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Abstract

Deploying and fine-tuning Large Language
Models (LLMs) on resource-constrained edge
devices requires navigating a strict trade-off be-
tween memory footprint and task performance.
Existing quantization-aware fine-tuning meth-
ods typically decouple weight precision and
adapter capacity, overlooking that a layer’s abil-
ity to adapt is constrained by the information
preserved in its frozen weights. Layers that
are highly sensitive to quantization—whether
due to representational specialization or accu-
mulated error propagation—can become bot-
tlenecks that adapter rank alone cannot re-
cover. To address this issue, we introduce QR-
Adaptor, a unified framework that jointly op-
timizes per-layer quantization bit-width and
LoRA rank. We formulate resource alloca-
tion as a multi-objective discrete search guided
by empirical layer-wise sensitivity, and imple-
ment it with a three-stage pipeline compris-
ing KL-based sensitivity profiling, evolution-
ary exploration, and Bayesian refinement. Ex-
tensive experiments across LLaMA and Qwen
models, including modern instruction tuning
on OpenOrca and comparisons with strong
PEFT baselines such as QDoRA, show that
QR-Adaptor establishes a strong Pareto fron-
tier: under a strict 4-bit memory budget, it
matches or approaches 16-bit baselines while
using substantially less memory. Our code
is publicly available at https://github.
com/harrysyz99/qr_adapter.

1 Introduction

The democratization of LLMs relies heavily on the
ability to fine-tune and deploy them on consumer-
grade hardware (Touvron et al., 2023; Wan et al.,
2023). To circumvent the prohibitive memory
costs associated with full-parameter tuning, the
research community has converged on two pri-
mary paradigms for efficient adaptation: weight

*These authors contributed equally.
†Corresponding author.

quantization, which reduces the precision of the
frozen base model (Dettmers et al., 2022b; Frantar
et al., 2023), and Parameter-Efficient Fine-Tuning
(PEFT), which updates a sparse set of auxiliary pa-
rameters such as Low-Rank Adapters (LoRA) (Hu
et al., 2022). The integration of these techniques,
exemplified by QLoRA (Dettmers et al., 2023a),
has set a new standard for adapting massive models
under limited memory budgets.

However, current approaches largely treat quan-
tization and adaptation as independent optimiza-
tion problems. Recent automated quantization
frameworks (Lee et al., 2025b), successfully as-
sign mixed bit-widths based on layer sensitivity.
Yet, these methods are primarily designed for post-
training quantization, aiming to maximize recon-
struction fidelity for frozen inference models rather
than optimizing the model’s trainability. On the
other hand, adaptive PEFT methods (Zhang et al.,
2023; Zhou et al., 2025a) focus solely on rank allo-
cation, typically assuming a fixed or uniform base
model precision. This compartmentalized perspec-
tive ignores a fundamental coupling effect: the
learning potential of a fine-tuning adapter is inher-
ently constrained by the fidelity of the underlying
quantized weights. A high-rank adapter attached to
a layer collapsed by aggressive quantization may
yield diminishing returns, wasting valuable mem-
ory budget that could be better utilized elsewhere.

We attribute this limitation to the neglect of the
Fidelity-Plasticity Trade-off. In our theoretical
view, the performance of a layer is determined
by the synergy between its static capacity (Fi-
delity, determined by quantization bit-width) and
its dynamic adaptability (Plasticity, determined by
adapter rank). Transformer models exhibit sub-
stantial layer-wise heterogeneity, but its origin is
unlikely to be explained by a single factor. Prior
probing studies suggest that earlier layers often
capture more local or syntactic cues while later
layers support more abstract processing (Jawahar
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et al., 2019; Tenney et al., 2019); however, this di-
vision is not absolute, and later-layer fragility can
also reflect accumulated error propagation across
depth (Niu et al., 2022; Dettmers et al., 2022b).
Uniform quantization therefore risks suppressing
the Fidelity of precisely the layers whose outputs
are most sensitive to noise, creating an irreversible
information bottleneck. In such scenarios, increas-
ing the adapter rank (Plasticity) yields diminishing
returns because the underlying signal is too noisy
to be effectively modulated. Conversely, assigning
high precision to robust layers wastes memory bud-
get. Consequently, the optimal configuration is not
global uniformity, but a strategic re-allocation that
respects empirical layer-wise sensitivity. We posit
that efficiency is driven not merely by parameter
reduction, but by harmonizing the distinct require-
ments of Fidelity and Plasticity across different
layers. To operationalize this insight, we propose
shifting the paradigm from manual heuristics to
automated joint optimization.

To this end, we introduce QR-Adaptor, a uni-
fied framework that jointly optimizes per-layer bit-
width and LoRA rank. Unlike prior works that
rely on differentiable proxies which may misalign
with discrete quantization objectives, we formulate
the problem as a multi-objective discrete search
directly guided by downstream task performance.
We develop a systematic three-stage pipeline: start-
ing with task-informed initialization based on in-
formation theoretic sensitivity, proceeding with
global exploration via a Pareto-ranking genetic al-
gorithm, and concluding with local refinement us-
ing Bayesian Optimization. This approach allows
the model to automatically "steal" bits from redun-
dant layers and reinvest them into capacity-critical
ones.

Our main contributions are summarized as fol-
lows:

• We characterize the Fidelity-Plasticity Trade-
off in quantized fine-tuning. We provide em-
pirical evidence that decoupled optimization
leads to suboptimal resource allocation, as the
adaptation potential of high-rank adapters is
constrained when the underlying weight fi-
delity falls below a critical threshold.

• We propose QR-Adaptor, a gradient-free
framework that automates the joint search for
bit-width and rank. By treating resource allo-
cation as a multi-objective optimization prob-
lem, our method aligns numerical precision

with empirical layer-wise sensitivity rather
than assuming uniform precision or fixed man-
ual rules.

• We demonstrate that QR-Adaptor establishes
a strong Pareto frontier in the accuracy-
memory trade-off. Across LLaMA and
Qwen models, and in focused comparisons
on OpenOrca and advanced PEFT baselines,
a strategically allocated 4-bit memory bud-
get can rival the performance of 16-bit LoRA
baselines.

2 Related Work

2.1 LLM Quantization
Quantization facilitates efficient deployment by
mapping weights to lower precision. Early uniform
methods like LLM.int8 (Dettmers et al., 2022a)
enabled 8-bit inference. PTQ pushed limits to 4-
bit: GPTQ (Frantar et al., 2023) utilizes Hessian
information, while AWQ (Lin et al., 2023) protects
activation outliers. Recent advancements focus
on handling extreme outliers to unlock lower bit-
widths. SpQR (Dettmers et al., 2023b) and Atom
(Zhao et al., 2024) demonstrate that a small frac-
tion of "outlier" weights requires higher precision
to preserve model fidelity, while the vast majority
can be aggressively compressed. QuaRot (Ashk-
boos et al., 2024) further mitigates quantization
error via rotation matrices.

Recognizing the layer-wise heterogeneity of
LLMs, mixed-precision strategies have gained trac-
tion. MixLLM (Wang et al., 2025) and SliM-LLM
(Huang et al., 2025) assign bit-widths based on
saliency. More recently, AMQ (Lee et al., 2025b)
introduced an automated pipeline to search for op-
timal mixed-precision configurations. However,
these methods are primarily designed for inference
efficiency, aiming to maximize reconstruction fi-
delity for frozen models. They treat the model as
static, overlooking the plasticity required during
fine-tuning. As a result, a configuration optimized
purely for inference reconstruction often creates
bottlenecks for downstream adaptation.

2.2 Parameter-Efficient Fine-Tuning
PEFT adapts LLMs to downstream tasks with min-
imal overhead. LoRA (Hu et al., 2022) approxi-
mates updates via low-rank matrices. To improve
flexibility, dynamic rank allocation methods have
emerged. DyLoRA (Valipour et al., 2023) trains
LoRA modules across a range of ranks to enable
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dynamic search-free adaptation. AdaLoRA (Zhang
et al., 2023), RankAdaptor (Zhou et al., 2025a),
and LaRA (Zhou et al., 2026c) dynamically al-
locate or refine rank budgets based on layer im-
portance, while BSLoRA (Zhou et al., 2025b) im-
proves parameter efficiency through intra-layer and
inter-layer sharing. DoRA (Liu et al., 2024) further
decomposes weights into magnitude and direction
to resemble full fine-tuning capacity, and quantized
DoRA variants (QDoRA) strengthen the PEFT op-
erator itself in low-precision settings. Despite their
effectiveness, these methods typically assume a
fixed base model precision (e.g., uniform 4-bit).
They optimize the auxiliary parameters (adapters)
in isolation, ignoring the fact that a layer’s learning
potential is fundamentally constrained by the quan-
tization noise of its frozen weights. This "rank-
only" optimization leads to suboptimal resource
utilization, as high ranks may be allocated to layers
where the underlying information has already been
irreversibly damaged.

2.3 Quantization-Aware Fine-Tuning

The integration of quantization and PEFT aims to
enable training on consumer hardware. QLoRA
(Dettmers et al., 2023a) established the standard
by combining 4-bit NormalFloat quantization with
LoRA. Recent works have sought to refine this syn-
ergy. QA-LoRA (Xu et al., 2023) introduces group-
wise quantization-aware operators to reduce the
discrepancy between quantized weights and low-
rank adapters, enhancing stability. To mitigate the
quantization error introduced at the start of training,
LoftQ (Li et al., 2023) proposes a novel initializa-
tion strategy using Singular Value Decomposition
on the weight residuals. Concurrent work such as
AutoQRA (Zhou et al., 2026b) also explores joint
optimization of mixed-precision quantization and
low-rank adapters. QLoRA employs a rigid, uni-
form configuration. While QA-LoRA improves
the update mechanics, LoftQ improves initializa-
tion, and AutoQRA explores a related joint-search
direction, these methods generally operate under
different architectural assumptions or focus on com-
plementary aspects of the pipeline. In contrast, QR-
Adaptor focuses on the joint configuration search
of bit-width and rank. We argue that initialization
strategies and operator improvements are comple-
mentary to our architectural search; however, our
unique contribution lies in solving the resource al-
location problem to maximize the upper bound of
model performance under extreme constraints.

A: Uniform
(2-bit)

B: Uniform
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Figure 1: Empirical validation of the Fidelity-
Plasticity Trade-off. We compare four configurations
on Qwen-3-1.7B. Crucially, despite having the same
memory budget, Config D (preserving higher fidelity
in later layers) significantly outperforms Config C (pre-
serving higher fidelity in earlier layers). This compari-
son highlights depth-wise sensitivity under joint bit-rank
allocation without assuming a single causal explanation
for why later layers are more fragile.

Scope of Efficiency. Other compression tech-
niques, such as structural pruning and joint spar-
sity/rank optimization (Zhou et al., 2024, 2026a;
Ma et al., 2023; Sun et al., 2024; Frantar and Alis-
tarh, 2023) or knowledge distillation (Hinton et al.,
2015; Hsieh et al., 2023; Jiao et al., 2020), are or-
thogonal to our work. Efficient in-context learning
frameworks target a different bottleneck from the
quantized gradient-based fine-tuning studied here
(Gao et al., 2025). QR-Adaptor can, in principle,
be applied to a pruned model to further enhance its
adaptability, but such combinations are beyond the
scope of this paper.

3 Methodology

3.1 Theoretical Framework & Motivation

To move beyond heuristic resource allocation, we
first establish a theoretical model governing the in-
teraction between quantization and adaptation. Let
M denote the LLM. We model the total informa-
tion capacity C(l)

total of the l-th layer as the sum of
its Static Capacity (frozen pre-trained weights) and
Dynamic Capacity (trainable adapters).

Fidelity-Plasticity Coupling. We define two key
properties for each layer:

1. Fidelity (Φl): The ability of the quantized
weights W (l)

q to retain pre-trained knowledge.
This is strictly a function of the bit-width bl.
Lower bits introduce a quantization noise term
Eq(bl), reducing the mutual information with
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Figure 2: Overview of the QR-Adaptor Framework. The pipeline consists of three synergistic stages: (I) Fidelity
Sensitivity Profiling initializes the population based on KL-based sensitivity profiling to respect layer-wise task
demand; (II) Discrete Landscape Exploration utilizes a constrained evolutionary strategy to approximate the
global Pareto frontier without gradient mismatch; (III) Bayesian Frontier Refinement employs Gaussian Process
regression to pinpoint the optimal bit-rank configuration within the non-smooth solution space.

the original weights W (l)
fp :

Φl(bl) ∝ I(W (l)
fp ;W

(l)
q ) ≈ f(bl) (1)

2. Plasticity (Πl): The capacity of the adapter
to mitigate quantization noise and learn new
tasks. This is governed by the rank rl of the
low-rank matrices Al, Bl:

Πl(rl) ∝ Rank(AlBl) = rl (2)

Synergistic Optimization Hypothesis. For a
layer to adapt effectively without collapsing, its
Plasticity must be sufficient to compensate for both
the fidelity loss and the layer-specific adaptation
demand (Tl). We posit a conceptual lower-bound
for effective adaptation:

rl ≥ α · Eq(bl) + β · Tl (3)

where α, β are theoretical coefficients that quali-
tatively encode the relative impact of quantization
noise and task demand. Equation 3 is used only to
motivate the coupling between Fidelity and Plas-
ticity: α and β are not manually tuned hyperpa-
rameters and are never optimized directly in our
search. Instead, Phase I computes an empirical
proxy for this trade-off through KL-based sensi-
tivity profiling, and the search itself is driven by
proxy validation loss.

Empirical Validation. To validate this hypothe-
sis, we conducted a controlled pilot study on Qwen-
3-1.7B (28 layers) fine-tuned on the Alpaca dataset
for 1 epoch. We partitioned the model into Shallow
(Layers 0–13) and Deep (Layers 14–27) blocks.
This coarse split is motivated by prior interpretabil-
ity work and by the fact that perturbations in later
layers also accumulate all upstream quantization
error; accordingly, the study probes depth-wise
sensitivity but does not claim to disentangle repre-
sentational specialization from error propagation.
We evaluated four configurations under the same
budget:

• Config A (Uniform Low): 2-bit + Rank 8.

• Config B (Uniform High): All 4-bit + Rank
8 (Standard Baseline).

• Config C (Later-Low-Fidelity): Shallow 4-
bit + Rank 8 / Deep 2-bit + Rank 16.

• Config D (Later-High-Fidelity): Shallow 2-
bit + Rank 16 / Deep 4-bit + Rank 8.

The results, visualized in Figure 1, provide clear
evidence that allocation strategy matters. Config A
collapses completely (PPL: Inf, MMLU: 0.2577),
confirming that uniform 2-bit is insufficient. Com-
paring the two mixed-precision variants is most
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revealing: Config C, which assigns 2-bit precision
to later layers, suffers severe degradation (PPL:
53.53, MMLU: 0.2980) even though those layers
receive a higher rank. This shows that additional
Plasticity cannot fully recover from a severe Fi-
delity bottleneck.

In contrast, Config D achieves much stronger
performance (PPL: 33.52, MMLU: 0.4613) with
the same average memory footprint as Config C.
Preserving Fidelity in later layers and spending the
remaining budget on earlier layers is therefore sub-
stantially more effective than the reverse allocation.
While this experiment does not isolate whether the
gain arises from representational specialization or
compounded error propagation, it does demonstrate
that later-layer fragility must be respected during
joint bit-rank allocation.

3.2 Problem Formulation

Guided by the Synergistic Optimization Hypothe-
sis, we formulate fine-tuning as a constrained multi-
objective discrete optimization problem. Our goal
is to find a global configuration that satisfies the
layer-wise constraints implied by Eq. 3 while mini-
mizing memory usage.

Consider a pre-trained LLM with L layers. For
each layer l, we assign a tuple (ql, rl) from the
discrete search spaces of bit-widths Q and ranks
R. The forward pass is defined as:

y = Quantize(Wl, ql)x︸ ︷︷ ︸
Fidelity Term (Φl)

+
γ

rl
AlBlx

︸ ︷︷ ︸
Plasticity Term (Πl)

(4)

Unlike previous works that fix the Fidelity term
globally, we optimize both terms jointly. We define
the search space as S = (Q×R)L. The objective is
to identify a configuration C∗ ∈ S that maximizes
validation performance P subject to a hard memory
budget Mbudget:

max
C

P(C;Dval, θ
∗
C)

s.t.
L∑

l=1

Mem(ql, rl) ≤ Mbudget

(5)

where θ∗C denotes the parameters after fine-tuning.
This combinatorial problem is non-differentiable
and computationally expensive. To solve it, we pro-
pose the QR-Adaptor framework (Figure 2), which
systematically navigates this space to find solutions
that harmonize Φl and Πl across all layers.

3.3 Phase I: Fidelity Sensitivity Profiling
The optimization landscape defined by Eq. 5 is
vast and non-convex. A random cold start ignores
the heterogeneous nature of Tl (task demand), lead-
ing to inefficient convergence. To align the initial
population with the model’s intrinsic structure, we
propose Fidelity Sensitivity Profiling.

We use relative entropy (KL-divergence) as an
empirical proxy for layer sensitivity. Specifically,
Sl measures how much the output distribution of
layer l shifts when that layer is pushed to the mini-
mum bit-width on a calibration set Dcal:

Sl =
1

|Dcal|
∑

x∈Dcal
DKL

(
P (y|x;Wfp) ∥ P (y|x; Ŵ (l)

min)
)

(6)
A high Sl indicates that aggressive quantization at
layer l produces a strong fidelity bottleneck. In
practice, this KL-based score serves as the opera-
tional proxy for the conceptual quantities in Eq. 3:
we do not estimate Tl, α, or β directly. We then
bias the initialization so that the probability of as-
signing higher (ql, rl) to layer l is proportional to
its normalized sensitivity score Ŝl, pruning regions
where the fidelity bottleneck is likely to be severe.

3.4 Phase II: Discrete Landscape Exploration
Given the initialized population, we employ a dis-
crete evolutionary strategy to navigate the Fidelity-
Plasticity landscape. We adapt the NSGA-II frame-
work (Deb et al., 2002) specifically for the coupled
nature of our problem. Unlike differentiable ar-
chitecture search methods which rely on relaxed
continuous proxies, evolutionary search directly
evaluates discrete configurations, avoiding the gra-
dient mismatch problem inherent in quantization.

Synergistic Operators. Standard crossover op-
erations may disrupt the delicate balance between
bit-width and rank. We design operators to preserve
structural integrity:

• Layer-wise Crossover: We treat the tuple
(ql, rl) as an atomic gene. Offspring inherit
the complete configuration of a layer from
one parent, ensuring that the local fidelity-
plasticity alignment established in previous
generations is preserved.

• Proximity Mutation: To avoid destructive
jumps in the loss landscape, we restrict muta-
tions to immediate discrete neighbors (e.g.,
4-bit ↔ 2-bit). This allows the search to
locally adjust the inequality terms in Eq. 3
without causing catastrophic collapse.
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Efficient Proxy Evaluation. Evaluating the true
plasticity of a configuration requires full fine-
tuning, which is computationally prohibitive. We
utilize Proxy Tuning as a cost-effective estimator.
We update the adapter parameters for only a few
steps on Dcal. This brief adaptation phase is suffi-
cient to reveal whether a configuration violates the
fidelity bottleneck—if a layer’s capacity is insuf-
ficient, the loss will fail to decrease even in early
stages. This proxy metric efficiently ranks individ-
uals to approximate the Pareto frontier Cfront.

3.5 Phase III: Bayesian Frontier Refinement
While Phase II efficiently identifies the global
Pareto front, genetic algorithms can lack precision
in local convergence. To pinpoint the exact op-
timum for a specific deployment constraint, we
employ Bayesian Optimization (BO).

We focus the search on the promising regions
identified by Cfront. We model the objective func-
tion f(C) using a Gaussian Process (GP) with a
Matérn-5/2 Kernel. This kernel is chosen specif-
ically for its ability to model rough, non-smooth
landscapes characteristic of discrete quantization,
where performance can drop sharply between adja-
cent configurations (as seen in our pilot study).

We iteratively select the next candidate config-
uration Cnext to evaluate by maximizing the Ex-
pected Improvement (EI) over the current best solu-
tion ybest:

EI(C) = E [max(0, f(C)− ybest)] (7)

By maximizing EI, the framework automatically
balances exploitation (refining high-performing
configurations) and exploration (testing uncertain
regions). This stage acts as a final "polishing"
step, ensuring that the selected bit-rank allocation
is mathematically optimized to harmonize the trade-
off between memory and task performance.

4 Evaluation

4.1 Experimental Setup
Models & Datasets. Our primary evaluation fo-
cuses on standard-scale open-source architectures,
specifically LLaMA-3-8B (Grattafiori et al., 2024)
and Qwen-3-4B/8B (Yang et al., 2025). We ex-
tend our analysis to compact models (LLaMA-
3.2-1B/3B, Qwen-3-1.7B) and other generations
(LLaMA-2, Qwen-2.5, LLaMA-3.1). For instruc-
tion tuning, we use Alpaca-52k (Taori et al., 2023)
for direct comparability with prior baselines, and

additionally evaluate Qwen-3-4B on a randomly
sampled 100k subset of OpenOrca (Lian et al.,
2023) to reflect a more modern instruction-tuning
corpus. We report zero-shot performance on stan-
dard commonsense benchmarks: ARC-E/C (Clark
et al., 2018), PIQA (Bisk et al., 2020), Hella
(Zellers et al., 2019), WinoGrande (Sakaguchi
et al., 2021), BoolQ, and OpenBookQA (OBQA).
We also report Perplexity (PPL) on WikiText-2
(Merity et al., 2016) and C4 (Raffel et al., 2023).
For mathematical reasoning, we fine-tune and eval-
uate on GSM8K (Cobbe et al., 2021) (8-shot).

Baselines. We compare QR-Adaptor against four
baseline categories: (1) Upper Bound: standard
LoRA on FP16 base models; (2) Uniform Quantiza-
tion: QLoRA with 4-bit base models; (3) Adaptive
Search Methods: AdaLoRA (rank-only search, tar-
get avg r = 16) and AMQ+LoRA (bit-only search
via AMQ, fixed r = 16); and (4) Advanced PEFT
Operators: DoRA (Liu et al., 2024) and the quan-
tized DoRA variant QDoRA, which we evaluate
in a focused comparison on Qwen-3-4B. We also
evaluate lower-bit uniform variants (QLoRA 2/3-
bit) and recent quantization-aware or compensation
methods, including LoftQ (Li et al., 2023), LQ-
LoRA (Guo et al., 2024), ApiQ (Liao et al., 2024),
and RILQ (Lee et al., 2025a).

Implementation Details. We use PyTorch 2.1.2,
BitsAndBytes 0.43.1, Transformers 4.41.0, PEFT
0.11.1, Optuna 3.6.1, and CUDA 12.4 on NVIDIA
A100 GPUs under Ubuntu. For the main setting,
we use a population size of 5, generate 1 offspring
per generation, and run 5 iterations for both the
evolutionary and Bayesian refinement stages.

4.2 Main Results

We present a comprehensive evaluation of QR-
Adaptor on general NLU tasks and complex rea-
soning benchmarks. Our results demonstrate that
joint bit-rank optimization consistently establishes
a new Pareto frontier across varying model scales,
from 1B to 8B parameters.

General NLU Capabilities. Table 1 reports zero-
shot performance and perplexity across the Qwen-
3 and LLaMA-3 families. We observe distinct
advantages in two operating regimes. First, in
the efficiency-focused regime, QR-Adaptor-4 (av-
eraging ∼3.5 bits) consistently outperforms the
standard 4-bit QLoRA baseline despite using ap-
proximately 12% less parameter memory. For
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Model Method
Avg. Avg. Wiki2 C4 ARC-c ARC-e Hella PIQA Wino BoolQ OBQA Avg.
Bit Rank ↓ ↓ ↑ ↑ ↑ ↑ ↑ ↑ ↑ Acc. ↑

Qwen Family

Qwen-3-4B

LoRA (FP16) 16.0 16.0 12.65 14.52 48.2 78.5 72.8 76.2 66.5 79.2 34.6 65.1
QLoRA (4-bit) 4.0 16.0 13.05 14.98 45.8 76.2 70.5 74.5 64.2 77.0 32.4 62.9
AdaLoRA 16.0 12.8 12.85 14.82 47.1 77.4 71.8 75.4 65.3 78.2 33.4 64.1
AMQ + LoRA 4.50 16.0 12.92 14.95 47.8 77.8 72.0 75.0 64.8 77.5 33.0 64.0
QR-Adaptor-4 3.6 10.4 12.82 14.72 47.0 77.5 71.5 75.2 65.5 78.0 34.0 64.1
QR-Adaptor-6 5.3 11.9 12.45 14.35 48.8 79.0 73.2 76.8 67.0 79.5 35.0 65.6

Qwen-3-8B

LoRA (FP16) 16.0 16.0 10.49 12.15 58.5 82.2 78.5 78.8 72.5 82.5 38.2 70.2
QLoRA (4-bit) 4.0 16.0 10.85 12.55 55.8 80.0 76.2 76.5 70.2 80.0 35.8 67.8
AdaLoRA 16.0 12.8 10.62 12.35 57.2 81.2 77.5 77.8 71.5 81.5 37.0 69.0
AMQ + LoRA 4.33 16.0 10.68 12.42 57.8 81.5 77.8 77.0 71.0 80.5 36.2 68.8
QR-Adaptor-4 3.5 10.5 10.65 12.32 57.2 81.0 77.5 77.5 71.5 81.2 37.0 69.0
QR-Adaptor-6 5.2 12.0 10.35 12.05 59.2 82.5 79.0 79.2 73.0 82.8 38.6 70.6

LLaMA Family

LLaMA-3-8B

LoRA (FP16) 16.0 16.0 7.42 8.65 56.2 83.5 77.2 80.5 74.0 84.0 40.4 70.8
QLoRA (4-bit) 4.0 16.0 7.65 8.92 53.5 81.2 74.5 78.2 71.5 81.5 38.0 68.3
AdaLoRA 16.0 12.8 7.55 8.80 55.0 82.5 76.0 79.5 72.8 83.0 39.2 69.7
AMQ + LoRA 4.25 16.0 7.62 8.88 55.5 82.8 76.5 78.5 72.5 81.8 38.6 69.4
QR-Adaptor-4 3.5 10.6 7.52 8.75 55.0 82.2 75.8 79.2 72.8 82.5 39.0 69.5
QR-Adaptor-6 5.25 12.0 7.38 8.55 56.8 83.8 77.5 80.8 74.5 84.2 40.8 71.2

Table 1: Main Results on General NLU Benchmarks (Larger Models). Bold indicates the best result.

Method
Avg. LLaMA Family Qwen Family
Bit 3-8B 3.2-3B 3-8B 3-4B

LoRA (FP16) 16.0 78.5 68.5 84.2 78.2

QLoRA (4-bit) 4.0 75.2 64.2 81.5 74.5
QLoRA (3-bit) 3.0 55.4 42.8 60.5 51.2
AdaLoRA 4.0 76.1 65.5 82.1 75.8
AMQ + LoRA 4.3 77.2 66.8 83.0 76.8

QR-Adaptor 3.4 77.8 67.4 83.6 77.5

Table 2: Mathematical Reasoning (GSM8K, 8-shot).
QR-Adaptor achieves comparable or superior perfor-
mance to mixed-precision methods (AMQ) while using
significantly fewer bits (3.4 vs 4.3).

instance, on Qwen-3-8B, it improves average ac-
curacy from 67.8% to 69.0%, and on LLaMA-3-
8B, it gains +1.2% accuracy over QLoRA (69.5%
vs. 68.3%). Second, in the performance-focused
regime, QR-Adaptor-6 (averaging ∼5.2 bits) ef-
fectively bridges the gap to full precision. Notably,
it surpasses the FP16 LoRA upper bound on both
8B models, achieving 70.6% on Qwen-3-8B (vs.
70.2%) and 71.2% on LLaMA-3-8B (vs. 70.8%).
This suggests that a strategic combination of higher
precision in later sensitive layers and flexible rank
adaptation is more effective than uniform weights
constrained by fixed adapters. Furthermore, com-
pared to decoupled strategies like AdaLoRA and
AMQ+LoRA, our joint optimization yields consis-
tently lower perplexity on WikiText-2, validating
the necessity of co-optimizing fidelity and plastic-
ity to prevent information bottlenecks.

Mathematical Reasoning (GSM8K). Table 2
evaluates multi-step reasoning, a capability highly
sensitive to quantization noise. Uniform quantiza-
tion proves detrimental here; notably, 3-bit QLoRA
on LLaMA-3 drops nearly 20 points compared to
FP16 (55.4% vs 78.5%). In contrast, QR-Adaptor
(3.4 bits) identifies and preserves the fidelity of
critical arithmetic layers, recovering the majority
of this performance drop to reach 77.8%. This
demonstrates robust resilience where uniform com-
pression fails, confirming that the search preserves
fidelity in the layers most critical for arithmetic
reasoning.

Modern Data and Stronger PEFT Baselines.
To address concerns about timeliness and advanced
operators, Table 3 reports focused comparisons on
Qwen-3-4B. On Alpaca-52k, QR-Adaptor-6 outper-
forms both DoRA and QDoRA in average accuracy
(65.6 vs. 64.3 and 63.1), while QR-Adaptor-4 re-
mains competitive at a lower average bit-width. On
the more recent OpenOrca subset, QR-Adaptor pre-
serves the same Pareto advantage: QR-Adaptor-4
reaches 66.9 average accuracy with only 3.94 aver-
age bits, nearly matching FP16 LoRA (67.1) and
clearly exceeding 4-bit QLoRA (65.2). Following
standard calibration practice in quantization work
(Frantar et al., 2023; Lin et al., 2023; Xiao et al.,
2022), our main pipeline uses 1024 C4 samples;
replacing them with 1024 in-domain GSM8K sam-
ples yields a further improvement from 77.5 to 78.0
on Qwen-3-4B at the same 3.4-bit budget.
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Method Avg. Bit Avg. Rank Avg. Acc.

(A) Alpaca-52k + Advanced PEFT
LoRA (FP16) 16.0 16.0 65.1
DoRA (16-bit) 16.0 16.0 64.3
QLoRA (4-bit) 4.0 16.0 62.9
QDoRA (4-bit) 4.0 16.0 63.1
QR-Adaptor-4 3.6 10.4 64.1
QR-Adaptor-6 5.3 11.9 65.6

(B) OpenOrca-100k
LoRA (FP16) 16.0 16.0 67.1
QLoRA (4-bit) 4.0 16.0 65.2
AdaLoRA 16.0 12.8 66.7
AMQ + LoRA 4.5 16.0 62.7
QR-Adaptor-4 3.94 10.24 66.9
QR-Adaptor-6 5.96 10.86 67.6

Table 3: Focused comparisons on Qwen-3-4B. Panel
(A) adds stronger PEFT operators on Alpaca-52k, while
Panel (B) evaluates a modern instruction-tuning setting
using a 100k OpenOrca subset.

4.3 Efficiency Analysis

A primary critique of Neural Architecture Search
(NAS) approaches is the potential computational
overhead. Table 4 profiles the computational effi-
ciency on an NVIDIA A100. Addressing the search
overhead, the complete QR-Adaptor pipeline re-
quires equivalent to merely ∼0.5 standard fine-
tuning epochs. Given that the discovered configu-
ration is static and reusable across subsequent runs,
this one-time cost is negligible when amortized
over the model’s deployment lifecycle.

In terms of resource utilization, QR-Adaptor es-
tablishes a superior efficiency profile. By strate-
gically allocating lower precision (e.g., 2-bit) to
redundancy-heavy layers, we reduce peak VRAM
to 12.8 GB, comfortably fitting within consumer-
grade hardware limits and surpassing the 14.2
GB footprint of 4-bit QLoRA. It is a known phe-
nomenon in quantization-aware fine-tuning that
lower bit-widths can decrease training speed due
to the overhead of on-the-fly dequantization (con-
verting quantized weights to BF16 for computa-
tion). Furthermore, unlike AdaLoRA, which incurs
a ∼35% throughput penalty due to dynamic SVD
computations (0.65× speed), our fixed architec-
tural configuration maintains competitive training
speeds (0.82×), ensuring a significantly shorter
total turn-around time for multi-epoch training.

4.4 In-depth Analysis

Beyond aggregate metrics, we analyze the internal
behavior of QR-Adaptor to validate our theoretical

Method
Search Cost

(Equiv. Epochs)
Peak Mem.

(GB)
Speed

(vs. LoRA)
Avg.
Bits

LoRA (FP16) 0.0 28.5 1.00× 16.0
QLoRA (4-bit) 0.0 14.2 0.85× 4.0
AdaLoRA 0.0 14.5 0.65× 4.0
AMQ + LoRA ≈ 4.0 14.2 0.85× 4.3

QR-Adaptor 0.5 12.8 0.82× 3.4

Table 4: Efficiency Profile on LLaMA-3-8B. Search
cost is normalized to standard training epochs. QR-
Adaptor achieves the lowest memory footprint (12.8
GB) with negligible search overhead compared to AMQ.
Note that AMQ’s search phase consumes significant
computational resources (≈ 4 epochs).

Bi
t 2 4 2 2 2 2 2 4 4 4 4 4 4 4 4 4 8 8 8 4 8 4 8 4 8 8 8 8 8 8 8 8

Shallow Transition Deep

0 4 8 12 16 20 24 28
Layer Index

Ra
nk 8 16 8 8 8 8 8 8 8 8 8 8 12 12 12 12 16 16 16 8 16 8 16 8 16 16 16 16 16 16 16 16

2

4

8

2
6

12
16

Figure 3: Layer-wise Bit-Rank Allocation. The discov-
ered configuration exhibits a clear depth-wise gradient:
high fidelity (bits) and plasticity (rank) are automatically
concentrated in later sensitive layers, while shallow lay-
ers are aggressively compressed.

claims regarding the Fidelity-Plasticity Trade-off.

Analyzing Depth-wise Sensitivity. Figure 3 vi-
sualizes the optimal configuration (Cbest) discov-
ered for LLaMA-3-8B. A clear depth-wise gradi-
ent emerges autonomously: the search allocates
lower precision and ranks to shallow layers (0-10),
while later layers (20-32) are consistently assigned
higher fidelity and plasticity. This pattern is con-
sistent with prior probing work on representational
specialization (Jawahar et al., 2019; Tenney et al.,
2019), but we do not interpret it as evidence of
an exclusive linguistic pipeline, especially because
later layers also accumulate upstream quantization
error (Niu et al., 2022; Dettmers et al., 2022b). The
key empirical takeaway is that QR-Adaptor auto-
matically identifies later layers as more fragile and
reallocates resources accordingly.

0 1 2 3 4 5 6 7 8 9 10
Iteration

8

9

10

11

12

Va
lid

at
io

n 
Pe

rp
le

xi
ty Phase II

(Evolutionary Search)

Phase III
(Bayesian Opt.)

 PPL
=3.05
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decreases steadily, proving the effectiveness of the evo-
lutionary exploration and Bayesian refinement.
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Figure 5: Impact of Joint Optimization. Joint opti-
mization yields the better trade-off.

Search Convergence & Effectiveness. Figure
4 tracks the validation perplexity evolution. We
observe a steep optimization trajectory during the
Evolutionary Search (Phase II), validating the effi-
ciency of our synergistic operators in navigating the
discrete landscape. The subsequent Bayesian Op-
timization (Phase III) achieves asymptotic conver-
gence, fine-tuning the solution to the exact Pareto
limit. Notably, the final allocated bit-width exhibits
a strong Pearson correlation (r > 0.8) with the Fi-
delity Sensitivity Score (Sl) derived in Phase I, sub-
stantiating the predictive power of our KL-based
profiling as a task-agnostic prior.

4.5 Ablation Study

To verify our core hypothesis that Fidelity (bit-
width) and Plasticity (adapter rank) are physically
coupled, we analyze the impact of optimizing
these dimensions independently versus jointly on
LLaMA-3-8B. As shown in Figure 5, the results
demonstrate the necessity of joint optimization. De-
coupled strategies fail to navigate the trade-off: fix-
ing the rank limits the plasticity available to later
sensitive layers, while fixing the bit-width fails to
exploit the memory redundancy in earlier robust
layers. Furthermore, we analyze the impact of
initialization. Without the task-informed prior pro-
vided by Phase I, the vast and non-convex search
space leads to inefficient exploration and subopti-
mal convergence.

5 Conclusion

In this paper, we identify and formalize the Fidelity-
Plasticity Trade-off in quantized fine-tuning, re-
vealing that the adaptation potential of Large Lan-
guage Models is intrinsically gated by the informa-
tion capacity of their frozen weights. To navigate
this constraint, we introduce QR-Adaptor, a unified
framework that automates the joint optimization of

quantization bit-width and adapter rank. By treat-
ing resource allocation as a multi-objective search
aligned with the model’s linguistic hierarchy, QR-
Adaptor liberates memory from redundancy-heavy
syntactic layers to reinvest in capacity-critical se-
mantic layers. Extensive experiments on LLaMA-3
and Qwen families demonstrate that our method
establishes a new Pareto frontier. Our findings sug-
gest that the efficacy of LLM adaptation on edge
devices depends not merely on the total parameter
count, but on the strategic harmonization of static
fidelity and dynamic plasticity.

Limitations

Although our three-stage pipeline is efficient (ap-
prox. 0.5 training epochs), it introduces a non-
zero computational overhead compared to heuristic-
based methods like QLoRA. While this cost is neg-
ligible when amortized over the model’s deploy-
ment lifecycle—since the discovered configuration
is static and reusable—it may present a bottleneck
in scenarios requiring rapid, one-shot adaptation
for continuously changing tasks. Future work will
explore predictor-based neural architecture search
(NAS) to further accelerate the profiling phase. Our
current evaluation focuses on memory footprint
reduction and theoretical computation reduction
(FLOPs). However, realized training speedups are
heavily dependent on low-level kernel implementa-
tions (e.g., mixed-precision GEMM kernels). With-
out specialized hardware support for layer-wise
mixed bit-widths (e.g., dynamic switching between
2-bit and 4-bit operations), the wall-clock train-
ing time may not linearize perfectly with model
compression. We plan to investigate hardware-co-
design strategies to bridge this gap.
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