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Abstract

Large Language Models (LLMs) fine-tuning techniques not
only improve the adaptability to diverse downstream tasks,
but also mitigate adverse effects of model quantization. De-
spite this, conventional quantization suffers from its structural
limitation that hinders flexibility during the fine-tuning and
deployment stages. Practical on-device tasks demand differ-
ent quantization precisions (i.e. different bit-widths), e.g., un-
derstanding tasks tend to exhibit higher tolerance to reduced
precision compared to generation tasks. Conventional quanti-
zation, typically relying on scaling factors that are incompat-
ible across bit-widths, fails to support the on-device switch-
ing of precisions when confronted with complex real-world
scenarios. To overcome the dilemma, we propose OTARo, a
novel method that enables on-device LLMs to flexibly switch
quantization precisions while maintaining performance ro-
bustness through once fine-tuning. OTARo introduces Shared
Exponent Floating Point (SEFP), a distinct quantization
mechanism, to produce different bit-widths through simple
mantissa truncations of a single model. Moreover, to achieve
bit-width robustness in downstream applications, OTARo
performs a learning process toward losses induced by differ-
ent bit-widths. The method involves two critical strategies:
(1) Exploitation-Exploration Bit-Width Path Search (BPS),
which iteratively updates the search path via a designed scor-
ing mechanism; (2) Low-Precision Asynchronous Accumu-
lation (LAA), which performs asynchronous gradient accu-
mulations and delayed updates under low bit-widths. Experi-
ments on popular LLMs, e.g., LLaMA3.2-1B, LLaMA3-8B,
demonstrate that OTARo achieves consistently strong and ro-
bust performance for all precisions.

Introduction
In recent years, Large Language Models (LLMs) have
shown outstanding capabilities in Natural Language Pro-
cessing (NLP) (Achiam et al. 2023; Zubiaga 2024), and on-
device deployment of LLMs has emerged as a frontier re-
search direction to enable real-time responsiveness, privacy,
and personalization in intelligent terminal services (Qu et al.
2025; Tang et al. 2025). With advances in processing power,
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Figure 1: A comparison of conventional quantization and
Shared Exponent Floating Point (SEFP) in supporting dy-
namic precision switching. Gray arrows represent quantiza-
tion, while red arrows indicate cross-precision conversion.
M8, M6, and M4 denote mantissa bit-widths in SEFP.

memory bandwidth, and storage capacity of edge devices,
on-device deployment of compact LLMs becomes feasible.
In parallel, model compression techniques, e.g., quantiza-
tion (Achiam et al. 2023; Lin et al. 2024), reduce deploy-
ment costs while incurring some accuracy degradation.

For a better inference performance of LLMs in devices,
fine-tuning techniques play a pivotal role by not only en-
hancing the adaptability across downstream tasks, but also
effectively mitigating the accuracy degradation induced by
quantization (Yang et al. 2024b; Lu, Luu, and Buehler
2025). Despite this, conventional quantization still faces
challenges in complex real-world scenarios due to its inher-
ent limitation in switching bit-widths.

Practical on-device tasks require different quantization
precisions, corresponding to different bit-widths. For in-
stance, generation tasks tolerate increased inference time
in exchange for a higher precision, whereas understanding
tasks can obtain immediate responses with a lower precision
(Manduchi et al. 2024). In addition, different precisions can
be employed in the prefill and decoding phases to optimize
the inference efficiency (Qiao et al. 2025). Consequently, the
practical on-device deployment necessitates support for all
precisions, rather than a model with a fixed precision.

In conventional quantization, the original weights are
scaled and clipped into different numerical ranges depend-
ing on the bit-width, which prevents the reuse of scaling fac-
tors (scales) across precisions. Once quantized to a specific
bit-width, the model loses the flexibility to switch between
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precisions. Edge devices can maintain a model zoo contain-
ing models of each precision, which substantially increases
storage overhead and extends the total fine-tuning time. Al-
ternatively, compressing a full- or half-precision model into
various quantization precisions at runtime still requires of-
fline fine-tuning for bit-specific and high-quality scaling fac-
tors, thereby incurring similar fine-tuning burdens. It also
increases storage demands and introduces non-negligible
computational costs during on-device quantization.

To address the challenges, this paper proposes OTARo
(Once Tuning for All Precisions Toward Robust On-Device
LLMs), which obtains one unified model through once fine-
tuning to support all quantization precisions. OTARo intro-
duces Shared Exponent Floating Point (SEFP), a distinct
quantization mechanism. Notably, compared to conventional
quantization, SEFP eliminates scaling factors and allows
flexible switching of precisions, as illustrated in fig. 1. In
SEFP, an exponent is shared in each group of parameters,
and individual mantissas are maintained for each parame-
ter. After aligning exponents, any expected bit-width can be
achieved through simple mantissa truncation, and the higher
bit-widths can be easily converted to the lower ones.

Furthermore, to enhance performance robustness across
bit-widths, OTARo introduces an efficient learning scheme
that jointly optimizes for mixed quantization losses induced
by different SEFP configurations. The learning process in-
corporates an iterative bit-width selection, and adopts de-
layed updates to mitigate the effects of low-precision train-
ing. Generally, by unifying all precisions within one fine-
tuned model and obviating the need for separate fine-tuning
per bit-width, OTARo substantially enhances resource effi-
ciency and deployment flexibility in practical applications.

The contributions of our work are summarized as follows:

• We propose OTARo, a novel fine-tuning paradigm for
building robust on-device LLMs. OTARo produces a uni-
fied model through once fine-tuning to support all quan-
tization precisions. It introduces Shared Exponent Float-
ing Point (SEFP) to enable lightweight and hardware-
friendly multi-precision adaptation, and jointly update
weights for quantization errors from different bit-widths.

• We identify the commonality on gradient directions un-
der all bit-width settings, and then propose Exploitation-
Exploration Bit-Width Path Search (BPS) strategy to de-
termine the optimal sequence of bit-widths.

• We observe that low-precision training induces severe
gradient oscillations. To mitigate the oscillations, we
conduct high-dimensional projection analysis on the gra-
dients, and propose Low-Precision Asynchronous Accu-
mulation (LAA) strategy, which performs asynchronous
gradient accumulations and delayed updates.

• We conduct the comprehensive evaluations on popular
LLMs, e.g., LLaMA3.2-1B and LLaMA3-8B. Experi-
mental results show that OTARo consistently outper-
forms baselines across all tested bit-widths, in both task-
specific and zero-shot settings, highlighting its robust-
ness for multi-precision deployment of LLMs.

Related Work
Quantization
Quantization is a critical technique to reduce the memory
footprint and inference costs (Wei et al. 2024). Post-Training
Quantization (PTQ) methods quantize a pre-trained model
without retraining. GPTQ (Frantar et al. 2022) uses arbitrary
order quantization, lazy batch updates, and Cholesky refor-
mulation. CFWS (Yang et al. 2024a) introduces coarse &
fine weight splitting and an enhanced KL calibration metric.
AWQ (Lin et al. 2024) finds the salient weights based on the
activation distribution, and scales the salient weight chan-
nels through an equivalent transformation. QuaRot (Ashk-
boos et al. 2024) uses Hadamard transform and computa-
tional invariance to mitigate outliers in activations. Spin-
Quant (Liu et al. 2024) uses a learnable rotation matrix that
is fused into weights. Any-Precision LLM (Park et al. 2024)
performs incremental upscaling and specialized hardware
design to merge multiple integer formats. QUARK (Zhao
et al. 2025) proposes a reordering-based group quantization
scheme. Quantization-Aware Training (QAT) methods in-
corporate fake quantization in training, allowing models to
lea quantization noises (Liu et al. 2023; Chen et al. 2024).

Shared Exponent Floating Point
Shared Exponent Floating Point (SEFP) quantization shares
an exponent in each parameter group while maintaining in-
dividual mantissas for each parameter (Gao et al. 2024; Zhou
et al. 2025). SEFP quantization procedure consists of two
main steps, illustrated in fig. 2. Firstly, the maximum expo-
nent of each parameter group is selected as the shared one
before each mantissa is shifted right according to the differ-
ence between the shared exponent and its original one. Sec-
ondly, shifted mantissas are truncated to a fixed width. SEFP
bit-width is typically donated as EeMm, where e and m de-
note the bit-width of exponents and mantissas, respectively.
Accuracy declines arise almost from the forced truncation in
Step 2; the impacts of mantissa overflow in step 1 is negligi-
ble. (Kalliojarvi and Astola 2002).

Method
Preliminaries
Due to the non-differentiable operations involved in SEFP
quantization, such as mantissa right-shifting and truncation,
we incorporate the Straight-Through Estimator (STE) (Yin
et al. 2019) to approximate the gradients, and introduce
SEFP quantization errors into training losses to facilitate the
learning process. The approach is formulated as follows:

∂Q(ω, b)

∂ω
= 1 (1)

L = Loss(y,Q(ω, b)x) (2)

∂L
∂ω

=
∂L

∂Q(ω, b)

∂Q(ω, b)

∂ω
=

∂L
∂Q(ω, b)

(3)

where, ω is weight, Q(·, b) is SEFP function targeting bit-
width b, x is input, y is label, Loss(·) is training loss func-
tion. In the above manner, OTARo enables models to adapt
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Figure 2: A simple illustration of SEFP quantization (e.g., from FP16 to E5M8) of a group of parameters. Step 1 shows the
exponent alignment and mantissa right-shifting for FP16 values. Step 2 shows the forced mantissa truncation.
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Figure 3: A comparison of uniform sampling, BPS sam-
pling and fixed precision fine-tuning. We illustrate the per-
plexity results of the three approaches. In the experiments,
LLaMA3.2-1B is fine-tuned and evaluated on the WikiText2
train and test set, respectively.

to quantization errors from different SEFP bit-widths, and
fixed precision fine-tuning only learns for quantization er-
rors from a specific bit-width.

Problem Statement
In OTARo, once fine-tuning is performed to obtain a model
robust to all bit-widths in SEFP. Each bit-width corresponds
to a certain level of precision, with higher bit-widths yield-
ing higher precision. The objective can be formulated as:

ω = argmin
ω

1

|B|
∑
b∈B

L(Q(ω, b)) (4)

where, b is the bit-width, B is the set of bit-widths, L(·)
is test loss function, and Q(ω, b) is SEFP function under
bit-width b. We aim to develop a single model to maintain
high performance across all bit-widths, achieving accuracy
comparable to the original model before quantization, thus
supporting robust and adaptable on-device deployment of
LLMs.

Exploitation-Exploration Bit-Width Path Search
To ensure robustness across bit-widths, an intuition is to uni-
formly sample all target bit-widths, and facilitate models to
update based on the gradients induced by quantization er-
rors of different bit-widths. However, our empirical results
indicate that this straightforward sampling approach does
not align with fixed precision fine-tuning in performance, as
shown in fig. 3. This finding prompts us to rethink: whether
different bit-widths should be sampled non-uniformly, and
scheduled in a deliberate order during fine-tuning.

To assess the feasibility of sampling all bit-widths for ro-
bustness, and to inform the design of a practical implementa-

tion strategy, we revisit bit-width sampling from a gradient-
centric perspective, as illustrated in fig. 4.

It can be observed that the gradients produced at differ-
ent bit-widths exhibit a certain degree of similarity, which
supports the feasibility of enhancing robustness by sampling
all bit-widths. Furthermore, for both the higher and lower
bit-widths, the gradient direction shows higher consistency
with those of the higher ones, but less consistency even with
that of the adjacent lower one. This commonality suggests
the existence of a larger shared potential subspace between
higher bit-widths and others in terms of gradient directions.

Motivated by the observation and analysis, we argue that
the bit-width sampling should not only explore all bit-widths
to sufficiently learn the loss landscapes across them, but
also gradually update toward higher bit-widths that exhibit
stronger alignment with the others in gradient directions.

Accordingly, we propose the Exploitation-Exploration
Bit-Width Path Search (BPS) strategy, which iteratively se-
lects the bit-width that achieves the highest score in a de-
signed scoring mechanism. The scoring mechanism is for-
mulated as follows:

Score(b) = λ

√
ln t

tb
− Lb (5)

where, the score of bit-width b is denoted as Score(b), Lb

is the real-time loss for bit-width b, t is the current num-
ber of training batches, tb is the search frequency of b, and
exploration coefficient λ is a constant multiplied by the ex-
ploration term.

This design encourages the bit-width search path to ex-
plore underutilized bit-widths. As fine-tuning progresses,
the exploration term of frequently used bit-widths gradu-
ally decreases, naturally leading to sampling underutilized
ones. The dynamic balance ensures diversity in bit-width
selection. This design also ensures that, as the number of
batches increases, higher bit-widths are selected more fre-
quently than lower ones. To validate this convergence prop-
erty, we examine whether the score discrepancy between the
higher and lower bit-widths consistently converges toward
a positive value as t increases. Suppose h and l denote two
distinct bit-widths, and h is the higher one. The score differ-
ence is defined as:

∆ = (λ

√
ln t

th
− Lh)− (λ

√
ln t

tl
− Ll) (6)

where, T is the total number of batches, th, tl are respec-
tively the current counts of h and l being searched (approx-
imately increasing linearly), Lh, Ll are the corresponding
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Figure 4: Cosine similarities between the gradients produced by different bit-widths of the LLaMA3.2-1B layer-15 q/k/v/down
projector. There exists a certain degree of similarity between gradients under different bit-widths. Furthermore, the gradient
at each bit-width tends to exhibit stronger similarity with that of its higher bit-width. For example, for q projector, the cosine
similarity of gradients between E5M5 and E5M8/E5M7/E5M6 is 0.97, whereas the cosine similarity with E5M4 and E5M3
decreases to 0.86 and 0.72, respectively.

losses at bit-widths h and l, with Ll generally being larger
due to the lower precision of l. We reorganize the terms in
the above equation:

∆ = (Ll − Lh) + λ(

√
t

th
−
√

t

tl
)

√
ln t

t
(7)

As t increases to a high value, ∆ approaches Ll − Lh,
which is increasingly likely to be positive:

lim
t→T

√
ln t

t
→ 0 (8)

lim
t→T

∆→ Ll − Lh (9)

Therefore, the search path in the BPS strategy gradually
converges toward the higher bit-widths with smaller losses
and more robust gradient directions. As show in fig. 3, the
sampling based on the BPS strategy can match or even out-
perform fixed-precision fine-tuning in each bit-width.

Low-Precision Asynchronous Accumulation
Through the BPS strategy, we obtain a search path that suf-
ficiently explores multiple bit-widths while gradually favor-
ing higher ones. However, the robustness of fine-tuned mod-
els suffers from the impacts of low bit-widths. To address
this issue, we propose the Low-Precision Asynchronous
Accumulation (LAA) strategy, which utilizes a distinctive
weight update scheme under continuous low-bit width sam-
pling conditions. To demonstrate the problem, we perform a
detailed analysis of errors introduced by SEFP quantization:

Lq =
1

2
||xQ(ω,m)− xω||2 (10)

=
1

2
||x[ω2

m]

2m
− xω||2 (11)

∂Lq

∂ω
=

x (ω2m − [ω2m])

2m
· ∂Q(ω,m)

∂ω
(12)
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Figure 5: The errors of gradient norms ||∇sefp|| − ||∇fp|| un-
der different SEFP bit-widths. Gradients are calculated on
LLaMA3.2-1B layer-15 down projector.

where, Lq denotes an approximation of the SEFP error,
∂Lq/∂ω is the derivative of the error with respect to the
weight., m denotes the number of mantissa bits in SEFP,
and [·] is rounding function. Suppose ω0 is an arbitrary pa-
rameter in ω, we define the function ϵ(ω0) as:

ϵ(ω0) =
ω02

m − [ω02
m]

2m
(13)

Function ϵ(ω0) describes a sawtooth wave with both pe-
riod and amplitude equal to 1/2m. Due to the discontinuities
introduced by the rounding operation, the function linearly
increases from 0 within each period, then abruptly drops to
a negative value before jumping back to 0, forming a peri-
odic oscillatory pattern. When m is small, the wave exhibits
larger amplitudes, leading to more pronounced oscillations.
In low bit-width settings, changes in parameters can induce
significant and periodic variations in SEFP quantization er-
rors, resulting in periodic and intense oscillations in both
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Figure 6: Y values. For model LLaMA3.2-1B and dataset
WikiText2, the figure shows the Y values of 30 gradient val-
ues in 200 batches, and indicates that E[Y ] ≈ 0.

loss and gradient during fine-tuning.
Suppose that the gradient in FP16, SEFP fine-tuning are

respectively ∇fp and ∇sefp, the error of gradient norms in-
duced by SEFP is ||∇sefp|| − ||∇fp||. As shown in fig. 5,
we observe that the oscillations in ||∇sefp|| − ||∇fp|| become
more intense as the bit-width decreases, and the oscillation
exhibits an overall periodic pattern, providing indirect sup-
port for the above inference.

Based on these analysis, the error introduced by SEFP
quantization is a critical issue to be tackled under low bit-
widths. To measure the space distance between gradients
with and without introducing SEFP quantization errors (i.e.,
∇fp and ∇sefp, respectively), we model the relationship of
them through a high-dimensional linear mapping:

∇sefp = X · ∇fp + Y (14)

where X denotes the global linear mapping matrix from
∇fp to ∇sefp, and Y represents the residual perturbation
term introduced by quantization, which corresponds to the
non-linear and unexplained quantization noise. Estimation
of X ,Y is achieved by Least Squares Method (LSM).

To empirically validate the statistical properties of the
perturbation Y , we conduct experiments under the low bit-
width setting (e.g., E5M3). As shown in fig. 6, the results
indicate that while Y exhibits considerable fluctuation be-
tween batches, its mean remains close to zero, that is,

E[Y ] ≈ 0 (15)

In the LAA strategy, gradients are asynchronously accu-
mulated over N batches to generate a gradient ∇N

sefp to up-
date models.∇N

sefp can be expressed as:

∇N
sefp =

N∑
i=1

∇sefp,i = X
N∑
i=1

∇fp,i +
N∑
i=1

Yi. (16)

Algorithm 1: Overall Pipeline of OTARo.

Require: Batch id t, total number of batches T , bit-width
b, training loss function Loss(), weight ω, quantized ω
under a bit-width b Q(ω, b), exploration coefficient λ,
search count of a bit-width b tb, inputs x, labels y, batch
id and also a flag for gradient accumulations i (starts
from 0), delayed interval N , learning rate η.

1: for each batch t = 1 to T do
2: Calculate scores: Score(b) = λ

√
(ln t)/tb − Lb

3: Select optimal bit-width b∗ = argmaxb Score(b)
4: Calculate the training loss: L = Loss(y,Q(ω, b∗)x)
5: Calculate the gradient: ∇sefp = ∂L/∂Q(ω, b)
6: if bit-width is ultra-low then
7: if i is 0 then
8: Initialize the general gradient:∇N

sefp ← ∇sefp
9: else

10: Accumulate gradients:∇N
sefp ← ∇N

sefp +∇sefp

11: end if
12: i← i+ 1
13: if i is N then
14: Update weights: ω ← ω − η∇N

sefp
15: i← 0
16: end if
17: else
18: Standard gradient updates: ω ← ω − η∇sefp
19: end if
20: end for

Suppose independence or weak correlation among the Yi,
the relative influence of the perturbation with N rising di-
minishes as: ∥∥∥∑N

i=1 Yi

∥∥∥∥∥∥∑N
i=1∇fp,i

∥∥∥ ∝ 1√
N
→ 0 (17)

Accordingly, the parameter update rule under the LAA
strategy becomes:

ω ← ω−η

N∑
i=1

∇sefp,i = ω−ηX

N∑
i=1

∇fp,i−η

N∑
i=1

Yi (18)

where η is the learning rate. For the cumulative perturbation
tends toward zero expectation, the high-frequency oscilla-
tions introduced by low bit-widths are effectively mitigated.
This stabilizes the training process and enhances conver-
gence. In addition, asynchronous accumulation avoids the
memory growth in the computing device.

Finally, the pseudo-code (algorithm 1) is presented to
more vividly demonstrate the overall pipeline.

Experiments
In this section, we present a comprehensive evaluation of
the proposed OTARo method. We report the experimental
setup, i.e., models, datasets, methods and implementation
details, and show the overall results. In addition, we per-
form ablation studies, and calculate the memory reduction
and speedup of SEFP quantization.
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Models Methods E5M8 E5M7 E5M6 E5M5 E5M4 E5M3

LLaMA2-7B

Before Fine-Tuning 57.64% 57.65% 57.64% 57.42% 57.79% 56.99%
FP16 Fine-Tuning 58.24% 58.27% 58.14% 57.96% 57.82% 56.46%
Fixed Precision Fine-Tuning 58.31% 58.32% 58.27% 58.20% 58.14% 57.09%
Ours 59.15% 59.09% 58.93% 58.75% 58.70% 57.72%

LLaMA2-13B

Before Fine-Tuning 60.87% 60.75% 60.76% 60.87% 60.40% 60.41%
FP16 Fine-Tuning 61.43% 61.42% 61.43% 61.13% 60.84% 60.01%
Fixed Precision Fine-Tuning 61.54% 61.43% 61.50% 61.17% 61.23% 60.63%
Ours 62.33% 62.05% 62.11% 61.83% 61.89% 61.10%

LLaMA3-8B

Before Fine-Tuning 62.44% 62.35% 62.49% 62.31% 62.01% 59.81%
FP16 Fine-Tuning 63.42% 63.50% 63.44% 63.29% 61.23% 59.62%
Fixed Precision Fine-Tuning 63.89% 63.64% 63.55% 63.34% 62.30% 59.84%
Ours 64.09% 64.12% 63.99% 63.84% 63.34% 60.67%

LLaMA3.2-3B

Before Fine-Tuning 57.21% 57.10% 57.39% 57.29% 56.68% 54.52%
FP16 Fine-Tuning 57.80% 57.75% 57.92% 57.74% 56.78% 54.57%
Fixed Precision Fine-Tuning 57.89% 58.08% 58.14% 57.85% 57.00% 54.78%
Ours 58.48% 58.46% 58.64% 58.21% 57.82% 56.03%

Qwen3-8B

Before Fine-Tuning 64.45% 64.38% 64.72% 63.29% 63.13% 58.65%
FP16 Fine-Tuning 65.82% 65.62% 65.80% 64.95% 63.62% 58.60%
Fixed Precision Fine-Tuning 65.93% 66.10% 65.91% 65.14% 64.82% 61.05%
Ours 66.74% 66.64% 66.58% 66.19% 66.13% 61.51%

Table 1: Zero-shot results of LLaMA2-7B, LLaMA2-13B, LLaMA3-8B, LLaMA3.2-3B, Qwen3-8B. We report average accu-
racies of all zero-shot tasks, i.e., Arc-Challenge, Arc-Easy, BoolQ, HellaSwag, MATHQA, OpenBookQA, PIQA, WinoGrande.
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Figure 7: Task-specific fine-tuning results of LLaMA3.2-1B.

Setup
Models In the current development of LLMs, LLaMA
(Touvron et al. 2023; Grattafiori et al. 2024) and Qwen(Yang
et al. 2025) families have gained popularity due to strong
performance and broad community support. Accordingly, in
zero-shot experiments, we use LLaMA2-7B, LLaMA2-13B,
LLaMA3-8B, LLaMA3.2-3B and Qwen3-8B, and in task-
specific fine-tuning experiments, we use LLaMA3.2-1B.

Datasets For zero-shot experiments, we adopt the Alpaca
(Taori et al. 2023) dataset. Each model is fine-tuned on Al-
paca, and evaluated on a suite of benchmarks spanning dif-
ferent reasoning and understanding skills: ARC-Easy, ARC-
Challenge (Clark et al. 2018), BoolQ (Clark et al. 2019),

HellaSwag (Zellers et al. 2019), MATHQA (Amini et al.
2019), OpenBookQA (Mihaylov et al. 2018), PIQA (Bisk
et al. 2020), WinoGrande (Sakaguchi et al. 2021). For task-
specific fine-tuning experiments, we adopt the WikiText2
(Merity et al. 2016) dataset. The model is fine-tuned and
evaluated using its train and test set, respectively.

Methods We evaluate pre-trained models to show the opti-
mizations from fine-tuning. FP16 fine-tuning and fixed pre-
cision fine-tuning are also included as baselines to highlight
the bit-width robustness achieved by OTARo. In fixed preci-
sion fine-tuning, the backpropagation-based weight update
mechanism aligns with that employed in OTARo. Fixed pre-
cision fine-tuning make the models adapt to quantization er-
rors from each fixed bit-width, while multiplying the total
fine-tuning time.

Implementation Details In the experiments, we set the
learning rate to 1e-5, and use SGD optimizer. SEFP group
size is set to 64, and the bit-widths include {E5M8, E5M7,
E5M6, E5M5, E5M4, E5M3}. In the BPS strategy, explo-
ration coefficient λ is set to 5, and in the LAA strategy, de-
layed updates are performed with a delay step N=10. For
zero-shot experiments, each model is fine-tuned in a sin-
gle epoch to avoid excessive adaptation, and evaluated with
accuracy (%). For task-specific fine-tuning experiments, the
model is fine-tuned in 20 epochs for a well-converged state,
and evaluated with perplexity, i.e. PPL. In ablation studies,
strategies comparison, λ, and N are included. All experi-
ments are conducted on NVIDIA A6000 GPUs.

Zero-Shot Results
We report overall results of zero-shot experiments in table 1,
where OTARo consistently achieves the highest average ac-
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(a) strategies comparison (b) exploration coefficient λ (c) delay step N

Figure 8: Ablation results. We show the ablation results for strategies, exploration coefficient λ, delay step N . For strategies
comparison, we report average accuracies of all zero-shot tasks, and for the others, we report E5M8 accuracies in each task.

curacy across all bit-widths (E5M8 to E5M3) for all models.
For challenging low-bit settings (E5M4, E5M3), OTARo

also obtains high accuracies and outperforms the baselines.
For example, in LLaMA3-8B, OTARo achieves 63.34% at
E5M4 and 60.67% at E5M3, compared with 62.30% and
59.84% from fixed precision fine-tuning, and 61.23% and
59.62% from FP16 fine-tuning. And, in Qwen3-8B, OTARo
reaches 66.13%, 61.51% respectively at E5M4, E5M3, ex-
ceeding both fixed precision fine-tuning results (64.82%,
61.05%) and FP16 fine-tuning results (63.62%, 58.60%).

These experimental results highlight the ability of OTARo
to maintain robust performance in zero-shot tasks.

Task-Specific Fine-Tuning Performances
As shown in fig. 7, in the task-specific fine-tuning task,
OTARo outperforms all baselines, achieving the lowest per-
plexity in all bit-widths. Then, specific numerical values are
provided to show the optimization. Compared to fixed pre-
cision fine-tuning, OTARo obtains an average reduction of
0.16 PPL, and at lower bit-widths, the benefits are more pro-
nounced, with reductions of 0.27 and 0.32 PPL respectively
at E5M4 and E5M3. The experimental results confirm the
effectiveness of OTARo in task-specific fine-tuning.

Ablation Studies
We perform ablation studies to evaluate the impacts of the
BPS and LAA strategies. BPS alone can achieve robustness
by exploring multiple bit-widths rather than relying on a
fixed one. However, BPS-only fine-tuned models still suffer
from low-precision gradient oscillations. By incorporating
LAA, the model obtains further performance improvements.

Moreover, we ablate exploration coefficient λ in BPS.
A value too large causes an under-use of high precisions,
whereas a value too small leads to an insufficient exploration
of low precisions. Experiments with λ ∈ {3, 4, 5, 6, 7} con-
firm that λ=5 offers the best balance.

We also explore different values of delay step N in LAA.

Precisions Mem. (GB) Dec. Thpt. (token/s)
FP16 15.20 39.00

SEFP-E5M4 4.77 (69% ↓) 95.65 (×2.45)

Table 2: The memory consumption (Mem.) and decoding
throughput (Dec. Thpt.) of FP16 and SEFP LLaMA-8B
(E5M4 taken as an example for SEFP).

N=10 strikes a balance between smoothing gradient oscil-
lations and ensuring sufficient updates, achieving the best
performance compared to N=5 and N=20.

Ablation results are shown in fig. 8.

Memory and Speed
We benchmark the memory consumption (including storage
spaces for weights and KV cache) and decoding throughput
of LLaMA3-8B respectively under FP16 and SEFP data for-
mats, suppose an input of 2000 tokens, to show the efficiency
gains from SEFP quantization. As shown in table 2, from
FP16 to SEFP, the memory consumption is reduced by 69%,
and the speedup of decoding throughput reaches ×2.45.
These results highlight the practical advantages of SEFP in
enabling light-weight and high-throughput on-device LLMs.

Conclusion
In this paper, we have proposed OTARo, a novel fine-tuning
method that enables robust, flexible, and hardware-friendly
LLMs at edge. OTARo can obtain one unified model to sup-
port all precisions after once fine-tuning. It introduces SEFP
quantization to switch precisions flexibly, and performs a
complete end-to-end learning workflow that stabilizes the
performances across precisions. Experiments demonstrate
its effectiveness in multiple LLMs and domains. In sum-
mary, this work advances the multi-precision adaptation of
on-device LLMs, and provides a crucial methodological
support for the real-world edge intelligence.
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