints outside its training range. In contrast, Qua-
NAG successfully generates valid models across
all configurations, demonstrating advantages of
+10.50% over RZ-NAS(quant), +4.36% over RZ-
NAS(none), +16.78% over LLM-TinyML(quant),
and +2.60% over LLM-TinyML(none). The effi-
ciency gains remain substantial, with QuaNAG be-
ing 41.77× faster than RZ-NAS(quant), 44.30×
faster than RZ-NAS(none), 61.95× faster than
LLM-TinyML(quant), and 60.16× faster than
LLM-TinyML(none). These results validate that
our memory-aware LLM fine-tuning enables gen-
uine understanding of architecture-memory rela-
tionships, allowing effective generalization to novel
memory constraints while maintaining dramatic
computational efficiency.

We visualize the statistical results of in-domain
and out-of-domain experiments in Figure 4 and at-
tribute these results to several key factors. First, our
quantization-branched MCTS effectively explores
the expanded search space with quantization, dis-
covering high-performance models that provide a
strong foundation for subsequent fine-tuning. This
is evidenced by the fact that all prompt engineering
approaches perform worse in the search space with
quantization compared to ones without quantiza-

tion, indicating that quantization improves search
complexity that conventional methods struggle to
handle. Even LM-Searcher, which uses signifi-
cantly more training data, fails to match QuaNAG’s
performance, further demonstrating the challenge
in quantization-aware search. Importantly, our best
models on benchmarks like Mhealth are quantized
models that outperform models from the search
space without quantization, revealing that appropri-
ate quantization can preserve or improve accuracy
while reducing memory, but only when guided by
a sophisticated search strategy.

Second, our constraint-to-quality curriculum ef-
fectively internalizes the mapping from architec-
ture configurations to memory constraints and ac-
curacy into the LLaMA model. QuaNAG’s substan-
tial improvements on USCHAD and UTD-MHAD
(exceeding +15% over baselines) demonstrate that
our training dataset construction and fine-tuning ap-
proach enable the model to genuinely understand
and solve memory-constrained architecture gener-
ation. More compelling evidence comes from the
out-of-domain experiments, where LM-Searcher
fails to generate valid architectures, unable to pro-
duce models under 10 MB for Mhealth and under
2 MB for MMAct. This reflects a fundamental
limitation: LM-Searcher mimics patterns without
truly understanding the memory-architecture rela-
tionship, whereas QuaNAG develops genuine rea-
soning capabilities through our fine-tuning strategy.

A.4 Search Evaluation
To better validate the effectiveness of our
quantization-branched MCTS, we compare it sepa-
rately against other prompt engineering approaches,
with results shown in Table 7. The results demon-
strate that our approach consistently outperforms
all prompt engineering baselines, achieving im-
provements of up to +11.16%. This directly vali-
dates the effectiveness of our algorithm.

Moreover, according to Table 7, in most cases,
search without quantization achieves better per-
formance among the four prompt engineering ap-
proaches. This further demonstrates that without
carefully designed algorithms to leverage quan-
tization, it is more likely to produce adverse ef-
fects. This also highlights the advantage of our
quantization-branched MCTS, as our algorithm
outperforms all baselines in the search space with
quantization, surpassing all the best results from
the search space without quantization. Beyond
experiments, we provide theoretical analysis of
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Mhealth MMAct Wharf USCHAD UTD-MHAD

Constraint 10MB 13MB 18MB 2MB 4MB 7MB 2MB 4MB 7MB 10MB 13MB 18MB 2MB 4MB 7MB

QuaNAG
Accuracy 97.39% 99.18% 99.19% 62.89% 64.85% 66.01% 64.24% 72.27% 73.64% 72.58% 73.66% 76.76% 66.36% 72.71% 73.49%
Mode static static static qaft none none static static static none none none none none none
Time 8.30m 6.93m 6.35m 13.10m 10.30m 8.00m 11.51m 8.12m 7.52m 5.23m 5.31m 5.42m 5.40m 4.64m 4.19m

LM-Searcher
Accuracy Failed 97.17% 97.17% Failed 56.41% 60.15% 62.58% 65.76% 68.18% 56.50% 56.58% 59.50% 48.84% 52.33% 58.64%
Mode Failed static static Failed static static static static static static static static static static none
Time 10.29m 9.94m 8.76m 22.32m 21.68m 17.33m 33.59m 17.71m 38.82m 32.01m 33.54m 26.91m 17.04m 14.88m 15.87m

RZ-NAS(quant)
Accuracy 94.51% 95.73% 98.39% 59.46% 60.63% 61.16% 61.36% 64.10% 66.27% 51.04% 51.49% 59.46% 45.12% 52.33% 56.74%
Mode static qat static static qaft static qaft static qaft qaft qat qat qat qat qaft
Time 5.42h 5.21h 5.22h 5.61h 5.48h 5.24h 5.01h 4.94h 4.68h 4.97h 4.78h 4.59h 5.35h 5.25h 5.06h

RZ-NAS(none)
Accuracy 95.12% 96.00% 98.95% 57.91% 62.45% 63.30% 60.45% 60.00% 67.27% 70.28% 70.65% 71.10% 57.67% 67.91% 70.81%
Mode none none none none none none none none none none none none none none none
Time 5.49h 5.59h 5.63h 6.03h 5.65h 5.56h 6.03h 5.05h 4.80h 5.49h 4.96h 4.76h 5.66h 5.58h 5.18h

LLM-TinyML(quant)
Accuracy 79.56% 89.02% 90.24% 59.71% 59.44% 60.95% 50.00% 65.64% 63.18% 51.85% 54.11% 57.59% 26.28% 36.74% 39.21%
Mode qat qat qat static static static static static static qat qat qat static qat qat
Time 6.13h 7.24h 7.14h 7.42h 8.62h 8.83h 7.20h 7.41h 7.49h 7.41h 7.48h 7.51h 7.58h 8.15h 8.29h

LLM-TinyML(none)
Accuracy 92.68% 96.34% 99.07% 59.21% 61.81% 64.53% 62.96% 65.45% 72.73% 69.37% 72.06% 73.30% 63.26% 71.49% 71.95%
Mode none none none none none none none none none none none none none none none
Time 6.59h 6.73h 6.72h 7.97h 8.88h 9.34h 7.24h 7.37h 7.44h 6.08h 6.79h 6.40h 7.95h 7.46h 7.65h

Note: In the Time row, ’h’ represents hours and ’m’ represents minutes.
Table 6: Out-of-domain comparison across benchmarks and methods under different memory constraints.

quantization-branched MCTS in Appendix B, prov-
ing its superior diversity and faster convergence.

A.5 Ablation Study

To validate the effectiveness of our constraint-to-
quality curriculum mechanism, we perform abla-
tion experiments. Our ablation variants include: (1)
w/o RPO, which removes reward preference opti-
mization, and (2) w/o SFT Pipeline, which removes
the first two stages of the progressive SFT pipeline
and retains only the generation stage. QuaNAG sur-
passes w/o RPO and w/o SFT Pipeline by 1.53%
and 2.99% in accuracy, respectively, while reduc-
ing generation time by 20.40% and 15.49%. These
findings support the effectiveness of our fine-tuning
mechanism.

In addition to the ablation experiment, we mea-
sure the generation successful rates of these two
ablation variants in in-domain experiments, as well
as the generation successful rates of QuaNAG and
LM-Searcher in both in-domain and out-of-domain
experiments. As shown in Figure 5, the generation
successful rate refers to the proportion of complete
model architectures generated that satisfy the con-
straint requirements. QuaNAG achieves generation
successful rates 6.2% and 15.0% higher than w/o
RPO and w/o SFT Pipeline in in-domain experi-
ments, with Q1 values 20.0% and 37.5% higher,
respectively. This consistent high performance (Q1

> 94%) demonstrates that constraint-to-quality cur-
riculum substantially enhances memory constraint
understanding. Additionally, QuaNAG surpasses
LM-Searcher by 18.8% and 17.1% in generation
successful rates for in-domain and out-of-domain
experiments, respectively, evidencing that our fine-
tuning mechanism promotes reasoning over memo-
rization.

A.6 Edge Deployment Study

To evaluate our approach across diverse deploy-
ment scenarios, we configure edge device spec-
ifications tailored to three HAR scenarios with
varying real-time and memory requirements (Fig-
ure 6). We design these configurations based on
the real-time responsiveness demands of different
application contexts: exercise monitoring scenarios
employ single-core devices (806-1036MHz) with
7-8MB memory, 500ms latency, and low power
consumption (Mode2, 15W); industrial operations
utilize dual-core configurations (806-1036MHz)
with 10MB memory, 150ms latency, and mod-
erate power budget (Mode2, 15W); health track-
ing scenarios demand quad-core processors (1267-
1574MHz), 12-20MB memory, 50ms latency, and
higher power budget (Mode3, 25W). We assign
the five benchmarks to these scenarios according
to their activity profiles. MMAct, UTD-MHAD,
and USCHAD focus on daily physical activities
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Benchmark Memory Our Search Method Best Search Baseline Improvement

Acc (%) Mode Time (h) Method Acc (%) Mode Time (h) ∆Acc↑ ∆Time↓

Mhealth
12MB 98.78 none 2.95 RZ-NAS(none) 96.95 none 5.78 +1.83 2.83
15MB 100.00 static 2.46 RZ-NAS(none) 96.95 none 4.80 +3.05 2.34
20MB 100.00 static 4.01 RZ-NAS(quant) 98.51 qat 4.72 +1.49 0.71

MMAct
3MB 65.33 static 4.01 LLM-TinyML(none) 63.14 none 8.26 +2.19 4.25
5MB 66.08 none 4.01 LLM-TinyML(none) 63.89 none 9.06 +2.19 5.05
8MB 70.03 none 4.01 LLM-TinyML(none) 64.48 none 9.51 +5.55 5.50

Wharf
3MB 79.09 static 4.02 LLM-TinyML(none) 69.36 none 7.54 +9.73 3.52
5MB 77.73 none 4.01 LLM-TinyML(none) 70.73 none 7.82 +7.00 3.81
8MB 80.91 none 4.01 LLM-TinyML(none) 72.64 none 6.95 +8.27 2.94

USCHAD
12MB 81.41 none 4.00 RZ-NAS(none) 70.80 none 4.79 +10.61 0.79
15MB 79.98 none 4.01 LLM-TinyML(none) 71.74 none 6.59 +8.24 2.58
20MB 82.12 none 4.01 LLM-TinyML(none) 75.47 none 6.81 +6.65 2.80

UTD-MHAD
3MB 78.60 none 4.01 LLM-TinyML(none) 67.44 none 7.84 +11.16 3.83
5MB 79.53 none 4.01 LLM-TinyML(none) 70.49 none 7.21 +9.04 3.20
8MB 80.00 none 4.02 LLM-TinyML(none) 72.42 none 6.38 +7.58 2.36

Table 7: Performance comparison between Quantization-Branched MCTS and best baseline methods across different
benchmarks and memory constraints.

Dataset Memory QuaNAG w/o RPO w/o SFT Pipeline
Acc. (%) Mode Time (s) Acc. (%) Mode Time (s) Acc. (%) Mode Time (s)

Mhealth
12MB 98.75 static 352 94.92 static 474 89.63 static 424
15MB 99.59 static 361 98.58 static 461 94.10 static 342
20MB 99.39 static 428 99.39 static 668 96.34 static 330

MMAct
3MB 65.33 none 614 65.05 none 878 61.06 none 1696
5MB 66.50 none 545 65.92 none 585 63.83 none 1057
8MB 66.67 none 492 66.46 none 578 64.44 none 752

Wharf
3MB 69.85 static 419 67.57 qaft 418 65.76 static 589
5MB 72.73 static 431 73.39 qaft 464 74.36 static 536
8MB 74.24 none 333 69.31 none 517 72.57 none 350

USCHAD
12MB 75.41 none 333 75.08 none 397 76.15 none 359
15MB 76.12 none 328 76.66 none 927 75.80 none 326
20MB 75.84 none 314 75.56 none 1118 74.93 none 330

UTD-MHAD
3MB 68.37 none 337 67.77 none 263 64.65 none 359
5MB 73.02 none 260 67.60 none 263 64.96 none 310
8MB 72.87 none 252 68.53 none 259 71.32 none 303

Table 8: Ablation study comparing QuaNAG with two variants: w/o RPO (without Reward Preference Optimization)
and w/o SFT Pipeline (without Progressive SFT pipeline). We report accuracy (%), quantization mode, and
generation time (seconds). Ablation results are averaged over 3 runs. Best accuracy per row in bold with
purple background ; shortest time per row underlined with blue background .

such as running, climbing stairs, and sit-ups, cate-
gorizing them under exercise monitoring scenarios.
Wharf primarily monitors wrist-based occupational
activities including cargo loading/unloading and
forklift operations, placing it in the industrial op-
erations category. Mhealth captures mobile health
activities such as relaxation and sedentary behav-
iors, aligning it with health tracking scenarios. In
addition, we select LM-Searcher as the primary
baseline as it represents the sota fine-tuning ap-
proach with minute-level generation time, which
is more aligned with practical deployment require-
ments than prompt engineering methods requiring
hours. Our experiments are conducted on NVIDIA
Jetson platforms with device specifications strictly
configured according to Figure 6 to match the re-

source constraints of edge deployment scenarios.
The experimental results are summarized in Ta-

ble 11. The edge device operates on ARM architec-
ture, while the server uses AMD architecture. This
architectural difference results in different quantiza-
tion engines between device and server, leading to
minor accuracy variations (denoted as "Acc Gap" in
Table 11). Nonetheless, QuaNAG-generated mod-
els fully satisfy all latency and memory require-
ments while outperforming LM-Searcher. This
reflects QuaNAG’s superior capability in generat-
ing deployment-ready models that balance perfor-
mance constraints and accuracy under real-world
conditions.

Specifically, QuaNAG achieves 2.0-3.8× faster
end-to-end deployment time compared to LM-
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Figure 6: Overview of real-device experiments covering exercise monitoring, industrial operations, and health
tracking scenarios. Experimental workflow: the edge device sends a request to the server, which then generates a
model and returns the model file to the device for deployment and execution. All experiments are conducted on
NVIDIA Jetson platforms with device specifications strictly configured to match the resource constraints of each
scenario.

Searcher (5.7-8.0 minutes vs. 8.5-22.5 minutes).
More importantly, QuaNAG consistently meets all
latency constraints: all inference times remain well
below the required thresholds (23-474ms vs. 50-
500ms limits), whereas LM-Searcher violates la-
tency requirements in 3 out of 7 cases (marked with
red underlines). In terms of accuracy, QuaNAG
surpasses LM-Searcher by 6.2-19.1% in exercise
monitoring scenarios (e.g., 75.57% vs. 56.51% on
USCHAD with 7MB constraint), 6.8% in industrial
operation scenarios, 1.8%-3.1% in health tracking
scenarios. Additionally, the accuracy gap between
device and server deployment is negligible for Qua-
NAG (+0.61% on Mhealth with 12MB), indicating
robust cross-platform consistency.

A.7 Comparison with Conventional
Quantization-Aware NAS

To compare QuaNAG with a conventional non-
LLM quantization-aware NAS approach, we im-
plement BOMP-NAS (van Son et al., 2023),
which combines Bayesian optimization with mixed-
precision neural architecture search. We evaluate
BOMP-NAS using the same HAR datasets, mem-
ory constraints, and candidate-evaluation protocol
as QuaNAG. For BOMP-NAS, the reported run-
time corresponds to its online architecture search,
whereas for QuaNAG, it corresponds to online ar-
chitecture generation.

As shown in Table 9, QuaNAG achieves higher
accuracy than BOMP-NAS in all six settings, with
improvements ranging from 2.45 to 4.88 percent-

age points and an average gain of 3.64 points. Qua-
NAG requires only 5.50–10.21 minutes for archi-
tecture generation, whereas BOMP-NAS requires
4.09–6.52 hours of search, corresponding to a 34.3–
44.6× speedup. These results indicate that the ad-
vantage of QuaNAG is not limited to generation
efficiency: transferring quantization-aware search
knowledge into the LLM also yields architectures
with consistently higher final accuracy.

A.8 Generalization beyond HAR

To examine whether the proposed framework can
extend beyond HAR, we conduct a preliminary
experiment on CIFAR-10 (Krizhevsky, 2009), an
image classification benchmark with a different
modality and 2D architecture search space. We
evaluate all methods under 1 MB and 3 MB mem-
ory constraints and report the resulting accuracy
and architecture search or generation time. For
CIFAR-10, QuaNAG is separately adapted to the
corresponding 2D architecture search space, allow-
ing us to evaluate whether the framework remains
effective beyond HAR.

Table 10 shows that QuaNAG achieves the best
accuracy under both memory constraints. Under
1 MB, QuaNAG reaches 85.54% accuracy, outper-
forming the strongest baseline, RZ-NAS (quant),
by 3.22 percentage points. Under 3 MB, it achieves
89.98%, exceeding RZ-NAS (quant) by 2.41 points.
QuaNAG requires only 5.61–5.83 minutes for gen-
eration, remaining substantially faster than the
prompt-engineering baselines and slightly faster
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Benchmark Constraint QuaNAG BOMP-NAS
∆ Acc. Speedup

Accuracy (%) Time Accuracy (%) Time

Mhealth 15 MB 99.59 6.02 min 96.78 4.32 h +2.81 43.1×
MMAct 3 MB 65.33 10.21 min 62.23 6.52 h +3.10 38.3×
MMAct 5 MB 66.50 9.10 min 64.05 6.20 h +2.45 40.9×
Wharf 3 MB 69.85 7.04 min 65.82 4.64 h +4.03 39.5×
Wharf 5 MB 72.73 7.21 min 68.18 4.12 h +4.55 34.3×
Wharf 8 MB 74.24 5.50 min 69.36 4.09 h +4.88 44.6×
Average – 74.71 7.51 min 71.07 4.98 h +3.64 39.8×

Table 9: Comparison with BOMP-NAS, a conventional quantization-aware NAS method, under matched HAR
settings. Accuracy reports the best feasible architecture under each memory constraint. QuaNAG time measures
online architecture generation, whereas BOMP-NAS time measures online architecture search. Speedup is calculated
after converting both times to minutes.

Method 1 MB 3 MB

Acc. (%) Time Acc. (%) Time

QuaNAG 85.54 5.61 m 89.98 5.83 m
RZ-NAS 82.13 6.15 h 86.72 5.89 h
RZ-NAS (quant) 82.32 7.08 h 87.57 6.20 h
LM-Searcher 80.91 6.25 m 84.55 6.88 m
LM-Searcher (quant) 79.93 6.79 m 84.92 6.02 m

Table 10: Cross-domain evaluation on CIFAR-10. Time
denotes iterative search for prompt-engineering methods
and post-adaptation generation for QuaNAG and LM-
Searcher; m and h denote minutes and hours.

than the fine-tuning baselines. These results pro-
vide initial evidence that the proposed search strat-
egy and curriculum can be instantiated in a different
task domain and architecture search space. Broader
evaluations on large-scale vision, language, and
multimodal tasks remain future work.

B Theoretical Analysis

Quantization-Branched MCTS algorithm integrates
quantization into the algorithm by transforming
quantization into a macro branch variable, which
enhances the algorithm’s exploration capability.
We provide a theoretical justification for why
Quantization-Branched MCTS improves explo-
ration compared to standard tree search methods.
Our analysis adapts the Markov chain framework
from optimization theory, demonstrating how di-
verse quantization macro branch enhance the con-
ductance of the search process.

B.1 Markov Chain Formulation
We model the search process as a Markov chain
over the space of model configurations. As men-
tioned above, S is the search space, each node has
a model configuration θ. In the proof section, we

use state s to represent the configuration of the
node. Each state s ∈ S represents a complete neu-
ral architecture configuration. The search strategy
defines a transition kernel P (s, s′) representing the
probability of generating configuration s′ from cur-
rent configuration s.

B.1.1 Standard Tree Search Transition Kernel
In standard tree search methods (including vanilla
MCTS), the transition from state s to s′ is realized
by an LLM π conditioned on the current configu-
ration s and feedback f = F (s) from validation
tests:

Pstandard(s, s
′) = πc(s

′|s, F (s)), (6)

where πc denotes the LLM prompted to generate
code configurations directly. As observed empiri-
cally, πc tends to be highly concentrated, generat-
ing similar configurations even with temperature
sampling.

B.1.2 Quantization-Branched MCTS
Transition Kernel

With quantization as the branch direction, we in-
troduce an intermediate step where the LLM first
generates a quantization direction Bq ∈ Q based
on the current state and feedback. The transition
kernel becomes:

PQB-MCTS(s, s
′) =

∑︂

Bq∈Q
πd(Bq | s, F (s))

· πc(s′ | s, F (s),Bq),
(7)

where:

• πd(Bq|s, F (s)) is the distribution over quanti-
zation directions (macro branches), which can
be highly diverse

50159



Scenario Benchmark Constraints Method End-to-End Pipeline Model Inference
Latency Accuracy Acc

Gap
Request Generation Transfer Total Size Mode Server

Exercise
Monitoring

MMAct 8MB
500ms

QuaNAG 28ms 7.9min 0.13s 8.0min 4.04MB none 66.77% 474ms 66.77% 0.00%
LM-Searcher 28ms 18.1min 0.87s 18.2min 2.57MB static 60.52% 845ms 60.58% +0.06%

USCHAD 7MB
500ms

QuaNAG 27ms 6.4min 0.08s 6.5min 4.23MB none 75.57% 446ms 75.57% 0.00%
LM-Searcher 27ms 17.7min 0.40s 18.1min 6.01MB static 56.33% 735ms 56.51% +0.18%

USCHAD 8MB
500ms

QuaNAG 29ms 5.8min 0.03s 5.9min 4.78MB none 76.16% 181ms 76.16% 0.00%
LM-Searcher 29ms 22.4min 0.08s 22.5min 6.14MB static 57.33% 470ms 57.81% +0.48%

UTD-MHAD 8MB
500ms

QuaNAG 28ms 5.7min 0.10s 5.8min 4.67MB none 72.56% 263ms 72.56% 0.00%
LM-Searcher 28ms 12.1min 0.47s 12.7min 1.86MB static 46.98% 450ms 45.58% -1.40%

Industrial
Operation Wharf 10MB

150ms
QuaNAG 29ms 5.1min 0.32s 5.4min 7.71MB none 76.36% 4.92ms 76.36% 0.00%
LM-Searcher 29ms 15.3min 0.43s 15.8min 3.23MB static 68.64% 75ms 69.55% +0.91%

Health
Tracking

Mhealth 12MB
50ms

QuaNAG 27ms 7.1min 0.10s 7.2min 8.23MB static 98.78% 23ms 99.39% +0.61%
LM-Searcher 27ms 11.0min 0.22s 11.2min 11.24MB static 96.34% 66ms 96.34% 0.00%

Mhealth 15MB
50ms

QuaNAG 29ms 6.5min 0.73s 6.6min 13.38MB static 100.00% 26ms 100.00% 0.00%
LM-Searcher 29ms 9.2min 0.24s 9.5min 11.25MB static 98.17% 11ms 98.17% 0.00%

Mhealth 20MB
50ms

QuaNAG 29ms 5.6min 0.55s 5.7min 13.56MB static 100.00% 31ms 100.00% 0.00%
LM-Searcher 29ms 8.2min 0.25s 8.5min 11.74MB static 98.19% 10ms 98.19% 0.00%

Note: Constraints denotes memory constraint and latency requirement. Request is network latency from device to server. Generation is server-side model generation
time. Transfer is model file transfer time. Total is end-to-end deployment time. Size is actual model size. Mode indicates the quantization mode. Server is accuracy in
server-side. Inference Latency is device forward pass time. Accuracy is the accuracy in device. Acc Gap is device-server accuracy difference caused by different

quantization engines on ARM and AMD architectures. Bold indicates better performance. Underline indicates the violation of latency.

Table 11: Edge Deployment Performance Comparison on Jetson Device

• πc(s
′|s, F (s),Bq) is the LLM generating a

new configuration conditioned on both the
parent configuration and the selected quanti-
zation direction

• Q = {none, static, qat, qaft} is the set of
quantization modes

Key distinction in branch direction: While
some other MCTS (Light et al., 2025) uses cod-
ing style directions where each direction leads to
a single child, our macro branches can connect to
multiple child nodes. When |Cs,Bq | > 1, an ad-
ditional node selection step (Eq. 30) determines
which specific child s′ ∈ Cs,Bq to select via UCT.

B.2 Conductance Analysis

Following Markov chain mixing theory (Levin and
Peres, 2020), we analyze how the transition kernel
affects the conductance Φ of the search process,
which measures how quickly the chain can escape
local regions.

For a subset S ⊆ S of the state space, the con-
ductance is defined as:

ΦP (S) =

∑︁
s∈S,s′ /∈S µ(s)P (s, s′)

µ(S)
, (8)

where µ is the stationary distribution and µ(S) =∑︁
s∈S µ(s).

B.2.1 Low Conductance of Standard Methods
Our algorithm uses branches as directions, while
for standard tree search without direction, if the

search gets trapped in a local region S (e.g., config-
urations with similar quantization properties), we
have:

Pstandard(s, s
′) ≈ 0 when s ∈ S and s′ /∈ S.

(9)
This occurs because πc(s′|s, F (s)) concentrates on
configurations similar to s, making it unlikely to
generate s′ outside the local region. Consequently:

ΦPstandard(S) ≈ 0, (10)

resulting in poor mixing and high probability of
getting stuck in local optima.

B.2.2 Enhanced Conductance with Direction
With Quantization-Branched MCTS, even if πc is
concentrated, the diverse quantization directions in
πd provide pathways out of local regions:

PQB-MCTS(s, s
′) =

∑︂

Bq∈Q
πd(Bq | s, F (s))

· πc(s′ | s, F (s),Bq)
> 0,

if some Bq are feasible.

(11)

Key insight: If the current configuration s uses
one quantization mode (e.g., static PTQ), select-
ing a different macro branch Bq (e.g., QAFT) can
lead to configurations s′ in different regions of the
search space, even if πc individually is concen-
trated. This is because:

1. Different quantization modes fundamentally
alter the model’s memory footprint and accu-
racy characteristics
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2. The conditioning on Bq in πc(s
′|s, F (s),Bq)

guides the LLM to generate configurations
compatible with that quantization mode

3. Multiple children per branch (|Cs,Bq | > 1) fur-
ther diversify exploration within each quanti-
zation mode

Therefore:

ΦPQB-MCTS(S) > ΦPstandard(S). (12)

B.3 Mixing Time Implications
By Cheeger’s inequality (Levin and Peres, 2020),
higher conductance Φ improves the spectral gap γ
of the Markov chain:

γ ≥ Φ2

2
. (13)

The mixing time tmix, which quantifies how quickly
the chain approaches its stationary distribution, sat-
isfies:

tmix ≤
log(µ−1

min)

γ
, (14)

where µmin = mins∈S µ(s).
Conclusion: Since ΦPQB-MCTS > ΦPstandard , we

have:
tQB-MCTS
mix < tstandard

mix . (15)

This means Quantization-Branched MCTS mixes
faster, reducing the likelihood of getting trapped
in local regions and enabling more efficient explo-
ration of the configuration space.

C Conservative Estimate of
Quantization-Expanded Search Space

This section provides a conservative estimate of
how quantization expands the feasible search space
under memory constraints. Our search space is
defined as follows:

• Number of stages: {1, 2, 3, 4}.

• Blocks per stage: {1, 2}.

• Convolution types: {DWSepConv, MBConv,
DpConv, SeSepConv, SeDpConv}.

• Kernel sizes: {3, 5, 7}.

• Strides: {1, 2, 4}.

• Skip connections: {True, False}.

• Activations: {ReLU6, LeakyReLU, Swish}.

• Expansion ratios: {1, 2, 3, 4}.

• Channels: {6, 12, 18, 24}.

• SE module choices: {True, False}.

• SE ratios: {0, 0.25, 0.5}.

• Quantization modes: {none, static, qat, qaft}.

Since each architecture contains at most four
stages and each stage contains at most two blocks,
the maximum number of blocks in one architecture
is:

Dmax = 4× 2 = 8. (16)

Under a memory budget of Mmax = 5MB,
INT8-style quantization can approximately reduce
model memory to one quarter of its FP32 memory.
Thus, a quantized architecture satisfying the 5MB
deployment budget may correspond to an FP32 ar-
chitecture whose memory is up to approximately:

4Mmax = 20MB. (17)

This means that quantization does not simply
add several categorical choices. Instead, it expands
the feasible FP32-equivalent architecture region
from Mmax to approximately 4Mmax.

To provide empirical evidence for this estimate,
we further randomly sample a small set of evaluated
architectures from the USCHAD search records
and examine whether the 20MB FP32-equivalent
region exposes structurally larger models. Among
the 24 sampled evaluated architectures, only 2 ar-
chitectures fall within the ≤5MB region, with 1-2
blocks. In contrast, 18 architectures fall within the
5-20MB region, with an average of 4.44 blocks
and up to 7 blocks. Considering all architectures
within the ≤20MB region, the average number of
blocks is 4.15 and the maximum number of blocks
is 7. This empirical observation shows that the 4×
FP32-equivalent memory region does expose sub-
stantially deeper architecture regions in practice.

However, to avoid overestimating the search-
space expansion, we do not directly use the largest
block count observed in the sampled records. Al-
though the sampled USCHAD records show that
the 5-20MB FP32-equivalent region contains ar-
chitectures with up to 7 blocks, while the ≤5MB
region contains only 1-2 blocks, we conservatively
assume that the quantization-expanded region ex-
poses only two additional blocks. This assumption
is substantially smaller than the empirical differ-
ence observed in the sampled records.
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For a conservative lower-bound estimate, we
only count three basic block-level choices: con-
volution type, kernel size, and activation function.
This gives:

B = 5× 3× 3 = 45 (18)

possible choices per block. We intentionally ignore
other dimensions, including stride, skip connection,
expansion ratio, channel width, SE module, and SE
ratio.

Let D denote the maximum number of blocks
in the original 5MB FP32-feasible region. Under
the conservative assumption that quantization ex-
poses only two additional blocks, the quantization-
expanded region contains architectures with up to
D + 2 blocks. The number of unique block-level
architecture patterns without quantization is ap-
proximated by:

Snone =
D∑︂

d=1

Bd. (19)

The number of unique block-level architecture
patterns in the quantization-expanded region is ap-
proximated by:

Squant =

D+2∑︂

d=1

Bd. (20)

Therefore, the unique architecture-level expan-
sion is:

Gunique =
Squant

Snone

=

∑︁D+2
d=1 45d

∑︁D
d=1 45

d

≈ 452

= 2025.

(21)

When the three quantized modes {static, qat,
qaft} are counted as distinct configurations, the
corresponding configuration-level expansion over
the original non-quantized feasible space is:

Gconfig =
Snone + 3Squant

Snone

= 1 + 3Gunique

≈ 1 + 3× 2025

= 6076.

(22)

This estimate is deliberately conservative for
three reasons. First, it assumes that the 4× FP32-
equivalent memory expansion exposes only two

additional blocks, although the sampled USCHAD
records show that the 5–20MB region already con-
tains architectures with up to 7 blocks. Second, it
only counts convolution type, kernel size, and acti-
vation function. Third, it ignores stride, skip con-
nection, expansion ratio, channel width, SE mod-
ule, and SE ratio. Even under this lower-bound esti-
mate, quantization can expand the feasible configu-
ration space by approximately 6.1×103 times. This
supports our key insight that quantization should
not be treated as an ordinary architecture attribute.
Instead, quantization reshapes the feasible architec-
ture region under memory constraints and should
be modeled as a branch-level search decision.

D Detailed Search Dynamics Analysis

We compare Quantization-Branched MCTS (QB-
MCTS) with Vanilla MCTS under strictly con-
trolled settings. Both methods use the same
search space, backbone LLM, candidate-evaluation
pipeline, initialization procedure, and search bud-
get. The only difference is that QB-MCTS
represents quantization modes as explicit macro
branches, whereas Vanilla MCTS handles quantiza-
tion within ordinary candidate generation and tree
expansion.

We evaluate exploration behavior using three
metrics. Let pq denote the proportion of visits as-
signed to quantization mode q ∈ Q. Normalized
quantization-visitation entropy is defined as

Hquant = −
1

log |Q|
∑︂

q∈Q
pq log pq, (23)

where a larger value indicates more balanced ex-
ploration across quantization modes. Architectural
diversity Darch is the average normalized struc-
tural distance among evaluated architectures af-
ter excluding the quantization mode. The cross-
quantization transition rate is

Pcross =

∑︁T
t=1 I[q(nt) ̸= q(nt+1)]

T
, (24)

where T is the number of observed parent–child
transitions. A larger Pcross indicates greater mobil-
ity across quantization regions.

We further report the area under the best-so-far
feasible-accuracy curve (AUC), the best feasible
accuracy R∗, and N95, the number of evaluations
required to reach 95% of the common reference
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Benchmark Budget Method Exploration Behavior Search Outcome

Hquant ↑ Pcross ↑ Darch ↑ AUC↑ R∗ (%)↑ N95 ↓

Mhealth 15 MB QB-MCTS 0.990 0.650 0.451 96.92 99.69 14
Vanilla MCTS 0.078 0.020 0.418 96.04 97.56 30

MMAct 3 MB QB-MCTS 0.983 0.711 0.381 64.41 66.24 14
Vanilla MCTS 0.730 0.130 0.303 64.36 63.44 49

MMAct 5 MB QB-MCTS 0.941 0.720 0.349 65.26 67.20 32
Vanilla MCTS 0.497 0.030 0.304 61.91 62.86 58

Wharf 3 MB QB-MCTS 0.939 0.820 0.454 71.35 73.18 25
Vanilla MCTS 0.397 0.170 0.404 70.17 70.91 38

Wharf 5 MB QB-MCTS 0.967 0.710 0.392 71.36 74.55 17
Vanilla MCTS 0.769 0.250 0.312 70.21 70.36 33

Average – QB-MCTS 0.964 0.722 0.405 73.86 76.17 20.4
Vanilla MCTS 0.494 0.120 0.348 72.54 73.03 41.6

Table 12: Complete search-dynamics comparison between QB-MCTS and Vanilla MCTS. Both methods use
identical search spaces, LLMs, candidate-evaluation pipelines, and search budgets. Higher values are better except
for N95.

best accuracy. Lower N95 indicates faster discov-
ery of high-quality feasible architectures.

Across all five settings, QB-MCTS consistently
improves quantization coverage, architectural diver-
sity, and cross-quantization mobility. On average,
Hquant increases from 0.494 to 0.964, Pcross from
0.120 to 0.722, and Darch from 0.348 to 0.405.
These improvements translate into better search
outcomes: QB-MCTS increases average AUC from
72.54 to 73.86 and average best feasible accuracy
from 73.03% to 76.17%, while reducing N95 from
41.6 to 20.4 evaluations. This approximately 51%
reduction indicates substantially faster discovery
of high-quality feasible architectures.

E Memory Calibration

Our memory constraint model distinguishes
platform-independent tensor memory from device-
specific peak memory. For an architecture θ, M(θ)
is estimated from the shapes and numerical pre-
cision of its parameter tensors and intermediate
activation tensors. Therefore, when the architec-
ture, input size, and numerical precision are fixed,
M(θ) does not depend on a particular hardware
platform. In contrast, the peak memory observed
during deployment may additionally be affected by
the target hardware, runtime implementation, and
memory-management overhead.

To account for these platform-specific effects
without binding the architecture representation to
a particular device, we perform a lightweight cali-
bration before formal search and deployment. For
each target platform h, we evaluate a small pilot

Platform Pearson r MRE

Raspberry Pi 0.924 6.65%
Jetson Nano 0.945 4.10%

Table 13: Calibration of the tensor-based memory es-
timate against measured device peak memory. MRE
denotes mean relative error after platform-specific cali-
bration.

set of architectures, record both M(θ) and the cor-
responding device-measured peak memory, and
establish a calibration mapping gh. Device peak
memory is then predicted as

ˆ︂Mh(θ) = gh(M(θ)) . (25)

This design preserves a common tensor-based
memory representation across platforms while us-
ing gh to capture systematic hardware- and runtime-
specific differences. We evaluate the calibration
using the Pearson correlation coefficient between
M(θ) and measured peak memory, and the mean
relative error (MRE) between calibrated predic-
tions and device measurements.

As shown in Table 13, the tensor-based esti-
mate is strongly correlated with measured peak
memory on both platforms, with Pearson coeffi-
cients of 0.924 on Raspberry Pi and 0.945 on Jetson
Nano. After calibration, the prediction errors are
reduced to 6.65% and 4.10%, respectively. These
results indicate that a platform-independent M(θ)
can provide a stable basis for memory-constrained
architecture generation, while a small platform-
specific calibration set is sufficient to obtain accu-
rate deployment-time memory predictions. Conse-
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quently, the same adapted LLM can be applied to
different hardware platforms without re-adaptation;
only the lightweight calibration mapping needs to
be updated.

F Detailed Quantization-Branched
MCTS

This section provides the detailed implementation
of the proposed quantization-branched MCTS, in-
cluding the complete problem formulation, explo-
ration procedure, architecture generation and repair
mechanisms, quantization-aware evaluation, and
detailed backpropagation updates.

F.1 Problem Formulation

Search Space and Model Configuration: We
define the neural architecture search space as S,
where each model configuration θ ∈ S represents
a complete model architecture configuration in-
cluding the number of stages, blocks per stage,
convolution types, channel dimensions, and other
architectural hyperparameters. The configuration
also includes a quantization mode q selected from
the set Q = {none, static, qat, qaft}, which deter-
mines the quantization modes applied to the model.
The four quantization modes in Q have specific
meanings: none represents no quantization, static
represents Static Post-Training Quantization (PTQ)
(Jacob et al., 2018), qat represents Quantization-
Aware Training (QAT) (Nagel et al., 2021), and
qaft represents Quantization-Aware Fine-Tuning
(QAFT) (Jeon et al., 2025).

Constraints and Objectives: The search is
subject to constraints C which primarily include
a memory constraint Mmax. Given a dataset D,
we aim to find the optimal configuration θ∗ that
maximizes the reward function R(θ,D) under
Mmax, where the reward function R(θ,D) repre-
sents model accuracy after training and optional
quantization. We formulate our objective as Equa-
tion 26.

θ∗ = argmax
θ∈S

R(θ,D) s.t. M(θ) ≤Mmax,

(26)
where M(θ) denotes the peak memory usage of
configuration θ.

MCTS Formulation: To solve the optimization
problem defined in Equation 1, we employ MCTS.
We formulate the architecture search as a multi-
root tree search, treating each model architecture
as a tree node. Additionally, each node records

the architecture’s memory size, accuracy, and other
metadata, enabling data updating for MCTS back-
propagation.

Macro Branch: In the tree structure of MCTS,
every parent node nparent and its kid node nkid

is connected by a directed edge d⟨parent,kid⟩ from
nparent to nkid. Unlike standard MCTS, we intro-
duce a brand-new concept termed macro branch
in quantization-branched MCTS, which is noted
as B. We define the four quantization options in
Q as four macro branches, where each node con-
nected to a macro branch adopts the corresponding
quantization mode. For example, a node ni may
have three macro branches connecting it to multi-
ple kid nodes, where kids connected via the static
macro branch Bstatic adopt the static quantization
mode. Additionally, a macro branch can connect to
multiple child nodes. Thus, it can be visualized as
multiple edges pointing in the same direction, like
small twigs together forming a large branch.

Based on the formulation above, our
quantization-branched MCTS operates in
three main phases as illustrated in Figure 3: (1)
Exploration phase for traversing the tree, (2)
Generation and Evaluation phase for creating and
assessing new configurations, and (3) Backpropa-
gation phase for updating statistics. We detail each
phase in the following subsections.

F.2 Macro-Branch Exploration
F.2.1 Root Selection
At each iteration, we select the most promising
forest root node using the Upper Confidence Bound
applied to Trees (UCT) formula:

i∗ = argmax
i∈F

⎛
⎝Qi + c ·

√︄
ln
∑︁|F |

j=1 vj

vi

⎞
⎠ , (27)

where F is the set of all root nodes, Qi is the Q-
value for root node i, vi is the visit count of root i,∑︁|F |

j=1 vj is the total visits across all roots, and c is
the exploration weight that balances exploitation
versus exploration.

The Q-value Qi for each root is computed as:

Qi =

{︄
maxq∈QQ

Bq

i if any Q
Bq

i > 0

ri otherwise
, (28)

where Q
Bq

i denotes the Q-value of root i in macro
branch Bq with q ∈ Q, and ri is the accuracy of
root i itself. The second case handles initialization

50164



1st Layer

2nd ~(max-1) Layer

Max Depth Layer

1st Layer

2nd ~(max-1) Layer

Layer

Layer

Max Depth - 1 Layer
Layer

1st Layer

2nd ~(max-1) Layer

Max Depth Layer

1st Layer

2nd ~(max-1) Layer

Layer

Layer

Max Depth - 1 Layer
Layer

Figure 7: Comparison between fixed and randomized maximum search depth. Fixed depth causes terminal nodes to
concentrate at the same layer, while randomized depth distributes terminal nodes across different layers, improving
exploration diversity.

where all macro branch Q-values are zero, using
the root’s own accuracy as the initial Q-value. Note
that we use Q to denote the Q-value of nodes, use
Q to represent the macro branch’s Q-value, and use
Q to indicate the quantization set. Since the root is
also a node, we use Q to denote the Q-value of the
root.

As shown in Figure 3, after calculating the score
for each root according to the formula, root 1 has
the highest score, so root 1 is selected.

F.2.2 Branch Selection
After selecting a root node, the search traverses the
tree by selecting macro branches at each node. At
node n, we select macro branch Bq that maximizes
the UCT value:

B∗q = argmax
q∈Q

⎛
⎜⎝Q

Bq
n + c ·

⌜⃓
⎷⃓ ln

∑︁
q′∈Q v

Bq′
n

v
Bq
n

⎞
⎟⎠ ,

(29)
where Q

Bq
n is the Q-value of node n in macro

branch Bq, vBq
n is the visit count of node n in macro

branch Bq, and c is the exploration weight. The
numerator in the square root represents the total
visits across all branches at node n.

As illustrated in Figure 3, upon reaching root
1, the Bnone is selected based on the Equation 29.
Besides, a selected macro branch may contain one
or multiple edges. If only a single edge exists, the
search proceeds directly along this edge. However,
when the search follows the Bnone of root 1 and
reaches node 2, since the Equation selects Bstatic,
and this branch has multiple edges, so it cannot
directly traverse along one edge to the next node.
When multiple edges are present, we employ a
node selection strategy to determine which edge to
traverse, as detailed in Appendix F.2.3.

F.2.3 Node Selection
When a selected macro branch Bq contains multiple
edges connected to nodes, we choose the child node
that maximizes the UCT value and the exploration
traverses along the edge connected to the child
node:

n∗
c = arg max

nchild∈Cn,Bq

(︄
Qnchild

+ c·
√︄

ln
∑︁

nchild∈Cn,Bq
vnchild

vnchild

)︄
,

(30)

where Cn denotes the children set of node n, and
Cn,Bq denotes the set of child nodes of n in branch
Bq, Qnchild

is the Q-value of child node nchild,
vnchild

is its visit count, and c is the exploration
weight. The numerator in the square root sums
visits across all children in the branch.

We record each step as a triplet (nt,Bqt , nt+1),
where nt is the current node, Bqt is the selected
branch, and nt+1 ∈ Cnt,Bqt

is the selected child.
The complete trajectory τ from root to the terminal
node is below:

τ = [(n0,Bq0 , n1), (n1,Bq1 , n2), . . . ,

(nT−2,BqT−2 , nT−1), (nT−1,BqT−1 , nT )].
(31)

The search process terminates under two condi-
tions: encountering a leaf node or reaching the max-
imum depth. The maximum depth variable is set to
a random number within a specified range, ensuring
that terminal nodes are not predominantly concen-
trated at any single layer. Instead of using a fixed
maximum depth, we randomly sample the maxi-
mum search depth dmax within a predefined range
for each iteration. As illustrated in Figure 7, using
a fixed depth causes terminal nodes to concentrate
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on a single layer, making the exploration overly
biased toward architectures with similar depths. In
contrast, randomizing dmax distributes terminal
nodes across different layers, enabling the search
process to explore both shallow and deep architec-
tures more uniformly. This depth randomization
improves search diversity and reduces structural
bias during trajectory sampling.

In the Figure 3, algorithm chooses the node i,
and the terminal node is nT which is a leaf node.
nT serves as the parent for generating new nodes.
In addition, search computes the macro branch of
the new node by Equation29. As shown in Figure 3,
macro branch of the new node is BQAFT , so the
new node’s quantization mode must be qaft.

Subsequently, the terminal node nT ’s configu-
ration, along with a designed prompt, is provided
to the LLM to generate candidate child nodes, as
detailed in Section F.3.1.

In summary, the complete search process oper-
ates as follows: Starting from a root selected by
Equation 27, we iteratively apply Equation 29 to
select a macro branch at each node. If the branch
contains a single edge, we traverse it directly; if
multiple edges exist, we apply Equation 30 to se-
lect the optimal child node. This process continues
until reaching either a leaf node or the maximum
depth dmax.

F.3 Generation & Evaluation

F.3.1 Generation

Our prompt consists of a system prompt and a hu-
man prompt.

The system prompt provides global knowledge
for architecture design, including definitions of five
convolution types, dataset-specific memory con-
sumption rankings from high to low (e.g., MBConv
consumes the most memory while SeDpConv con-
sumes the least), quantization mode descriptions,
and global experience insights extracted from suc-
cessful search branches.

The human prompt provides the current search
context, including the parent node’s complete con-
figuration and performance metrics, target quan-
tization direction, memory constraints, and input-
output specifications (HAR tasks’ time steps and
channels), and guides the LLM to generate model
configurations that comply with search space con-
straints through examples.

Additionally, we have three detection and repair
mechanisms for model architectures. The configu-

ration validation mechanism automatically corrects
constraint violations in LLM-generated configura-
tions, and records all repair operations in the dia-
logue history. The memory auto-reduction mecha-
nism, when configurations exceed memory limits,
sequentially applies four-level strategies including
intelligent channel reduction (selecting the closest
valid value from the search_space), removing re-
dundant blocks, deleting stages, and compressing
expansion, ensuring the final configuration satisfies
constraints. The fallback generation mechanism,
when LLM calls fail or configurations cannot be
repaired, activates a base configuration generator to
randomly construct simple architectures that com-
ply with constraints, guaranteeing the robustness
of the search process.

F.3.2 Evaluation

After the LLM generates a model configuration that
satisfies the constraints, this configuration is con-
verted into an actual model, which is then subjected
to corresponding training and quantization.

Each model architecture has a quantization mode
q ∈ Q. These four quantization modes are highly
typical and representative. As shown in Table 14,
after the models are generated, we train all of them
for the same given number of epochs, and then
move the models to the CPU to perform the corre-
sponding quantization processing.

Among them, QAFT is the most special because
it requires training twice. Therefore, to ensure fair-
ness, it trains for 0.9×given epochs in the first stage
and 0.1×given epochs in the second quantization
training stage.

After the model evaluation is completed, back-
propagation begins, as detailed in Section F.4.

F.4 Backpropagation

Since this new node is not None, its accuracy is
based on the quantized accuracy. However, if this
new node is None, the result is based directly on
normal training. The resulting accuracy of model
configuration θ is denoted as R(θ,D), where θ is
the previously defined model architecture and D
is the previously defined dataset, representing the
accuracy of this model architecture on this dataset.

Upon obtaining R(θ,D) for the new node nT ,
we backpropagate this reward through trajectory
τ in reverse order, updating both Q-values, visit
counts and other statistics.
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Mode Training & Quantization Process Mode Training & Quantization Process
1. none Normal training for given epochs → No quantiza-

tion → Output FP32 model
2. static Normal training for given epochs → Post-training

static INT8 quantization (try 6 configs, select best)
→ Output INT8 model

3. qat Insert FakeQuantize → Quantization-aware train-
ing for given epochs → Convert to INT8 model

4. qaft Pre-training for 0.9×given epochs → Insert Fake-
Quantize → Fine-tuning for 0.1×given epochs →
Convert to INT8 model

Table 14: Four quantization modes and their training processes

F.4.1 Q-Value of Branch Update
We first initialize the Q-value for the newly gener-
ated node:

QnT = R(θT ,D). (32)

Then, we update the branch Q-value at the parent
node nT−1 using an adaptive learning rate:

Q
BqT−1
nT−1 ← (1− αT−1)Q

BqT−1
nT−1

+ αT−1 ·max
(︂
Q

BqT−1
nT−1 , R(θT ,D)

)︂
.

(33)
where Q

BqT−1
nT−1 is the Q-value of the node nT−1 in

the branch BqT−1 , αT−1 is the adaptive learning
rate that decreases with visit count. And the Equa-
tion of the the adaptive learning rate is as follows:

αT−1 =
1

v
BqT−1
nT−1 + 1

. (34)

For the remaining nodes along trajectory τ =
[(n0,Bq0, n1), . . . , (nT−1,BqT−1, nT )], we prop-
agate Q-values backward from t = T − 2 to t = 0.

Q
Bqt
nt ← (1− αt)Q

Bqt
nt + αt ·max

(︂
Q

Bqt
nt ,

max
q′t+1∈Q

Q
Bq′t+1
nt+1

)︂
.

(35)

QBqt
nt is the Q-value of node nt in the macro

branch Bqt . And maxq′t+1∈QQ
Bq′t+1
nt+1 means choos-

ing the maximum value among all the branch’s Q-
values of the child node nt+1. This Bellman-style
update takes the maximum between the current es-
timate and the best Q-value among all branches of
the child node nt+1. Simultaneously, we increment
the visit count for each node-branch pair:

v
Bqt
nt ← v

Bqt
nt + 1. (36)

F.4.2 Node Level Update
In addition to updating branch-specific Q-values,
we maintain node-level reward statistics for guid-
ing future exploration. The reward propagated to
each node is computed recursively using a discount
factor. For the terminal node nT , we initialize:

rT = R(θT ,D). (37)

For earlier nodes in the trajectory (from t =
T − 1 to t = 0), the discounted reward is:

rt = R̄(nt+1)× γ, (38)

where γ is the discount factor and R̄(nt+1) =
Rtotal(nt+1)

vnt+1
is the average reward of the next node.

Using these discounted rewards, we update the
node statistics:

vnt ← vnt + 1. (39)

Rtotal(nt)← Rtotal(nt) + rt. (40)

This discounting mechanism ensures that nodes
closer to the terminal reward receive stronger up-
dates while still allowing information to flow back-
ward through the entire trajectory. The node-level
average reward R̄(nt) serves as a fallback Q-value
when all branch Q-values are zero (as defined in
Equation 28).

Additionally, this part also includes the update of
the node’s Q-value, which is updated similarly to
the root node’s update. The Q-value of each node
is defined below:

Qnt =

⎧
⎨
⎩
R̄(nt) if maxq′t∈QQ

Bq′t
nt = 0

maxq′t∈QQ
Bq′t
nt otherwise

,

(41)

where maxq′t∈QQ
Bq′t
nt is the maximum value of all

the branch Q-values in node nt, R̄(nt) is the av-
erage reward of node nt, and the visit count of
node nt is vnt . Equation 41 means: if all branch
Q-values of the node nt are 0, we use the node’s
average reward; otherwise, we use the maximum
of all branch Q-values.

According to these equations, node nT currently

has no macro branches, so its maxq′t∈QQ
Bq′t
nt = 0.

Therefore, it uses the average reward R̄(nT ) as the
node Q-value. And since it has no child nodes, its
average reward is simply its own accuracy. There-
fore, we can finally deduce that QnT = R(θT ,D),
which is Equation 32.
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Figure 8: Illustration of four training datasets. The validity dataset focuses on detecting and correcting violations
of memory rules and architecture rules. The improvement dataset focuses on enhancing model performance. The
generation dataset focuses on generating complete models that satisfy the requirements. The comparison dataset
focuses on constructing comparative pairs.

G Detailed Constraint-to-Quality
Curriculum

This section provides detailed descriptions of the
progressive dataset construction, training proce-
dures, and implementation details for constraint-to-
quality curriculum.

The effectiveness of neural architecture gener-
ation critically depends on how well the LLM in-
ternalizes the complex mappings between archi-
tectural choices, memory constraints, and perfor-
mance outcomes. To enable the LLM to generate
memory-compliant architectures with higher accu-
racy without time-intensive search, we construct a
progressive training dataset from data collected dur-
ing quantization-branched MCTS. And then these
datasets are organized into two fine-tuning phases:
progressive Supervised Fine-Tuning (SFT) pipeline
and reward preference optimization. We detail the
dataset construction in Section G.1 and the dual-
phase training strategy in Section G.2.

G.1 Dataset Construction
We use the model configurations generated by
quantization-branched MCTS, along with their
associated model properties, search trajectories,
and logs, as inputs to construct four comple-
mentary datasets. These four datasets are the
validity, improvement, generation, and compari-
son datasets, which progressively decompose the
memory-bounded NAG problem from different an-

gles to facilitate LLM learning.

G.1.1 Validity Dataset

The validity dataset trains the LLM to identify and
correct architecture violations, which is fundamen-
tal for ensuring generated architectures comply
with wearable devices’ memory constraints and
architecture rules. Therefore, the validity dataset
comprises two types of tasks: validation and re-
pair. The validation task focuses on determining
whether a model architecture violates constraints,
while the repair task addresses how to correct in-
valid architectures.

The input of validation tasks is a complete model
configuration, and the output is a structured judg-
ment containing a validity flag and violation de-
tails. As shown in the validity section of Figure 8,
validation tasks mainly include two types of vio-
lations: architecture violations and memory viola-
tions. Correspondingly, repair tasks take a violat-
ing configuration along with its structured violation
information as input, and output the corrected con-
figuration. Repair tasks are responsible for fixing
the architecture and memory violations identified
by validation tasks. Through this complementary
design, validation tasks teach the LLM to identify
errors, while Repair tasks teach it to correct them.
We list the architecture rules and memory rules that
model architectures must follow in Table 15.

Architecture rule include six types of breaches:
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Algorithm 1: Quantization-Branched
MCTS
Input: Search space S, dataset D, memory

limit Mmax, iterations N
Output: Best configuration θ∗

1 Initialize forest F with K seed
configurations;

2 for iter = 1 to N do
3 i∗ ← argmaxi∈F UCTroot(i) ;

// Eq. 27
4 n← rooti∗ , τ ← [];
5 while n is not leaf and depth < dmax do
6 d← random[dmin, dmax];
7 B∗q ← argmaxq UCTbranch(n,Bq)

; // Eq. 29
8 nchild ← SelectChild(n,B∗q ) ;

// Eq. 30
9 τ .append(n,B∗q , nchild);

10 n← nchild;

11 θnew ← LLM.generate(n,B∗q ,Mmax) ;
// Generation

12 R← TrainAndQuantize(θnew,D,B∗q ) ;
// Evaluation

13 Backpropagate(R, τ,Q,Q, v) ;
// Update Q-values (Eq. 33-40)

14 return θ∗ with highest reward;

(1) unsupported skip connection in certain block
types (e.g., DpConv and SeDpConv do not sup-
port skip connections); (2) DWSepConv expan-
sion equivalence (DWSepConv with expansion>1
is semantically equivalent to MBConv); (3) SeD-
pConv channel mismatch (SeDpConv requires
in_channels == out_channels); (4) SE module in-
consistency (has_se and se_ratio must be logically
consistent); (5) DpConv SE incompatibility (Dp-
Conv does not support SE modules); (6) SeDpConv
first-stage channel constraints (the first SeDpConv
block must have channels equal to input_channels).

Memory rules include two primary keys: (1) For
quantized models (i.e., models with quantization
mode set to static, qat, or qaft), memory is mea-
sured post-quantization; (2) All models must not
exceed the given maximum memory budget, and
any exceedance constitutes a violation.

Model configurations that violate architecture
or memory rules are selected as samples for Val-
idation tasks, while the repairs of these violated
configurations serve as samples for repair tasks.

All these samples are then combined to form the
validity dataset.

G.1.2 Improvement Dataset
The Improvement Dataset assists the LLM to learn
performance optimization strategies by extract-
ing successful architecture refinement trajectories.
Specifically, we construct parent-child configura-
tion pairs where the child node achieves higher
accuracy than its parent. And the task type of this
dataset is the improvement task.

For improvement tasks, the input consists of a
parent configuration and its properties, while the
output is an improved child configuration and its
properties. Same as the improvement section of
Figure 8, the child node achieves higher accuracy
than its parent (accuracychild > accuracyparent)
and satisfies the memory rules and architecture
rules in each pair, ensuring that every sample rep-
resents a verified performance improvement.

G.1.3 Generation Dataset
The generation dataset helps the LLM to perform
end-to-end architecture generation by learning di-
rect mappings from accuracy and memory to com-
plete model configurations. The input-output for-
mat aligns with the NAG problem equation: given
user requirements, the LLM directly generates a
model configuration that satisfies these constraints.
Similar to previous datasets, the task type for this
dataset is generation.

The input of generation tasks is a comprehensive
instruction containing system prompts, task context
(dataset information, memory constraints, search
space), and crucially, the target accuracy acctarget
and target memory memtarget, which is presented
in the Figure 8. The output is a complete model con-
figuration with all architectural parameters (stages,
convolution types, channels, quantization modes,
etc.) that satisfy the specified performance targets.

This design enables the LLM to learn the implicit
mapping from performance specifications to archi-
tectural design choices. The generation dataset
is also constructed across multiple memory con-
straints. The curated generation dataset enables
the LLM to generate architecture across various
memory.

G.1.4 Comparison Dataset
The comparison dataset aims the LLM to develop
preference judgment capabilities by learning to dis-
tinguish between architectures of different quality
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levels. This dataset is essential for reward prefer-
ence optimization and reinforces the LM’s under-
standing of what constitutes a superior architecture
design. In addition, the task type of the dataset is
comparison. For each task, the input consists of:
(i) a comprehensive instruction containing system
prompts, task context, and search space constraints;
(ii) two architecture configurations with their per-
formance descriptions presented in randomized or-
der to prevent positional bias; (iii) evaluation crite-
ria specifying that configurations must first satisfy
memory constraints (≤ memory constraint), and
higher accuracy is preferred among the configura-
tions with validated memory. The output is struc-
tured into two parts: (i) the chosen configuration
representing the superior design that satisfies mem-
ory constraints and achieves high accuracy, and (ii)
the rejected configuration(s) representing inferior
alternatives that either violate memory constraints
or achieve lower performance.

As illustrated in the comparison section of Fig-
ure 8, the comparison pair construction employs
two complementary strategies to capture diverse
preference scenarios: (1) Valid vs invalid pairs:
pairing high-quality valid configurations (accuracy
≥ chosen threshold, memory ≤ limit) with invalid
configurations that achieve comparable or even
higher accuracy but violate memory constraints,
teaching the LLM that memory compliance is
non-negotiable; (2) High-Quality vs lower-Quality
pairs: pairing configurations both satisfying mem-
ory constraints but with significant accuracy dif-
ferences (chosen accuracy ≥ chosen threshold, re-
jected accuracy ≤ chosen threshold), teaching the
LLM to prefer higher-performance valid designs.

G.2 LLM Adaptation

With the progressive training dataset constructed,
we employ a two-phase strategy to fine-tune
LLaMA-3.1-8B (Dubey et al., 2024): the first phase
uses progressive SFT pipeline to progressively es-
tablish the LM’s understanding of architecture rules
and memory rules in section G.2.1, and the second
phase applies reward preference optimization to
refine the model’s judgment of architecture quality
in section G.2.2. All training is conducted using
LoRA (Low-Rank Adaptation) (Hu et al., 2022) for
parameter-efficient fine-tuning.

G.2.1 Progressive SFT Pipeline
The progressive SFT pipeline employs a three-stage
sequential fine-tuning strategy on the validity, im-

provement, and generation datasets, progressively
teaching the LLM to generate architectures that sat-
isfy memory constraints while achieving competi-
tive accuracy. The training proceeds in the order:
Validity→ Improvement→ Generation.

Stage 1: Validity Fine-Tuning. The first stage
establishes the foundation by teaching the model
constraint satisfaction and violation repair through
two complementary task types: validation and re-
pair.

For validation tasks, the model learns to iden-
tify violations in a given configuration. Each
sample (xval

v , yval
v ) consists of an input xval

v =
(instruction, θ) containing the task instruction and
a model configuration θ, and a structured output
yval
v = (is_valid,V) where V = {Varch,Vmem} rep-

resents the set of architecture and memory viola-
tions.

The training objective for validation tasks is:

Lval = −E(xval
v ,yval

v )∼Dval

[︁
log pϕ(y

val
v |xval

v )
]︁
.
(42)

For repair tasks, the input is x
rep
v =

(instruction, θinvalid,V) containing a violating con-
figuration and its structured violation information,
with output yrep

v = θfixed being the corrected con-
figuration.

The training objective for repair tasks is:

Lrep = −E(x
rep
v ,y

rep
v )∼Drep

[log pϕ(y
rep
v |xrep

v )] .
(43)

The overall training objective combines both
tasks:

Lvalidity = Lval + Lrep, (44)

where ϕ denotes the LoRA-adapted model param-
eters, Dval and Drep are the Validation and Repair
datasets respectively, and both are jointly sampled
during training. After this stage, the parameters of
model is denoted as ϕ1.

This joint training strategy enables the model
to learn bidirectional constraint reasoning: identi-
fying what makes a configuration invalid (valida-
tion) and knowing how to fix violations (repair).
The model internalizes six types of architecture
rules (e.g., skip connection support, channel con-
straints, SE module compatibility) and memory
budget enforcement, which are essential for subse-
quent stages.

Stage 2: Improvement Fine-Tuning. Building
upon the memory-bounded foundation from Stage
1, the second stage teaches the model performance
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Architecture Rules Memory Rules
A1 DpConv/SeDpConv’s

skip ≡ False
A2 DWSepConv’s expan-

sion>1 ≡ MBConv
A3 inchannel == outchannel

in SeDpConv
M1 Quantized models mea-

sured post-quantization
A4 has_se=True ↔

se_ratio>0
A5 has_se ≡ False in Dp-

Conv
A6 SeDpConv 1st-stage chan-

nel = input_channels
M2 Memory ≤ maximum

memory constraint

Table 15: Constraint validation rules for neural architecture.

optimization strategies by learning from successful
architecture refinements in trajectories.

Each training sample (xi, yi) represents a parent-
child improvement pair extracted from the search
tree, where the input xi = (instruction, θp,Mp)
contains the parent configuration θp and its per-
formance metrics Mp = {accp,memp, quantp},
and the output yi = (θc,Mc) is the improved
child configuration θc achieving higher accuracy
accc > accp while satisfying memory constraints.

The training objective is:

Limprovement = −E(xi,yi)∼Dimprovement

[︂

log pϕ2(yi | xi;ϕ1)
]︂
,

(45)

where Dimprovement consists of trajectory pairs
(θp, θc) satisfying accc > accp. By learning from
these successful refinement trajectories, the model
internalizes diverse optimization strategies includ-
ing convolution type selection (e.g., DWSepConv
→ MBConv for higher capacity), channel expan-
sion for increased representational ability, and
quantization-aware design for memory-accuracy
trade-offs. The model learns to generate architec-
tures that improve upon given parent architectures
rather than starting from scratch, which is crucial
for the iterative refinement capability required in
Stage 3. Stage 3: Generation Fine-Tuning. The
final stage trains the model for end-to-end archi-
tecture generation, enabling it to directly generate
complete configurations without iterative search.
Unlike Stages 1 and 2 which teach constraint sat-
isfaction and incremental improvement, this stage
consolidates these capabilities into direct genera-
tion.

Each training sample (xg, yg) consists of an
input xg = (instruction,Rtarget) specifying the
task context and target performance requirements
Rtarget = {acctarget,memtarget}, with an empty con-
figuration input, and the output yg = θcomplete is a
complete model configuration achieving the speci-
fied targets.

The training objective is:

Lgeneration = −E(xg ,yg)∼Dgeneration [log pϕ3(yg|xg;ϕ2)] .
(46)

This stage teaches the model to internalize the com-
plete mapping from performance requirements to
architectural instantiation, learning not just individ-
ual design choices but their holistic combination
to achieve target performance levels. By training
on successful MCTS discoveries, the model learns
to generate architectures directly without search,
effectively distilling the search process into the
LLM’s parameters.

G.2.2 Reward Preference Optimization
After the SFT pipeline establishes foundational ar-
chitecture generation capabilities, we apply reward
preference optimization to refine the model’s judg-
ment of architecture quality through preference
learning, which is based on Direct Preference Op-
timization (DPO) (Rafailov et al., 2024). Unlike
traditional Reinforcement Learning from Human
Feedback (RLHF) (Ouyang et al., 2022) which
requires training a separate reward model, DPO
directly optimizes the LLM using preference pairs
with an implicit reward function.

We define a performance-aware reward function
R that encodes our optimization priorities:

R(θ) =

{︄
Acc(θ) if mem(θ) ≤Mmax

0 otherwise
, (47)

where Acc(θ) and mem(θ) denote the accuracy
and memory consumption of configuration θ, and
Mmax is the memory budget. This reward formula-
tion enforces a hard constraint on memory: violat-
ing configurations receive zero reward regardless
of accuracy, while rewarding valid configurations
based on their accuracy.

Critically, the prompt x in each comparison pair
presents both configurations’ performance metrics
in randomized order, without revealing which met-
rics correspond to which configuration.

x = (instruction, rand{{accc,memc, quantc},
{accr,memr, quantr}}).

(48)
This forces the model to analyze architectural fea-
tures and infer their performance implications,
thereby internalizing the implicit mappings be-
tween design choices and outcomes.
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Phase Stage/Task Input Output Purpose

Phase 1:
Progressive
SFT
Pipeline

Stage 1:
Validation

Instruction,
Configuration θ

{is_valid,V}
V = {Varch,Vmem}

Identify architecture
and memory violations

Stage 1:
Repair

Instruction,
θinvalid, Violations V

Fixed configuration
θfixed

Learn to correct
constraint violations

Stage 2:
Improvement

Instruction, Parent θp,
Metrics Mp = {accp, memp, quantp}

Child θc,
Metrics Mc

(accc > accp)

Learn performance
optimization strategies

Stage 3:
Generation

Instruction,
Target Rtarget = {acctarget, memtarget}

Complete configuration
θcomplete

End-to-end
architecture generation

Phase 2:
RPO

Reward
Preference
Optimization

Instruction,
rand{{accc, memc, quantc},

{accr, memr, quantr}}

Chosen: yc

(R(θc) > R(θr))
Rejected: yr

Refine preference judgment
for memory-compliant,
high-accuracy architectures

Note: RPO denotes Reward Preference Optimization, and Progressive SFT denotes Progressive SFT Pipeline.

Table 16: Training sample formats in Dual-Phase Fine-Tuning. Each stage uses different input-output structures to
progressively teach constraint satisfaction, performance optimization, direct generation, and preference judgment.

Given a preference pair (x, yc, yr) where yc is
the chosen configuration with R(θc) > R(θr), the
Reward Preference Optimization objective opti-
mizes:

LDPO(ϕ) = −E(x,yc,yr)∼Dcomparison

[︂
log σ

(︂

β log pϕ(yc | x)− β log pref(yc | x)
−β log pϕ(yr | x) + β log pref(yr | x)

)︂]︂
.

(49)

where σ is the sigmoid function, β is the temper-
ature parameter, pϕ is the current policy, and pref
is the reference policy initialized from the Stage 3
SFT checkpoint. The log-probability ratios mea-
sure how much the policy prefers chosen over re-
jected responses relative to the reference policy.

Through this reward preference optimization,
the model learns a nuanced decision boundary: it
absolutely rejects memory-violating architectures
(R = 0) while making fine-grained quality distinc-
tions among valid configurations based on accu-
racy.

H Responsible NLP Research Checklist

H.1 Benchmark Documentation
Table 17 summarizes the coverage of the HAR
benchmarks used in this work, including activity
classes, sample shapes, sensor channels, body posi-
tions, and representative scenarios.

H.2 Artifacts and licenses
We use publicly available HAR benchmarks, open-
source baseline implementations when available,
and LLaMA-3.1-8B as the backbone LLM. All
external artifacts are used only for research and
evaluation purposes, following their original access

conditions and licenses. The artifacts created in
this work, including generated architecture config-
urations, training logs, and adapted models, are
intended for research on memory-constrained ar-
chitecture generation and edge HAR deployment.

H.3 Ethical Considerations: Privacy and
Potential Risks

We do not collect new human-subject data. All
experiments are conducted on existing public HAR
benchmarks. The data used in this work consist of
sensor-based activity samples rather than natural-
language text, and we do not use names, identity
labels, images, or other personally identifying infor-
mation. We also do not attempt to infer individual
identities from sensor traces.

QuaNAG targets HAR model generation for
wearable and edge devices. Such models may be
used in privacy-sensitive activity monitoring sce-
narios if deployed without appropriate safeguards.
Our experiments are limited to public benchmarks
and controlled edge-device evaluation, and the gen-
erated models are intended for research use rather
than direct safety-critical or surveillance deploy-
ment.

H.4 Implementation Details and
Hyperparameters

Table 18 reports the launcher-level hyperpa-
rameters used for quantization-branched MCTS.
Dataset-specific memory budgets follow the in-
domain and out-of-domain settings described in
the experimental setup.

Table 19 summarizes the main hyperparameters
used for the constraint-to-quality curriculum. Qua-
NAG uses LLaMA-3.1-8B as the backbone LM,
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Benchmark #Classes Sample Shape Body Position Activity Coverage

Mhealth (Banos et al., 2014) 12 569×500×23 Chest, right wrist, and left
ankle

Health-related daily activities, including standing, sitting, lying,
walking, climbing stairs, forward bending, and jumping.

MMAct (Kong et al., 2019) 35 7843×250×9 Pants pocket Daily and transportation-related actions, including walking, run-
ning, cycling, driving, static postures such as sitting/standing,
and transition actions.

Wharf (Bruno et al., 2013) 14 1322×320×3 Wrist Industrial and warehouse activities, including loading/unloading
goods, forklift operation, walking, standing, and dock/yard oper-
ation behaviors.

USCHAD (Zhang and Sawchuk, 2012) 12 2236×1000×6 Right hip Daily activities, including walking in different directions, run-
ning, going upstairs/downstairs, jumping, sitting, standing, lying,
and taking an elevator up/down.

UTD-MHAD (Chen et al., 2015) 27 861×300×6 Right wrist or right thigh Sports and interactive actions, including waving, punching, clap-
ping, jumping, bending/squatting, and interaction actions such
as throwing and catching.

Table 17: Documentation of HAR benchmarks used in this work. The sample shape denotes the number of samples,
temporal length, and sensor channels.

and all SFT and DPO stages are performed with
LoRA-based parameter-efficient fine-tuning.

H.5 Computational Details
QuaNAG uses LLaMA-3.1-8B as the backbone LM
and performs both SFT and DPO with LoRA-based
parameter-efficient fine-tuning. All experiments
are conducted on a workstation equipped with 4
NVIDIA RTX 4090 GPUs, dual Intel Xeon Gold
6430 processors, Ubuntu, and CUDA 12.8. We
report the main LoRA fine-tuning hyperparameters
in Table 19 and the main search settings in Table 18.
The LoRA-based fine-tuning pipeline takes approx-
imately 5-9 hours in total on our workstation for
each benchmark. Specifically, the validity SFT
stage takes about 1.9-4.0 hours, the improvement
SFT stage takes about 0.8-2.1 hours, the generation
SFT stage takes about 0.6-2.1 hours, and the final
DPO stage takes about 2.2-5.4 hours.

H.6 Software and packages
We implement QuaNAG using PyTorch 2.4.0 and
HuggingFace Transformers 4.56.2. LoRA-based
SFT and DPO are conducted with PEFT 0.17.1,
TRL 0.9.6, and LLaMA-Factory 0.9.4.dev0.
Dataset processing is implemented with
Datasets 4.0.0, NumPy 1.26.4, Pandas 2.3.3,
and Scikit-learn 1.6.1. The experiments use
CUDA 12.8 with TorchVision 0.19.0 and Tor-
chAudio 2.4.0. Static PTQ, QAT, and QAFT are
implemented with PyTorch quantization utilities.

H.7 Use of AI assistants
AI assistants were used to support language polish-
ing, code debugging, and writing refinement. All
technical claims, experimental results, and final
manuscript content were checked and verified by
the authors.
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Hyperparameter Value Description

Search iterations 50 Number of MCTS iterations
Initial seeds 4 Number of initial forest root configurations
GPUs 4 Number of GPUs used for parallel search
Training epochs 200 Training epochs for each generated architecture
Exploration weight 6.0 UCT exploration coefficient
Timeout 300s Timeout for HAR search when no new result is returned
Maximum memory Dataset-specific Memory budget specified by each experiment
Task type HAR Automatically inferred from the dataset
Search space Dataset-specific Defined by the architecture search-space configuration
Quantization modes none/static/qat/qaft Candidate quantization branches
Checkpointing Enabled Save and resume search states during MCTS

Table 18: Main hyperparameters for quantization-branched MCTS.

Setting Validity SFT Improvement SFT Generation SFT DPO

Stage SFT SFT SFT DPO
Backbone LM LLaMA-3.1-8B
Dataset type Validity Improvement Generation Comparison
Cutoff length 4096 4096 4096 4096
LoRA rank 16 16 16 16
LoRA alpha 32 32 32 32
LoRA dropout 0.05 0.05 0.05 0.05
LoRA target all all all all
Learning rate 5.0×10−5 1.0×10−5 3.0×10−5 5.0×10−7

Epochs 3 6 3 3
Train batch size 2 2 2 2
Eval batch size 2 2 2 2
Gradient accumulation 8 8 8 8
Warmup steps 20 40 30 30
Validation split 0.1 0.1 0.1 0.05
Optimizer adamw_torch adamw_torch adamw_torch adamw_torch
LR scheduler cosine cosine cosine cosine
Max grad norm 1.0 1.0 1.0 1.0
Precision fp16 fp16 fp16 fp16
Eval steps 100 100 100 100
Save steps 100 100 100 100
Logging steps 5 5 5 5
DPO beta – – – 0.1
DPO loss – – – sigmoid

Table 19: Hyperparameters for the constraint-to-quality curriculum.
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