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Abstract

Recent years have witnessed remarkable
achievements of Large Language Models
(LLMs) in multiple domains, while the exces-
sive resource requirements of LLMs hinder the
deployment on resource-constrained devices.
Although model quantization stands out as an
effective approach, conventional quantization
approaches typically incur severe performance
degradation due to uniform bit-width or simple
heuristic sensitivity evaluation. In this paper,
we propose a novel Fisher information-based
Adaptive Mixed Precision Weight Quantiza-
tion approach, i.e., FAMPWQ, which performs
layer-adaptive weight quantization for effective
LLM inference on commodity GPUs. First, we
propose a system model with a novel Fisher
information metric to measure the layer-wise
sensitivity to quantization. Second, we propose
a reinforcement learning-based bit-width allo-
cator in FAMPWQ, which generates an adap-
tive bit-width allocation strategy based on the
Fisher information sensitivity metric. Exten-
sive experiments on 7 models and 5 bench-
marks demonstrate that FAMPWQ) significantly
outperforms 7 baseline approaches in terms of
PPL (up to 3.39 smaller), accuracy (up to 6.87%
higher), and LLM-as-a-judge comparison (up
to 76% win rate).

1 Introduction

Recent years have witnessed remarkable progress
of Large Language Models (LLMs) across a wide
range of applications (Radford et al., 2019; Petroni
et al., 2019; Brown et al., 2020). Most state-of-the-
art LLMs are built upon the Transformer architec-
ture (Vaswani et al., 2017), achieving strong perfor-
mance by scaling model size to hundreds billions
(Agarwal et al., 2025) or trillions (DeepSeek-Al,
2026) of parameters.
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Figure 1: Compression-frontier behavior on LLaMA-
7B with WikiText-2. FAMPWQ keeps PPL lower as
the average bit-width approaches 3 bits, where uniform
quantization methods degrade rapidly.

However, the prohibitive resource requirements
of LLMs hinder their deployment on resource-
constrained devices, such as edge devices, con-
sumer GPUs, or even inference GPUs. For in-
stance, LLaMA (Touvron et al., 2023a,b; Dubey
et al., 2024) spans from 7B to 405B, which may
consume from 26GB to 1500GB memory with
FP32, and up to 750GB memory with FP16. Sim-
ilarly, the scale of Qwen (Bai et al., 2023; Team,
2024; Yang et al., 2025) can reach up to 235B
corresponding to 435GB memory with FP16. In
addition, DeepSeek-V4 (DeepSeek-Al, 2026) goes
even larger: its 1.6T-parameter MoE (49B acti-
vated) requires about 865GB in mixed FP4/FP§,
which significantly exceeds the memory of GPUs.
In addition, the memory requirement scales from
linear to quadratic with the sequence length. To de-
ploy LLMs on resource-constrained devices, model
quantization stands out as an effective approach.

Post-Training Quantization (PTQ) approaches
(Zhu et al., 2024) directly quantize pre-trained
LLMs without architectural modifications or re-
training, albeit typically incurring performance
degradation. However, existing PTQ approaches
generally recognize the heterogeneous importance
distribution of model weights (Dong et al., 2019;
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Gong et al., 2024; Wei et al., 2022), with their
key differentiation stemming from the statistical
approaches exploited to identify and preserve crit-
ical weights. While some existing quantization
approaches, e.g., GPTQ (Frantar et al., 2023) and
AWQ (Lin et al., 2024), successfully reduce mem-
ory consumption through fixed bit-widths and out-
lier optimization, they nevertheless suffer from
two fundamental limitations. First, their uniform
bit-width allocation overlooks crucial layer-wise
sensitivity variations, particularly in attention lay-
ers. Second, their localized outlier handling fails
to account for global importance patterns across
the LLM. As a consequence, the existing PTQ ap-
proaches may bring unacceptably severe perfor-
mance degradation in real-life scenarios.

While some mixed-precision approaches, e.g.,
OWQ (Leeetal., 2024) and AMQ (Lee et al., 2025),
attempt to address layer heterogeneity, they rely
on coarse heuristics such as weight magnitude or
raw gradient norms that fail to faithfully reflect
quantization-induced degradation.

A fundamental challenge lies in the heteroge-
neous sensitivity of LLM layers to quantization.
Empirically, we find that certain layers (particu-
larly attention value projections and MLP down-
projections) are orders of magnitude more sensi-
tive than others. This reveals even a small num-
ber of aggressively quantized sensitive layers can
disproportionately degrade model quality, while
many redundant layers can tolerate extreme com-
pression with negligible impact. Accurately identi-
fying which layers are critical therefore becomes
the key to effective mixed-precision quantization.

Existing sensitivity metrics (Frantar and Alistarh,
2022; Lin et al., 2024), however, are ill-suited to
this task. Weight magnitude and gradient norms
capture only first-order statistics and do not reflect
the geometry of the loss surface under quantization-
specific perturbations. Second-order point esti-
mates, including Hessian-based (Dong et al., 2019)
and standard Fisher-based metrics, evaluate curva-
ture only at the unperturbed weights and remain
agnostic to the bit-width-specific noise that quan-
tization actually injects. To bridge this gap, we
propose a perturbation-based Fisher Information
metric that directly injects quantization-simulating
perturbations into layer weights and measures the
resulting shift in the FIM. Different from these
point-estimate metrics, our formulation captures
how quantization noise, rather than arbitrary pa-
rameter variations, distorts the local loss geometry,
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Figure 2: System model of FAMPWQ.

Layer adaptive quantization

providing a principled and quantization-specific
layer sensitivity measure.

In this paper, we propose a Fisher Information-
based Adaptive Mixed Precision Weight Quan-
tization (FAMPWQ) approach, i.e., a weight-
only mixed-precision PTQ framework for fixed-
memory LL.M deployment. FAMPWQ introduces
a quantization-perturbation Fisher sensitivity met-
ric that estimates per-layer degradation than mag-
nitude/gradient proxies, and exploits a low-cost
proxy optimizer to allocate layer bitwidths under a
storage budget. As shown in Figure 2, FAMPWQ
consists of two stages: a perturbation-based Fisher
sensitivity measurement stage and a Reinforcement
Learning (RL)-based adaptive bit-width allocation
stage. As shown in Figure 1, while uniform PTQ
approaches are competitive around 4 bits, their PPL
rises sharply below 3.5 average bits. By preserv-
ing sensitive layers and compressing tolerant layers
more aggressively, FAMPWQ maintains signifi-
cantly lower degradation below the 3-bit frontier.

The major contributions are as follows:

1. We propose a system model with a novel sen-
sitivity measurement method based on a new
Fisher Information metric for layer adaptive
quantization. The Fisher Information metric
explicitly injects quantization-simulating per-
turbations and measures the resulting Fisher
shift to capture layer-wise sensitivity to quan-
tization loss.

2. We propose an adaptive bit-width allo-
cator in FAMPWQ to enable storage-
constrained mixed-precision search guided
by quantization-specific loss geometry. The
allocator generates an adaptive bit-width al-
location strategy based on Proximal Policy
Optimization (PPO) and the quantization per-
turbation Fisher sensitivity of each layer, for
layer-wise quantization of LL.Ms.



3. We implement FAMPWQ and maintain the
compatibility with existing methods, e.g.,
GPTQ or AWQ. We carry out extensive ex-
periments on 7 models and 5 benchmarks to
demonstrate that FAMPWQ significantly out-
performs 7 baseline approaches in terms of
PPL (up to 3.39 smaller), accuracy (up to
6.87% higher), and LLLM-as-a-judge compari-
son (up to 76% win rate).

2 Related Work

Recent LLM post-training quantization (PTQ) stud-
ies improve compression by reducing quantization
error, correcting outliers, or calibrating quantized
weights. SmoothQuant (Xiao et al., 2023) redis-
tributes quantization difficulty between weights
and activations, GPTAQ (Li et al., 2025) miti-
gates error accumulation through calibration, and
OmniQuant (Shao et al., 2024) and ABQ-LLM
(Zeng et al., 2025) further explore adaptive clip-
ping and bit-balance strategies for low-bit settings.
Other methods, such as SqueezeLLM (Kim et al.,
2024) and OWQ (Lee et al., 2024), preserve salient
weights or channels at higher precision. These
works show the importance of protecting sensitive
parameters, but their adaptation is generally local
and does not directly optimize layer-wise precision
under a global memory budget.

This limitation has motivated mixed-precision
and search-based allocation. DeepSeek-V4 mod-
els (DeepSeek-Al, 2026) adopt mixed FP4/FP8
expert-aware quantization for MoE deployment
at expert granularity. AMQ (Lee et al., 2025)
exploits activation-guided mixed precision, HAQ
(Wang et al., 2019) employs reinforcement learn-
ing for hardware-aware bit-width search, CO-
PAL (Malla et al., 2024) formulates layer-wise
allocation as combinatorial optimization, and
BitWeaver (Gagnon et al., 2025) investigates
hardware-efficient mixed-precision layouts. RL-
PTQ (Wang et al., 2024b) applies reinforcement
learning, but depends on repeated model-level eval-
uvation. FAMPWQ focuses on layer-wise sensi-
tivity differences under a global memory budget;
it estimates layer sensitivity via Fisher Informa-
tion and employs a proxy-guided PPO allocator
to efficiently search storage-constrained bit-width
configurations, achieving superb performance.
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Figure 3: Motivation for adaptive bitwidth quantization.

3 System Model and Problem
Formulation

In this section, we present the system model of
FAMPWQ, and formulate the problem to address
in LLM quantization.

3.1 System Model

While conventional quantization approaches em-
ploy identical bit-widths for all layers, LLM layers
exhibit highly uneven tolerance to quantization. As
shown in Figure 3(a), the measured layer sensitivity
spans orders of magnitude within the same model,
indicating that a few critical layers can dominate
quantization-induced degradation. Figure 3(b) fur-
ther shows that, under a comparable average preci-
sion budget, a mixed-precision allocation achieves
lower WikiText-2 PPL than uniform INT4 by as-
signing higher bit-widths to sensitive layers and
lower bit-widths to tolerant ones. These observa-
tions motivate a layer-adaptive quantization frame-
work that explicitly measures sensitivity and allo-
cates precision under a global storage constraint.

As shown in Figure 2, the system model of FAM-
PWQ consists of two stages: sensitivity measure-
ment and layer-adaptive quantization. In the sen-
sitivity measurement stage, we inject perturbation
noise into layer weights and compute the Fisher in-
formation change to quantify each layer’s sensitiv-
ity (Section 4.1). In the layer-adaptive quantization
stage, an RL-based method allocates appropriate
bit-widths to each layer based on the computed
sensitivity (Section 4.2). The resulting allocation
strategy is then applied via any compatible quanti-
zation method (e.g., AWQ).

3.2 Problem Formulation

Let us consider an LLM M composed of L lay-
ers. The sensitivity value of Layer [ is denoted by
s;,0 € [1,L]. In order to quantize the LLM, we
define a set of available bit-width options, B, com-
prising one or more discrete choices (e.g., {4, 16}
or {2,3,4,8}). We assume that the sensitivity of
each layer is independent of its allocated bit-width
q;- Then, the accuracy degradation incurred by



quantizing an individual layer A Acc; is propor-
tional to its sensitivity and decreases exponentially
with increasing bit-width (Zhou et al., 2018), as
shown in Formula 1:

AAce)(Q) o s; - e~ Mu/B) (1)
where B represents the original (full-precision) bit-
width, @ = {(1,q1), ..., (L, qr) } refers to a quanti-
zation bit-width allocation strategy, « is a positive
constant decay rate, and e is Euler’s number. We
define the accuracy degradation by normalizing the
exponential decay fluctuation induced by bit-width
q; as Formula 2.

Ace, - 8 (e*a(ql/B) —e )
(I—e)
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where Acc, represents the original accuracy of
LLM M without quantization. Afterwards, we can
calculate the total accuracy degradation brought by
all layers as defined in Formula 3.

AAcc(Q) =
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The problem we address in this work is how to
find a bit-width allocation strategy O* so as to min-
imize the accuracy degradation while achieving the

compression rate target as formulated in Formula
4.

AAcc(Q)

Q* = argmin AAcc(Q),
Q

st v (la(ﬂ) S Q*7Ql S Ba (4)
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where p; is the number of parameters in Layer [,
and R is the target compression ratio. This prob-
lem definition bridges the accuracy and memory re-
quirement by optimizing bit-width allocation strat-
egy Q, where the objective function A Acc(Q) ex-
plicitly represents the accuracy degradation, while
the compression rate target guarantees hardware
compatibility in terms of memory requirement.
This problem is complicated due to severe com-
binatorial explosion. The search space grows ex-
ponentially as O(|B|¥). For instance, the search
space reaches 3224 ~ 10'% for LLaMA3-8B (224
layers from 32 blocks x 7 layers) with only 3 bit-
width options for each layer, rendering exhaustive
search computationally prohibitive even for offline
quantization.

4 FAMPWQ Methodology

In this section, we detail the methodology of FAM-
PWQ. We first describe the Fisher information-
based sensitivity measurement for each layer. Then,
we present the adaptive bit-width allocation method
that minimizes accuracy degradation while achiev-
ing the compression rate target.

4.1 Fisher Information-based Sensitivity

Fisher information quantifies the amount of infor-
mation that observable data carries about unknown
model parameters. We leverage this property to
measure the sensitivity of each layer to quantization
noise: a layer whose Fisher information changes
substantially under perturbation is highly sensitive.
Specifically, we compute the Fisher information
of each layer with its original weights and with
perturbed weights, and use the difference as the
sensitivity measure.

In order to quantify layer sensitivity, we inject a
perturbation §0; into the parameters of each Layer
[ and measure the resulting shift in the FIM. While
a generic perturbation, e.g., uniform or magnitude-
proportional noise, only reflects general parameter
importance, we need to capture the specific noise
incurred by b-bit quantization. We therefore exploit
Formula 5 to generate the perturbation.

80, = Qu(0;) — 01, (5)

where Q(-) denotes the b-bit quantize, i.e., the
dequantization operator. This definition ensures
01 + 60, = Qu(6;), so 40, is exactly the additive
rounding perturbation introduced by b-bit quantiza-
tion rather than an arbitrary direction.

To simplify sensitivity evaluation, we adopt a
layer-independent strategy. We add the perturba-
tion to only one target layer ;, while all other
layers remain at their original parameters. Then,
we can get the layer after adding perturbation noise
as defined in Formula 6.

Hf)ert =0; 4+ 90, (6)

where 6; refers to the original parameters of Layer
[ and Glpm is the parameters with perturbation.

We can calculate the gradients Vg, £(z|6), which
denotes the first-order derivative of the LLM. Then,
we can derive the empirical Fisher Information Ma-
trix (FIM) as defined in Formula 7.

1 N
F() = ~ Z(vglaxn\e)vgle(a:nye)T). (7

n=1
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We use the diagonal vector of FIM denoted by
F(6;) to approximate the original FIM (Liu et al.,
2024) as defined in Formula 8.

Input Layer
ResBlockx2

F(0r) = diag(Ijv,, ¢(z10)] © F@).  ®

Since the diagonal vector of FIM only depends on
the diagonal elements of the original matrix, we
can simplify the calculation of Formulas 7 and 8.
We can calculate each element f;(6;) € F(6;) with
i representing the i-th element in F(6;) as defined
in Formula 9.

1 N J
:NZZ Vo l(znl0)sy (9

n=1 j=1

where Vg, £(z,,|0)(; ;) represents the element with
the index (4, 7) in V@l (xn|0) and J represents
the number of elements in i-th row of Vg, ¢(x,,|6).
Similarly, we can calculate the diagonal vector of
FIM for the parameters with added perturbation
noise denoted by F (6} °"). See calculation details
of FIM in Appendix A.2.2.

Finally, we take the FIM variation to indicate the
sensitivity of a layer, which is defined in Formula
10.

s = H]:(H;)en) - ‘7:(9[)”2 (10)
IF@ly
where s; represents the sensitivity of Layer [, || - ||2

is the Euclidean norm over the diagonal FIM vector.
The resulting scalar sensitivity value s; is used in
Formula 3.

4.2 Adaptive Bit-width Allocation

In this section, we present an RL-based adaptive bit-
width allocation method. Since the combinatorial
problem defined in Formula 4 is intractable, we
transform it into a single loss function minimization
problem as defined in Formula 11.

min £(Q) = Adce(Q) + P(¥(Q)) - [lv(Q)II%,
an
where P(1(Q)) is a penalty parameter and ¢ (Q)
is the storage loss compared with the compression
rate target R as defined in Formula 12.

L L
:Zpi'Qi_R'B'ZPi-
i=1 i=1

In addition, P(¢(Q)) depends on 1(Q) as defined
in Formula 13.

12)

P(IZJ(Q)) _ {Ppenalty > 0, 1f¢(Q) > Oa
Preward < 0, otherwise,

(13)
where Ppenalty 18 the penalty when the quantization
does not achieve the targeted compression rate and
Pewara refers to the rewards brought by the extra
quantization compression. Both Bpenaiey and Preward
are constant values.

While RL is an effective approach for com-
plex combinatorial optimization problems (Cappart
et al., 2021), we adopt Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017) for bit-width
allocation. As shown in Figure 4, the architecture
consists of an agent and the environment. The agent
generates the bit-width allocation strategy while the
environment provides feedback through a reward
function. The agent consists of two modules: the
actor generates bit-width allocation strategies and
the critic guides policy optimization. Both the actor
and critic modules are implemented as lightweight
residual networks (see architecture details in Ap-
pendix A.6). During the quantization phase, both
modules are first trained, after which the actor gen-
erates the final allocation strategy. The actor takes
the layer ID, the current allocation Q, per-layer pa-
rameter counts, per-layer sensitivity scores, and the
candidate bit-widths B as input. It then outputs the
bit-width for the corresponding layer. The critic re-
ceives the same inputs and produces a scalar value
estimate to guide policy optimization.

4.2.1 Training Process

The training process contains multiple epochs, each
of which consists of L steps. At the beginning



of the training, the bit-width allocation strategy
Q is initialized to the highest selectable bit-width
in each layer, i.e., ¥(l,q) € Qo,q € B, which
is exploited for the first epoch. For each epoch,
at Step ¢, we denote the parameters of the actor
network by 6; and that of the critic network by
¢:. We denote the bit-width for Layer [ at Step
t by ¢f. Then, the actor network generates the
bit-width qIf for Layer t, and update Q; ;1 to O
by replacing ¢! ! by ¢}. In addition, we denote
the scalar value of the critic network by Vy, (Qy).
Then, we compute the Temporal-Difference (TD)
advantage (Rowland et al., 2024) A; at Step ¢ as
defined in Formula 14.

Ap = L(Q1—1) + 7V, (Qt) — Vi, (Qe—1),

(14)
where £(Q;_1) is defined in Formula 11, v €
(0, 1) is a discount factor that controls the trade-off
between immediate and future rewards. The ac-
tor network is updated by minimizing the clipped
surrogate objective (Schulman et al., 2017) while
ensuring stable policy improvements as defined in
Formula 15.

Ht — Qt,1 — nngtfllE[min (tt(etfl)At,
¢t(0i—1)A¢)] (15)

where E [-] corresponds to the empirical average,
7y is a constant learning rate of the actor network,
¢t (0¢—1) refers to a clip reward defined in Formula
16:

Ct(et—l) = cnp(tt(et—l)a 1- €, 1+ 6)7 (16)
where € is a small constant controlling the policy

update range, v;(6) represents the policy-dependent
reward as defined in Formula 17.

m, (4Qe—1)

(0, ) = o \dtlZe-1)
W) = o)

a7

where 7y, (q}|Q;—1) represents the probability to
generate ¢} with the actor network 6; and the allo-
cation strategy Q;_1.

Simultaneously, the critic network is updated to
minimize the squared TD advantage:

Gt < dr-1— 1V, A, (18)

where 7)4 is a constant learning rate of the critic
network. See training details in Appendix A.6.

Table 1: PPL | comparison on LLaMA-7B and LLaMA-
13B with 4-bit and 3-bit average quantization. Bold
indicates the lowest PPL and underlined indicates the

second lowest.
Model | |

LLaMA-7B ‘ LLaMA-13B

Method | Avgbit | Wiki2 PTB  C4 AvgPPL | Wiki2 PTB  C4 AvgPPL
FP16 | 16 | 568 101 734 771 | 509 908 680 699
RTN 4 629 1123 812 855 | 553 977 723 751
GPTQ 4 601 1059 774 811 | 530 937 696 721
GPTQv2 4 589 1046 758 798 | 524 931 693 716
OmniQuant | 4 586 1042 753 794 | 521 921 691 711
AMQ 4 588 1043 762 798 | 525 940 697 720
owQ 4 596 1067 767 810 | 525 932 697 718
AWQ 4 | 58 1042 753 793 | 520 920 690 710
FAMPWQ 4 581 1034 754 790 | 519 918 688  7.08
RTN 3| 2558 8945 3081 4861 | 1140 2636 1438  17.38
GPTQ 3 790 1472 1023 1095 | 582 862 678  7.07
GPTQv2 3 731 1264 897 964 | 568 845 670 694
OmniQuant | 3 649 1143 819 870 | 548 821 635  6.68
AMQ 3 683 1266 872 940 | 568 851 654 691
owQ 3 665 1247 862 925 | 566 1002 743 770
AWQ 3 653 1183 858 898 | 552 831 642 675
FAMPWQ 3 635 1133 807 858 | 540 820 625 662

4.2.2 Inference Process

The inference process consists of L steps. Simi-
lar to the training process, the bit-width allocation
strategy Q is initialized to the highest selectable
bit-width. At each step ¢, the actor module gener-
ates a bit-width ¢! for Layer ¢ and updates Q;_1 by
replacing ¢!~ with ¢f. After L steps, Qr, contains
the generated bit-widths and is used as the adaptive
allocation strategy to quantize the LLM.

S Experiments

In this section, we present the experimental results.
We first describe the experimental setup and then
compare FAMPWQ with 7 baseline approaches
across 7 models and 5 benchmarks. We implement
FAMPWQ in Python while maintaining compati-
bility with existing quantization backends such as
GPTQ, AWQ, and OmniQuant.

5.1 Experimental Setup

We take 6 state-of-the-art PTQ approaches, i.e.,
GPTQ (Frantar et al., 2023), GPTQv2 (Li et al.,
2025), AMQ (Lee et al., 2025), OmniQuant (Shao
et al., 2024), OWQ (Lee et al., 2024), and AWQ
(Lin et al., 2024) as baseline approaches. We
take a simple quantization approach by mapping
floating-point values to their nearest discrete levels,
which is denoted by Round-To-Nearest (RTN), as
a baseline approach. We evaluate on 7 LLMs, i.e.,
LLaMA-7B, LLaMA-13B (Touvron et al., 2023a),
LLaMAZ2-7B-chat, LLaMA2-13B-chat (Touvron
et al., 2023b), Qwen2.5-7B, Qwen2.5-14B (Yang
et al., 2024) and Mistral-7B-v0.1 (Jiang et al.,
2023). In addition, we utilize 5 benchmarks:
Wikitext-2 (Wiki2) (Merity et al., 2016), Penn Tree-
bank (PTB) (Marcus et al., 1994), C4 (Raffel et al.,
2020), Im-evaluation-harness (Gao et al., 2023),
and Vicuna (Chiang et al., 2023), to evaluate the
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Figure 5: Zero-shot accuracy comparison under 3-bit
quantization on Qwen2.5-7B. FAMPWQ (red) consis-
tently outperforms baselines across five reasoning tasks.

PPL, the accuracy, and the LLM-as-a-judge com-
parison of diverse quantization approaches.

The hyperparameters used in our experiments
are shown in Table A.3. All experiments are con-
ducted on NVIDIA 4090 GPUs using PyTorch 2.0
(Paszke et al., 2019) with HuggingFace integration
(Wolf et al., 2019), to ensure the consistent compar-
ison with baseline approaches. For fair evaluation,
we maintain identical experimental settings across
all quantization approaches, including calibration
data (128 randomly sampled sequences from C4).

5.2 Experimental Results

In this section, we present the experimental results
in terms of the PPL with 3 benchmarks, the ac-
curacy on zero-shot tasks, and the evaluation of
FAMPWQ based on LL.M-as-a-judge comparison.

5.2.1 Perplexity Evaluation

As shown in Table 1, FAMPWQ consistently
achieves excellent performance in terms of PPL
across 2 LLMs and 3 benchmarks when performing
4-bit and 3-bit quantization on average. To mitigate
the influence of evaluation randomness, all PPL
results reported in this section are averaged over 3
independent runs with different random seeds for
calibration sampling, and we report the mean value
across runs. With LLaMA-7B and 4 average bits,
FAMPWQ attains the PPLs of 5.81 on WikiText-
2 and 10.34 on PTB, outperforming the strongest
baseline (AWQ) by 0.02 and 0.08, respectively.
While FAMPWQ corresponds to slightly higher
(0.01) PPL compared with AWQ and OmniQuant
on C4, it still significantly outperforms other base-
line approaches (from 0.13 to 3.39). We observe
similar results with LLaMA-13B at 4 bits. Under

Table 2: Zero-shot reasoning accuracy (1) of quantized
Qwen2.5-7B under 3-bit quantization.

Qwen2.5-7B

Method ‘Avgl)it‘BnolQ ARC-E  ARC-C HellaSwag WinoGrande Avgacc

FP16 (Ref) ‘ 16 ‘ 0.8471  0.8047  0.4778 0.6003 0.7301 0.6920
RTN 3 0.6425  0.5851 0.3846 0.5075 0.5983 0.5436
GPTQ 3 0.6845 0.5912  0.3756 0.4867 0.5891 0.5454
owQ 3 0.7156  0.6083  0.3821 0.5074 0.6022 0.5631
GPTQv2 3 0.7324  0.6245  0.3878 0.5192 0.6114 0.5751
OmniQuant 3 0.7634  0.6572  0.3956 0.5348 0.6231 0.5948
AWQ 3 0.7612  0.6588  0.3941 0.5456 0.6245 0.5968
FAMPWQ (Ours) | 3 | 07854 0.6821 04032 05567 0.6341 0.6123
Left Won Tied Right Won
FAMPWQ 50 94 16 RTN
FAMPWQ 43 98 19 owQ
FAMPWQ 38 101 21 GPTQ
FAMPWQ 36 110 14 | GPTQv2
FAMPWQ 34 105 21 AMQ
FAMPWQ 28 109 23 Omniquant
FAMPWQ 25 119 16  AWQ

Figure 6: LLM-as-a-judge comparison based on GPT-
3.5-turbo with 4-bit quantized LLaMA2-13B-chat.
3-bit quantization, the advantage of FAMPWQ be-
comes substantially larger: FAMPWQ outperforms
all baselines on both models, reducing average PPL
by up to 2.37 over GPTQ and 0.40 over AWQ on
LLaMA-7B. In addition, FAMPWQ outperforms
baseline approaches (from 0.04 to 2.86 in average
PPL) on Qwen2.5-7B, Qwen2.5-14B, and Mistral-
7B-v0.1 (see Table A.9 in Appendix A.7.5).

5.2.2 Zero-shot Reasoning Evaluation

We evaluate zero-shot reasoning using Im-
evaluation-harness. Figure 5 visualizes the 3-bit
results on Qwen2.5-7B. Compared with RTN and
GPTQ, which it outperforms by 6.87% and 6.69%
in average accuracy respectively, FAMPWQ avoids
the severe shrinkage of the radar profile, indicat-
ing better preservation of general reasoning ability
under aggressive compression. Compared with
stronger quantized baselines such as AMQ, AWQ
and OmniQuant, FAMPWQ expands the outer
boundary on most tasks and remains closer to the
FP16 reference, especially on BoolQ, ARC-E, and
WinoGrande, demonstrating that layer-adaptive bit-
width allocation is critical for preserving model
quality under aggressive compression.

5.2.3 LLM-as-a-judge Evaluation

To comprehensively evaluate the performance of
FAMPWQ, we compare FAMPWQ with baseline
approaches based on the quantized versions of
the instruction-tuned LLaMA2-13B-chat model
exploiting the Vicuna benchmark (Chiang et al.,
2023). We use GPT-3.5-turbo (OpenAl, 2025)
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Figure 7: Inference speedup over FP16 on NVIDIA
4090 for 3-bit average quantization.

Table 3: PPL | of LLaMA-7B and Qwen2.5-7B on
WikiText-2 with diverse perturbation strategies. Bold
indicates the lowest PPL. 2:%01 0 refers to the 0, strategy
with € = 2%. 2%0620 denotes the J strategy with
B = x%. xbitd30 represents the d3 strategy with b = x.
Perturbation Type | 1%010  10%6,60  20%6,60 | 1%6,0  10%3,0  20%30 | 4bitds0  8bitds0

LLaMA-7B 6.61 6.57 6.68 6.62 6.61 6.72 6.49 6.53
Qwen2.5-7B 8.42 8.37 8.83 8.74 8.36 8.40 8.27 8.33

as a judge across 80 diverse questions. We mit-
igate position bias through bidirectional compar-
ison, which results in 160 trials per comparison.
As shown in Figure 6, FAMPWQ achieves sub-
stantially higher win rates than all baseline ap-
proaches (76% against RTN, 69% against OWQ,
64% against GPTQ, 72% against GPTQv2, 61%
against AWQ and 54% against OmniQuant), where
the win rate excludes tie samples. A two-sided bi-
nomial test on the head-to-head trials confirms that
the comparison against the strong AWQ baseline
is statistically significant (p < 0.05), reducing the
risk that the observed judge preference is caused by
evaluation noise. Additional 3-bit Vicuna-Bench
results are reported in Appendix A.7.11.

5.2.4 Inference acceleration

As shown in Figure 7, FAMPWQ delivers a clear
throughput advantage over FP16 (up to 42%) and
both intra-layer (OWQ) (up to 69%) and activation-
guided (AMQ) (up to 28%) mixed-precision base-
lines, while remaining slower than uniform low-
bit AWQ due to heterogeneous kernel schedul-
ing. AWQ retains the highest absolute through-
put (2.44x on 7B, 2.10x on 13B) by exploiting
uniform 4-bit kernels, while FAMPWQ delivers
consistently higher accuracy at the same or lower
average bit-width as shown in Table 1.

5.2.5 Computational Cost

The preprocessing overhead of FAMPWQ consists
of three components: Fisher sensitivity computa-
tion, RL-based bit-width search, and the quanti-
zation itself. As shown in Figure 8, the total pre-
processing time remains below 1 GPU-hour for all
models tested, including 14B-scale models. Fisher

g0  EEm Fisher Sensitivity
RL Search 727

- -
70 Quantization - 5.6
60

B
£ 50
£
E 40
g 16 308
i 30 [ ] 28.7 _
[

20
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0

LLaMA-7B LLaMA-13B Qwen2.5-7B Qwen2.5-14B Mistral-78

Figure 8: Preprocessing time breakdown of FAMPWQ
across 5 models. Total cost remains below 1 GPU-hour
even for 14B-scale models. Fisher sensitivity computa-
tion dominates, while RL search takes only 1-3 minutes.

sensitivity computation dominates the cost (24—
64 minutes) and scales with model size. The RL
search is lightweight (<5 minutes on a single GPU),
as it operates on a proxy model rather than per-
forming full quantization at each step. The entire
preprocessing is a one-time offline cost, amortized
across all subsequent inference.

5.3 Ablation Study

In this section, we analyze the impact of diverse
sensitivity measurement methods and the compari-
son of diverse bit-width allocation methods.

5.3.1 Artificial Perturbation

We compare §6; in Eq. 5 against two generic alter-
natives: magnitude-proportional uniform noise (d1)
and Bernoulli-masked weight-proportional noise
(92) (see Appendix A.4 for details). As shown in
Table 3, the quantization perturbation form at b=4
yields the lowest PPL on both models, beating &1
by up to 0.56 and 2 by up to 0.23. Only 3 matches
the actual b-bit rounding perturbation in both direc-
tion and magnitude; d; and 2 are agnostic to the
target bit-width and therefore reflect only generic
parameter importance.

5.3.2 Bit-width Allocation Strategy

We compare our PPO-based method with four al-
ternative methods: greedy search, Bayesian opti-
mization, simulated annealing, and a genetic algo-
rithm. As shown in Table 4, the RL-based adaptive
allocation strategy achieves substantially lower av-
erage PPL than these alternatives (up to 1.50 lower
than Greedy, 1.33 lower than Bayesian optimiza-
tion, 1.90 lower than simulated annealing, and 0.45
lower than the genetic algorithm), revealing the
superb performance of our allocation method.
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metrics and actual quantization degradation (Oracle).

Table 4: PPL | with different bit-width allocation meth-
ods. Bold indicates the lowest PPL.

Model ‘ LLaMA-7B ‘ Qwen2.5-7B

Strategy | Avgbit | Wiki2 PTB ~ C4  AvgPPL | Wiki2 PTB  C4  AvgPPL
FPI6 | 16 | 568 1001 734 771 | 684 1279 1188  10.50
Greedy 690 1212 922 941 881 1605 1416  13.67
Bayesian 729 1257 986 991 837 1524 1378 1246
Annealing 754 1385 1006 1048 | 886 1659 14.65 1337

6.59 11.71 8.79 9.03 8.27 1526 13.64 12.39
635 11.33 8.07 8.58 8.08 1499 1345 12.17

Genetic
RL (Ours)

WW W W W

5.3.3 Sensitivity Metric Comparison

We compare the FIM-based sensitivity metric
against random allocation, weight magnitude
(|[W|2), and Oracle sensitivity (actual per-layer
PPL increase). As shown in Figure 9, our FIM-
based sensitivity metric achieves a Pearson cor-
relation of r=0.91,p < 10~'* on LLaMA-7B
and r=0.88,p < 1077 on Qwen?2.5-7B with Ora-
cle sensitivity.This significant correlation directly
leads to better quantization performance: at 3.5-
bit average, the FIM-based metric limits APPL to
+0.42, while weight magnitude yields +0.85 and
random allocation yields +1.19 (see detals in Ap-
pendix Table A.14).

5.3.4 « Sensitivity Analysis

As shown in Figure 10, the decay rate parameter «
exhibits a broad optimal region. For LLaMA-7B,
the optimal =18 yields a PPL of 6.35, while any
a € [15,25] produces PPL within 0.09 of the op-
timum. For Qwen2.5-7B, a=20 is optimal (PPL
8.27), with <0.06 variation across the robust zone.
This robustness to « simplifies hyperparameter se-
lection and confirms that the exponential decay
model in Formula 1 is a stable approximation.

6 Conclusion

In this work, we propose a novel Fisher
information-based Adaptive Mixed Precision
Weight Quantization approach, i.e., FAMPWQ.

Robust zone

85 o LlamA7B */“:“__.’._/—-/'

—8— Qwen2.5-7B

FP16

PPL on WikiText-2
~
o

6.5 ‘\'\._* __./
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Figure 10: PPL on WikiText-2 as a function of decay
rate « for LLaMA-7B and Qwen2.5-7B under 3-bit
average quantization. Stars mark the optimal « for each
model. The shaded green region indicates the robust
zone (o € [15,25]) where PPL variation is minimal
(<0.3). Dashed lines show FP16 baselines.

FAMPWQ introduces a novel perturbation-based
Fisher Information metric to capture layer-wise
quantization-specific sensitivity. In addition, FAM-
PWQ couples the metric with a new PPO-based
allocation method to efficiently generate an adap-
tive bit-width allocation strategy with superb per-
formance. Extensive experiments on 7 models and
5 benchmarks demonstrate that FAMPWQ outper-
forms 7 baselines in PPL (up to 3.39 smaller), ac-
curacy (up to 6.87% higher), and LLM-as-a-judge
comparison (up to 76% win rate), with particularly
strong advantages at the 3-bit compression frontier.

Limitations

Several limitations of FAMPWQ should be ac-
knowledged. First, mixed-precision quantization
can reduce inference throughput because hetero-
geneous bit-widths are less compatible with opti-
mized uniform-precision kernels; our focus is there-
fore memory-constrained deployment rather than
peak tokens-per-second. Second, FAMPWQ cur-
rently targets weight-only quantization (WxA16),
leaving joint weight-activation quantization to fu-
ture work. Third, our experiments focus on dense
Transformer models, so effectiveness on Mixture-
of-Experts architectures remains untested. Finally,
Fisher sensitivity estimation is a one-time offline
cost but remains the dominant preprocessing com-
ponent, motivating lighter sensitivity proxies.
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A Appendix

A.1 Explanation of Notations

The meanings of the notations in this paper are
summarized in Table A.1.

A.2 Preliminary

In this section, we present the quantization prelimi-
nary and introduce Fisher information calculation.

A.2.1 Quantization Preliminary

The quantization process can be classified into uni-
form and non-uniform (Wang et al., 2024a). The
uniform quantization uses uniform and finite inter-
vals (e.g., 2 intervals for b-bit integer) to repre-
sent the original values. In contrast, non-uniform
quantization utilizes non-uniformly spaced inter-
vals, and the length of intervals can vary. Given a
weight tensor W in a LLM, the quantization and
de-quantization process can be defined as Formula
A.l.

WC =Q(W), W=0Q Y(W?), (Al
where W€ is the quantized tensor, and W is the
recovered tensor. The quantization function Q(-)
of a uniform quantization approach is defined as a
rounding-to-nearest operation over the scaled input
calculated in Formula A.2.

Quni(W) = clip (Dﬂ +2;0,2" — 1> :

(A.2)
where b € N is the bit-width, o« € R is the
scale factor, z € N is zero-point or offset value,
| -] denotes the round-to-nearest-integer operator,
and clip(x, Minygiye, MATyqrue ) TEPresents a clip
function of the input z with the minimum value
and the maximum value. The corresponding de-

quantization function is defined in Formula A.3.
Qui(W) = (W€ - 2)-a. (A3)
Uniform quantization can be either symmetric
or asymmetric according to the sign of the map-
ping space. In this paper, we use the symmetric
uniform quantization approach. The symmetric
quantization restricts the zero-point to 0 as defined

in Formula A .4.

Quni_sym(w) = Cllp <\‘W-‘ ;_21)—1’ 21)_1 1
(0%
(A4)

Quantization approaches optimize the global
loss as defined in Formula A.5.

argmin F/ = argmin HWX — WQX‘
Q

2
9
we W

(A.5)
where X is the input of the corresponding layer of
the LLM.

A.2.2 Fisher Information

Fisher information quantifies the amount of in-
formation that observable data carries about the
unknown parameters of a probabilistic model (Ly
et al., 2017; Zheng et al., 2024). Fisher information
can be used to evaluate parameter importance in
neural networks by quantifying how sensitive the
model output is to the noises of each parameter
6. We can denote the Fisher Information Matrix
(FIM) by the expectation of the outer product of
score vectors (Amari, 1998) as defined in Formula
A.6.

F(0;) :==E,, (yz) [Vo, log pe, (y|x) Vo, log pg, (y|2) '] |

(A.6)
where py, (y|x) represents the probability density
function of the inference with LLM and parame-
ters 6 at Layer [, Vg, log py, (y|z) denotes the first-
order derivative of the LLM, which is calculated
via the gradient. In practice, we use the empirical
FIM to approximate the expected one (Kunstner
et al., 2019) as shown in Formula A.7.

N

N 1

F(6;) = N E Vo, 108 pe, (Yn|2n) Vo, 1og po, (Yn|zn) T,
n=1

(A7)
where N represents the number of samples in the
validation dataset D.

FIM captures the essential influence of parame-
ters on the likelihood function, where larger FIM
values indicate more influential parameters should
be preserved for inference. FIM can be used to
evaluate the importance of layer-wise parameters
(Tu et al., 2016), so as to preserve accuracy while
compressing LL.Ms (Singh and Alistarh, 2020; Liu
et al., 2021). While calculating FIM is computa-
tionally expensive with large gradient matrices, we
use the diagonal vector of FIM to represent the FIM
(Liu et al., 2024) as defined in Formula A.8.

*7:(91) = diag(I|Vgl log pg, (y|)] © F(QZ))7 (A.8)

where diag(-) represents the diagonal vector of a
matrix, I|y 0, 10g po, (1) is the identity matrix with
the same size of the gradient matrix, and © is
element-wise multiplication.



Table A.1: Summary of main notations

Symbols Description
0; 6, LLM Parameter; parameters in Layer [.
F();F(); F() Fisher Information Matrix (FIM); empirical FIM; the diagonal vector of FIM.
po, (y|x) The probability density function of the inference with 6;.
Vo, log pe, (y|x) The first-order derivative of §;, which is calculated by the gradient.
D; L Validation dataset; quantization layer set.
S; 81 The set of sensitivity of all the layers; the sensitivity of Layer (.
pi; R The number of parameters in Layer /; target compression ratio.
B; B The set of candidate bit-widths; original (full-precision) bit-width.
Q;q The quantization bit-width allocation strategy; bit-width allocation action.
AAce The accuracy degradation incurred by quantizing an individual layer.
«a Positive constant decay rate.
00y; Bfm Noise to 6;; perturbed layer parameters.
Vo, l(x|0) The first-order derivative of the LLM.
L();v(); P Loss function of the bit-width allocation problem; compression target loss; penalty or reward value.
O¢; &4 The parameters of the actor network at Step ¢; the parameters of the critic network at Step t.
Vs Ay The scalar value of the critic network at Step ¢; Temporal-Difference (TD) advantage at Step ¢.
195 N The learning rate of the actor network; the learning rate of the critic network.

t:(0); ¢t (0)

Policy-dependent reward for conservative strategy adaptation; the clip reward for limiting update range.
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Figure A.1: Visualization of FIM for LLaMA-7B and LLaMA-13B.

A.3 Pearson Correlation Analysis

In order to verify the correlation between FIM and
accuracy degradation, we calculate the Pearson cor-
relation coefficients (Benesty et al., 2009) between
the layer-wise quantization sensitivity and the in-
crease in perplexity (PPL) with perturbations (d3
quantization-simulating perturbations at b=4) in
each layer. As shown in Table A.2, the perturba-
tions and the increase in PPL have a significant
positive correlation with R > 0.5 and P < 0.0001,
indicating that FIM is a reliable proxy for perfor-
mance degradation.

A.4 Perturbation Strategy Ablation

In Section 4.1 we adopt the quantization pertur-
bation d6; = Qy(6;) — 0; as the canonical choice,
since 0; + 00; = Qp(0;) and it therefore matches
the exact perturbation that b-bit quantization injects.
For completeness, here we provide the full mathe-
matical definitions of two alternative perturbation

Table A.2: Pearson correlation coefficients between
FIM and the increase in PPL among different types of
LLaMA-7B layers. R represents the related correlation
coefficient and P refers to the Pearson value.

layername | R | p

attn.q 0.884251 | 1.732190 x10~%3
attn.k 0.917151 | 3.526569 x10~>2
attn.v 0.761516 | 1.728182 x10~2°
attn.o 0.811218 | 3.781759 x10~3!
mlp.gate 0.717476 | 1.608838 x 102!
mlp.up 0.699258 | 4.318466 x 1020
mlp.down | 0.612742 | 1.509229 x10~1*

forms used in the ablation in Section 5.4.1:

* Magnitude-proportional  uniform noise:
010, = € - w, where y; = E[§] and
e ~ U(—1,1). This form scales uniform
noise by each layer’s mean magnitude,
preserving relative scale differences across
layers but not the structure of the quantization
perturbation.



(a) Qwen2.5-7b

Figure A.2: Visualization of FIM for Qwen2.5-7B and Qwen2.5-14B.

Table A.3: Hyperparameter values. e refers to the hy-
perparameter in Formula 16. For different models, rec-
ommendation « is given.

Hyperparameters Value
163 N 0.0001; 0.0003
€ 0.2
vy 0.99
Poenalty 10000
Preward -1
a (LLaMA-7B) 18
o (LLaMA-13B) 15
o (LLaMA2-7B-chat) 20
o (LLaMA2-13B-chat) 20
« (Qwen2.5-7B) 20
« (Qwen2.5-14B) 20
« (Mistral-7B-v0.1) 30

* Bernoulli-masked weight-proportional noise:
00, = B -0, ®m, with 8 € [0, 1] and
m ~ Bernoulli(0.5). This form applies
sparse, weight-proportional noise via a ran-
dom mask. The fixed ratio 8 ensures con-
sistent perturbation intensity but, like d7, is
agnostic to the target bit-width b.

The corresponding empirical comparison is re-
ported in the main text (Table 3); both alternatives
are dominated by the quantization perturbation J3
at b=4.

A.5 Visualization of Sensitivity

As shown in Figures A.1 and A.2, the sensitivity
(FIM) varies substantially across layers. Input and
output-adjacent layers tend to be more sensitive
because they shape low-level feature encoding and
final predictions, while intermediate layers show
more heterogeneous behavior. FAMPWQ exploits
this diversity by preserving high-sensitivity layers
and compressing low-sensitivity layers more ag-
gressively.

Fisher Information (Normalized)

(b) Qwen2.5-14b

Algorithm 1 Reinforcement Learning (RL)-based
Network Training

Input:

FE: The number of training epochs

L: The number of layers in a LLM

Output:

0; ¢: Parameters of the pre-trained actor and critic network

1: Oo;¢0 < Randomly initialize the actor and critic network

2: Qo + [max(B)]L
3: for Epoche = 1to E do

4:  for Stept = 1to L do

S: qi < Generate the bit-width for Layer ¢

6: Q; + Update Q;_; by replacing g/~ * by ¢}

7: L(Q¢—1) < Calculate the loss according to For-
mula 11

8: A < Calculate according to Formula 14

9: vy (6i—1) — Calculate vy (6i—1)
according to Formula 17

10: ¢t(0:—1) + Calculate c¢(6:—1) with t4(0;—1) and
A according to Formula 16

11: 0: < Update 6;_1 with A¢, v (0:—1) and ¢;(0¢—1)
according to Formula 15

12: o — Update Pr—1 with Ay
according to Formula 18

13:  end for

14: end for

A.6 Reinforcement Learning (RL)-based
Network Training

As shown in Algorithm 1, the actor and critic net-
works are trained in multiple epochs. First, the
actor and critic networks are randomly initialized
(Line 1), and the initial bit-width allocation strat-
egy Qp is initialized to the maximum value for
each layer (Line 2). Within each training epoch,
the bit-width ¢! is generated for each layer (Lines
4-5). The bit-width allocation strategy Q; is up-
dated with ¢! (Line 6). Then, the loss function
corresponding to Q; is computed (Line 7). After-
wards, the Temporal-Difference (TD) advantage is
calculated according to Formula 14 (Line 8). In



Table A.4: PPL of Qwen2.5-7B and LLaMA-7B with
quantization of 4-bit and 5-bit and diverse benchmarks
(Wiki2, PTB, C4). “4-bit” represents that all the layers
are quantized to 4-bit. Other rows report the PPL when
the corresponding layers are quantized to 5-bit while
other layers remain at 4-bit. Bold indicates the lowest
PPL. underlined indicates the second-highest.

Model | Qwen2.5-7B | LLaMA-7B

Layer name | Wiki2 PTB ~ C4 | Wiki2 PTB  C4
4-bit | 7094 13218 12228 | 5834 10420 7.528
attn.q 7.094 13205 12222 | 5831 10414 7520
attn.k 7.086 13212 12215 | 5835 10413 7.521
attn.v 7072 13170 12.193 | 5783 10367 7.487
attn.o 7.078 13.198 12209 | 5.821 10.384 7512
mlp.gate 7058 13.170 12.182 | 5822 10.391 7.495
mlp.up 7.047 13.125 12.167 | 5.814 10.350 7.493
milpdown | 7.041 13.103 12131 | 5816 10383 7.484

Table A.5: PPL of FAMPWQ with varying average
quantization bit-widths.

Model | LLaMA-7B |  Qwen25-7B
Avgbit | Wiki2 PTB C4 | Wiki2 PTB  C4
16 | 568 1011 734| 684 1279 1188

3.1 6.46 1155 845 | 8.08 1499 13.45
32 634 1129 832 | 794 1476 13.28
33 622 11.04 8.17 | 7.84 1460 13.15
34 6.17 10.89 8.06 | 7.75 1442 13.05
3.5 6.10 1079 796 | 7.63 1423 1292
3.6 6.04 10.65 7.85| 7.55 14.07 12.78
3.7 598 1059 7.75 | 7.46 1397 12.68
3.8 594 1049 763 | 736 13.79 1257
3.9 585 1040 7.57 | 724 1352 1242
4.1 579 1031 749 | 7.06 13.14 12.16
4.2 577 1028 747 | 7.04 13.13 12.13
43 575 1027 745| 7.02 13.09 12.11
4.4 575 1026 744 | 7.01 13.07 12.09
4.5 574 1023 743 | 699 13.05 12.08

addition, the clip reward and the policy-dependent
reward are calculated based on Formulas 17 and 16
(Lines 9-10). Finally, the critic network ¢, and the
actor network 6, are updated based on Formulas 15
and 18 (Lines 11-12).

A.7 Experiment Details

In this section, we first present the hyperparameter
values in experimental setup. Then, we present
additional experiments, including the PPL with 5-
bit quantization, varying average quantization bit-
widths (from 3.1 to 4.5), the comparison of time
consumption, and the quantization with 5-bits on
average for LLaMA2-7B-chat, LLaMa2-13B-chat,
and Mistral-7B-v0.1.

A.7.1 Calibration-Size Robustness

We examine whether the Fisher estimate and the
resulting bit-width allocation are sensitive to the
amount of calibration data. On LLaMA-7B, we
construct nested C4 subsets containing 32, 64,
128, and 256 sequences for each of three inde-
pendent seeds, and use the 256-sequence subset

Table A.6: Quantization time with NVIDIA 4090 GPU.
Quant Method | RTN  GPTQ GPTQv2 OWQ OmniQuant AWQ FAMPWQ

LLaMA-7B 10s 369s 537s 349s 600s 129s 240s
LLaMA-13B 12s 619s 988s 598s 1125s 240s 388s

Table A.7: FAMPWQ preprocessing time on NVIDIA

4090 GPUs. Sensitivity is computed using the listed
number of GPUs, while RL-based bit-width search is

performed on a single GPU.
Model (#GPUs) ‘ Sensitivity calculation (min) ‘ Bit width optimization search (s)
LLaMA-7B (1) 28 97
LLaMA-13B (2) 64 159
LLaMA2-7B-chat (1) 28 95
LLaMA2-13B-chat (2) 62 148
Qwen2.5-7B (1) 24 43
Qwen2.5-14B (2) 57 156
Mistral-7B-v0.1 (1) 25 110

from the same seed as the reference. The analy-
sis covers all 224 quantizable linear modules. To
isolate calibration noise, every setting uses the
same bit-conditioned proxy, candidate set {2, 3,4},
parameter-weighted 3-bit budget, and deterministic
same-budget allocator. Table A.8 reports the rank
correlation, overlap among the top 10% most sen-
sitive modules, and the fraction of module assign-
ments that differ from the 256-sequence reference.

Even with only 32 calibration sequences, the
Fisher ranking retains a Spearman correlation of
0.996 and a 97.1% top-10% overlap with the 256-
sequence reference, while only 2.68% of module
assignments change. At the 128-sequence setting
used in the main experiments, the allocation differ-
ence decreases to 1.34%. These results show that
the sensitivity ranking and budget-constrained allo-
cation are stable with limited calibration data. This
study uses 512-token calibration sequences and a
deterministic proxy allocator, and does not rerun
final-backend PPL for every calibration size; there-
fore, it establishes ranking and allocation stabil-
ity rather than complete invariance of downstream
quality.

A.7.2 PPL with Diverse Quantization
Bit-width

As shown in Table A.4, the PPL corresponding to
the quantization of 4-bit with one layer quantized to
5 bits can vary across different layers. MLP layers,
especially the down-projection (mlp.down), corre-
spond to significant PPL drop (up to 0.115 PPL
drop). Among attention layers, the value projection
(attn.v) corresponds to the highest sensitivity (up
to 0.047). FAMPWQ aligns with this diversity and
thus yields strong performance.

A.7.3 Diverse Average Quantization Bit-width

FAMPWQ can achieve varying average quanti-
zation bit-widths through adaptive layer-wise bit-



Table A.8: Robustness to calibration-set size on
LLaMA-7B over three seeds. Each row is compared
with the nested 256-sequence subset from the same seed.

C4 sequences SpearmanT  Top-10% overlap T Allocation diff. |

32 0.996 £ 0.001 97.1% + 2.5% 2.68% =+ 0.45%
64 0.997 £ 0.001 98.6% + 2.5% 2.08% + 0.68%
128 0.998 £ 0.001 98.6% + 2.5% 1.34% + 1.34%
256 1.000 £ 0.000 100.0% + 0.0% 0.00% + 0.00%

width allocation strategies. As shown in Table A.S5,
FAMPWQ can achieve average bit-widths from 3.1
to 4.5, with correspondingly decreasing PPL.

A.74 Comparison of Time Consumption

As shown in Table A.6, the quantization time of
FAMPWQ is comparable to several baselines and
can be shorter than GPTQ (up to 37%), GPTQv2
(up to 61%), OWQ (up to 35%), and OmniQuant
(up to 66%). Although RTN and AWQ can be faster
than FAMPWQ by up to 97% and 46%, respec-
tively, they may incur substantially larger perfor-
mance degradation under aggressive compression.

As shown in Table A.7, the preprocessing stage
of FAMPWQ, which consists of per-layer Fisher
sensitivity computation and an RL-based bit-width
optimization search, is conducted on NVIDIA RTX
4090 GPUs. The sensitivity computation accounts
for the majority of the preprocessing cost and scales
with model size, whereas the RL-based search is
lightweight, requiring only tens of seconds on a
single GPU. Overall, the total preprocessing time
remains below 70 minutes even for 14B-scale mod-
els, demonstrating the practical efficiency and scal-
ability of FAMPWQ.

A.7.5 Results of LLaMA2, Qwen2.5 and
Mistral-7B-v0.1 models

As shown in Table A.11, FAMPWQ achieves the
lowest average PPL under 4-bit quantization for
both LLaMA2-7B-chat and LLaMA2-13B-chat (up
to 1.09 lower than RTN, 0.28 lower than GPTQ,
0.05 lower than GPTQv2, 0.13 lower than Om-
niQuant, 0.16 lower than OWQ, and 0.05 lower
than AWQ). The average reduction over all quan-
tized baselines is larger on LLaMA2-7B-chat (0.28
PPL) than on LLaMA?2-13B-chat (0.10 PPL), while
both model sizes show the best average PPL with
FAMPWQ. Furthermore, FAMPWQ outperforms
baseline approaches for the majority of the combi-
nations of the benchmarks and models (up to 0.84
for Wiki2 and 1.29 for PTB in LLaMA2-7B-chat;
up to 0.21 for Wiki2, 0.20 for PTB, and 0.39 for C4
in LLaMA2-13B-chat). While the PPL of FAM-

PWQ is slightly (0.07) higher than that of GPTQv2
with the combination of C4 and LLaMA2-7B-chat,
FAMPWQ outperforms other baselines in this set-
ting (1.12 lower than RTN, 0.30 lower than GPTQ,
0.09 lower than OmniQuant, 0.21 lower than OWQ),
and 0.03 lower than AWQ).

As shown in Table A.9, FAMPWQ consistently
achieves the best performance in terms of PPL
across all 3 LLMs and 3 benchmarks under 4-bit
quantization. With Qwen2.5-7B, FAMPWQ attains
an average PPL of 10.81, which is up to 2.86 lower
than that of RTN, and also lower than GPTQ, GP-
TQv2, OmniQuant, OWQ, and AWQ by 0.26, 0.07,
0.05, 0.19, and 0.04, respectively. On Qwen2.5-
14B, FAMPWQ achieves an average PPL of 9.15,
which is 1.41 lower than RTN, 0.19 lower than
GPTQ, 0.06 lower than GPTQv2, and 0.02 lower
than both OmniQuant and AWQ. For Mistral-7B-
v0.1, FAMPWAQ yields an average PPL of 8.04, rep-
resenting reductions of 0.94, 0.12, 0.05, 0.07, and
0.01 compared to RTN, GPTQ, GPTQv2, OWQ,
and AWQ, respectively.

As shown in Table A.10, FAMPWQ significantly
outperforms baseline approaches (from 0.06% to
4.55%) in terms of average accuracy with Qwen2.5-
7B and Qwen2.5-14B under 4-bit quantization. As
shown in Table A.12, FAMPWQ achieves the high-
est average zero-shot accuracy under 4-bit quanti-
zation with both LLaMA2-7B-chat (up to 1.63%
higher than RTN, 0.39% higher than GPTQ, and
0.2% higher than AWQ) and LLaMA2-13B-chat
(up to 2.87% higher than RTN), with FAMPWQ
surpassing all or most baseline approaches for the
majority of tasks.

A.7.6 Storage reduction

Comparable to single-precision quantization ap-
proaches, e.g., RTN, AWQ, GPTQ, GPTQv2, FAM-
PWQ incurs no extra storage overhead or no addi-
tional metadata, while OWQ corresponds to larger
storage requirement with extra metadata. As shown
in the Table A.13, FAMPWQ reduces storage over-
head by 1%—3% of the original model size com-
pared to OWQ. As the quantization bit width of
the model weights decreases, the storage space re-
quired by each model is almost linearly reduced.

A.7.7 Sensitivity Metric Comparison

The sensitivity metric comparison is visualized in
the main text (Figure 9). Table A.14 provides the
same data in an extended format for reference.



Table A.9: PPL | comparison on Qwen2.5, Qwen2.5-14B, and Mistral with 4-bit average quantization. “Avg PPL”

denotes the average perplexity over Wiki2, PTB, and C4.

Model \ \ Qwen2.5-7B \ Qwen2.5-14B \ Mistral-7B-v0.1
Method | Avgbit | Wiki2 PTB ~ C4 AvgPPL | Wiki2 PTB  C4 AvgPPL | Wiki2 PTB C4 AvgPPL
FP16 | 16 | 684 1279 11.88 1050 | 529 1087 1035 884 | 525 994 838 7386
RTN 4 9.14 1657 1529 13.67 | 685 1285 1198 1056 | 6.00 1147 947 898
GPTQ 4 729 1341 1250 11.07 | 584 1136 1081  9.34 545 1038 8.65  8.16
GPTQv2 4 720 1324 1221 1088 | 582 1119 10.63 9.1 543 1025 8.60  8.09
OmniQuant 4 7.2 1324 1221 1086 | 572 11.18 10.62  9.17 / / / /
OWQ 4 726 1332 1243 1100 | 578 1120 10.66  9.21 544 1028 862 8.1
AWQ 4 7.09 1322 1223 1085 | 570 1117 1063  9.17 539 10.19 857  8.05
FAMPWQ 4 7.07 1317 1220 1081 | 570 1115 10.61  9.15 537 1019 855  8.04

Table A.10: The accuracy 1 of quantized Qwen2.5-7B and Qwen2.5-13B on zero-shot reasoning tasks. Bold
indicates the highest accuracy and underlined indicates the second-highest. “Avg bit” represents the average width-
bit. “Avg acc” represents the average accuracy of the 5 tasks.

Model ‘ Qwen2.5-7B ‘ Qwen2.5-14B

Method ‘ Avg bit ‘ BoolQ ARC-E ARC-C HellaSwag WinoGrande Avg acc ‘ BoolQ ARC-E ARC-C HellaSwag WinoGrande Avg acc
FP16 ‘ 16 ‘ 0.8471 0.8047 0.4778 0.6003 0.7301 0.6920 ‘ 0.8522  0.8244  0.5597 0.6338 0.7537 0.7248
RTN 4 0.7883  0.7415  0.4377 0.5554 0.6645 0.63748 | 0.8144 0.7988  0.5042 0.6088 0.6921 0.6836
GPTQ 4 0.8394 0.7988  0.4692 0.5913 0.7111 0.68196 | 0.8404 0.8232  0.5546 0.6241 0.7334 0.7151
GPTQv2 4 0.8421 0.7974  0.4661 0.5923 0.7139 0.68236 | 0.8469 0.8167 0.5527 0.6244 0.7329 0.7147
OmniQuant 4 0.8132  0.7881  0.4679 0.5912 0.7104 0.67416 | 0.8454 0.8223  0.5475 0.6263 0.7568 0.7197
owQ 4 0.8012 0.7832  0.4521 0.5723 0.6985 0.66146 | 0.8435 0.8123  0.5316 0.6183 0.7268 0.7065
AWQ 4 0.8143  0.7958  0.4650 0.5926 0.7150 0.67654 | 0.8391 0.8274  0.5614 0.6267 0.7537 0.7217
FAMPWQ (Ours) 4 0.8495  0.7996  0.4812 0.5853 0.6992 0.68296 | 0.8496 0.8274 0.5511 0.6274 0.7576 0.7226

Table A.11: Comparison of perplexity results | of dif-
ferent 4-bit quantization approaches with the LLaMA2-
7B-chat and LLaMA2-13B-chat model. “Avg PPL” rep-
resents the average PPL of the 3 benchmarks.

Model | LLaMA2-7B-chat | LLaMA2-13B-chat

Method | Avgbit | Wiki2 PTB  C4 AvgPPL | Wiki2 PTB C4 AvgPPL
FPI16 | 16 | 694 1207 951 951 | 509 908 679 699
RTN 4 796 1370 1094 1087 | 642 1105 9.02 883
GPTQ 4 729 1276 1012 1006 | 629 1093 878  8.67
GPTQv2 4 7.16 1251 975 9.8l 623 1090 8.69 8.6l
OmniQuant 4 705 1245 991 9.84 627 1099 882  8.69
owQ 4 722 1256 1003 994 | 625 1089 864 859
AWQ 4 715 1248 985 983 621 1087 865 858
FAMPWQ (Ours) | 4 712 1241 982 978 | 621 1085 863  8.56

A.7.8 Packed-Deployment Memory
Accounting

Static model size alone does not capture the com-
plete deployment footprint. We therefore perform
analytical tensor accounting for packed Llama-2-
7B inference with a 512-token prompt, 256 gener-
ated tokens, and an FP16 KV cache. The packed
static weight footprints are 12.551 GiB for FP16,
2.862 GiB at a 3-bit average, and 3.622 GiB at a
4-bit average. Because FAMPWQ changes only
the weight representation, its KV-cache footprint
is identical to AWQ: 0.375 GiB at batch size 1
and 1.500 GiB at batch size 4. The largest per-
layer FP16 materialization is at most 86 MiB
(0.084 GiB), and this workspace is reused across se-
quential layer execution rather than allocated once
per layer.

At the 3-bit average budget, packing reduces
the weight footprint by 9.689 GiB, whereas the
largest known temporary mixed-bit workspace is

only 0.084 GiB. The resulting tensor-accounted
saving is therefore at least 9.605 GiB, and the
workspace is only 0.87% of the static weight sav-
ing. Under this accounting, temporary mixed-bit
storage cannot offset the weight-memory reduction.
This result is an analytical estimate rather than a
measured runtime peak: activation and framework
residuals, CUDA-reserved memory, allocator be-
havior, and fragmentation still require measure-
ment with an actual packed-kernel implementation.

A.7.9 Bit-width Allocation Visualization

Fig. A.3 visualizes the per-layer sensitivity scores
and the corresponding quantization-optimized bit-
width allocations. FIM captures gradient-level
information that reveals additional critical layers
overlooked by weight-only metrics. Thus, FAM-
PWQ can generate a structurally distinct alloca-
tion that assigns higher precision to the most loss-
sensitive modules. In this way, FAMPWQ ulti-
mately delivers excellent performance.

A.7.10 Validation of Modeling Assumptions

Our accuracy-degradation proxy (Formulas 1-3)
rests on two assumptions: (1) exponential decay
of degradation with bit-width, and (2) approximate
layer independence.

Exponential Decay. Following Rate-Distortion
Theory (Zhou et al., 2018), quantization error de-
creases exponentially with allocated bits. We verify



Table A.12: The accuracy 1 of quantized LLaMA2-7B-chat and LLaMA2-13B-chat on 5 zero-shot reasoning tasks
under 4-bit quantization. Bold indicates the highest accuracy and underlined indicates the second-highest. “Avg bit”
represents the average width-bit. “Avg acc” represents the average accuracy of the 5 tasks.

Model | LLaMA2-7B-chat | LLaMA2-13B-chat
Method ‘ Avg bit ‘ BoolQ ARC-E ARC-C HellaSwag WinoGrande Avg acc ‘ BoolQ ARC-E ARC-C HellaSwag WinoGrande Avg acc
FP16 ‘ 16 ‘ 0.8034 0.7028 0.4112 0.5740 0.6511 0.6285 ‘ 0.8302 0.7571  0.447 0.6061 0.7103 0.6701
RTN 4 0.7425 0.6851 0.4018 0.5521 0.6551 0.6073 | 0.8125 0.7313  0.4085 0.5577 0.6787 0.6377
GPTQ 4 0.8017 0.6866  0.4052 0.5627 0.6421 0.6197 | 0.8220 0.7521  0.4436 0.5926 0.7127 0.6646
GPTQv2 4 0.8015 0.6883  0.4064 0.5636 0.6477 0.6215 | 0.8201 0.7530 0.4432 0.5993 0.7083 0.6648
OmniQuant 4 0.8021 0.6975 0.4071 0.5688 0.6418 0.6234 | 0.8204 0.7482 0.4324 0.5946 0.7034 0.6598
owQ 4 0.7953  0.6898  0.4083 0.5642 0.6422 0.6199 | 0.8213 0.7542 0.4410 0.5892 0.7078 0.6627
AMQ 4 0.7963  0.6894  0.4067 0.5655 0.6423 0.6200 | 0.8208 0.7523  0.4392 0.5964 0.7008 0.6619
AWQ 4 0.7975 0.6948  0.4069 0.5672 0.6416 0.6216 | 0.8217 0.7478 0.4431 0.5937 0.7166 0.6645
FAMPWQ (Ours) 4 0.8012  0.6957  0.4095 0.5692 0.6424 0.6236 | 0.8244 0.7474  0.4453 0.6023 0.7127 0.6664
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Figure A.3: Layer-wise sensitivity scores (top) and the resulting bit-width allocations (bottom) under the three

metrics on LLaMA-7B (b; = 4).
Table A.13: Storage requirements of various LLMs

under different weight quantization precisions. Percent-
ages in parentheses indicate the proportion relative to

Table A.14: Sensitivity analysis of different metrics on
LLaMA-7B and Qwen2.5-7B (extended from the main-
text sensitivity comparison).

i LLaMA-7B wen2.5-7B
FP16 size. Metric Q
Model | | RTN/AWQ/GPTQ&v2/FAMPWQ Storage (MB) | OWQ Storage (MB) r1 FinalPPL| APPL r1 FinalPPL| APPL
| FP16 | sbit | 4bit | 3-bit | sbit | 4bit | 3bit

LLaMA-7B 12,853 | 4,420 (34%) | 3,589 (28%) 2,817 (22%) 4,505 (35%) | 3,674 (29%) | 2,899 (23%) Random Allocation 0.04 6.87 +1.19  0.02 8.31 +1.47
LLaMA-13B 24826 | 8,550 (34%) | 6,676 (27%) | 5,164 (21%) 8635 (35%) | 6,761 (27%) | 5.249 (21%) . . .

LLaMA2-7B-chat | 12,853 | 4,420 (34%) | 3,589 (28%) 2,817 (22%) 4,505 (35%) | 3,674 (29%) | 2,899 (23%) Weight Magnitude (HW H2) 042 6.53 +0.85  0.38 8.06 +1.22
LLaMA2-13B-chat | 24.826 | 8.550 (34%) | 6,676 (27%) |  5.164 (21%) 8635 (35%) | 6,761 (27%) | 5.249 (21%)

Qwen2.5-7B 15317 | 5.800 (38%) | 5197 (34%) | 4.414 (29%) 5883 (38%) | 5,280 (34%) | 4.502 (29%) FIM 091 6.10 +042 088 7.63 +0.79
Qwen2.5-14B 28172 | 10,600 (38%) | 9.272 (33%) | 7.697 (27%) 10,680 (38%) | 9.365 (33%) | 7.782 (28%)

Mistral-7B-v0.1 13,825 | 4,750 (34%) | 3,841 (28%) 3,009 (22%) 4,826 (35%) | 3.920 (28%) | 3.075 (22%) Oracle (Ground-truth) 1.00 6.02 +0.34  1.00 7.51 +0.67

this empirically by measuring per-layer PPL as a
function of bit-width and fitting exponential curves

and actual degradation is <0.1%, confirming that
cross-layer interaction effects are negligible for the

(R? > 0.95 across all layer types for LLaMA-7B;
see Figure 10).

Layer Independence. To validate the additiv-
ity assumption, we perform a controlled test on
LLaMA-7B: we quantize layer pairs (Lo, L11)
and (Ls, Los) individually, sum their PPL in-
creases, and compare against the joint quantization.
The relative error between the additive prediction

purpose of bit-width allocation.

« Sensitivity. The decay rate « in Formula 1 is
robust across a wide range: as shown in Figure 10,
PPL varies by less than 0.3 within « € [15, 25] for
both LLaMA-7B and Qwen2.5-7B.

Controlled Error Additivity Test. To further
validate the layer-independence assumption used



Table A.15: Analytical packed-deployment memory
accounting for Llama-2-7B. Values include packed
weights, the final FP16 KV cache, and the known
reusable workspace; they are not measured runtime
peaks.

Avg. bit Batch FP16 AWQ FAMPWQ upper bound  Saving vs. FP16
3 1 12.926 GiB  3.237 GiB < 3.321GiB > 9.605 GiB
3 4 14.051 GiB  4.362 GiB < 4.446 GiB > 9.605 GiB
4 1 12.926 GiB  3.997 GiB < 4.081 GiB > 8.845 GiB
4 4 14.051 GiB  5.122 GiB < 5.206 GiB > 8.845 GiB

Table A.16: Controlled error additivity test on LLaMA-
7B under 3-bit quantization. Relative error compares the
additive prediction A(L;) + A(L;) against the jointly
measured degradation A(L;, L;).

Layers ‘ A(L;) ‘ A(Ly) ‘ Sum ‘ Actual ‘ Rel. error
Lo, L11 (Adjacent) | 0.0084 | 0.0079 | 0.0163 | 0.016315 0.09%
Ls, Los (Distant) 0.0062 | 0.0112 | 0.0174 | 0.017412 0.07%
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Figure A.4: Accuracy vs. model size trade-off for
Qwen2.5-7B. At identical storage cost, FAMPWQ
achieves +0.65 percentage points over AWQ at 4-bit
and +1.55 points at 3-bit, demonstrating better accuracy-
per-byte efficiency.

in the proxy model, we quantize two layers indi-
vidually and jointly while keeping all other layers
at FP16. If cross-layer interactions are negligible,
the joint PPL increase should match the sum of the
two individual increases.

As shown in Table A.16, the relative error is
below 0.1% for both adjacent and distant layer
pairs, supporting the approximation that cross-layer
interaction effects are small for the purpose of bit-
width allocation.

A.7.11 Vicuna-Bench Generation Quality at
3-bit

To bridge perplexity and real-world generation

quality, we also evaluate 3-bit quantized models on

Vicuna-Bench with GPT-4 as the judge. Table A.17

shows that FAMPWQ preserves generation quality

better than the strongest uniform baseline under

Table A.17: Vicuna-Bench generation quality under 3-
bit quantization. Win rate is measured against FP16

responses.
Method ‘ Win rate ‘ Avg. length
RTN 2.1% 164.2
GPTQ 13.3% 193.8
AWQ 18.5% 1924
FAMPWQ (Ours) | 32.3% 208.0

Table A.18: Representative Llama-2-Chat responses at
a 3-bit average budget; light blue marks the factual error
in 3-bit AWQ.

Model Generated response

FP16 The cause of the delay is the introduction of a payment
bug in the Tuesday update that can charge mobile orders
twice. Seventeen beta users were affected, but desktop
orders were not. The revised plan is to launch on Monday
instead of Friday and to notify beta users and refund the
affected users. The decision to launch on Monday will be
made on Friday at 3 p.m.

3-bit AWQ The cause of the delay was a payment bug that affected
17 of the 120 beta users but not the desktop orders. The
customer impact was that the bug caused the mobile orders
to be charged twice. The team was able to patch the issue
by Tuesday and the patch was completed by Thursday. The
revised plan was to move the launch to Monday and notify
the affected beta users and refund them. The team will

make the final go/no-go decision on Friday at 3 p.m.

3-bit

FAMPWQ The cause of the delay was a payment bug that charged

mobile orders twice. This affected 17 beta users, but not
the desktop users. The team was able to fix the issue by the
end of the week, but the QA process will take two full days,
so the launch will be on Monday. The decision to launch
on Monday will be made on Friday at 3 p.m.

this aggressive compression setting.

A.7.12 Accuracy-per-Byte Analysis

To evaluate the deployment efficiency of FAM-
PWQ, we analyze the accuracy-per-byte trade-off.
As shown in Figure A.4, at identical storage costs
(same average bit-width), FAMPWQ consistently
achieves higher accuracy than the best uniform
baseline (AWQ). The advantage grows as compres-
sion becomes more aggressive: +0.65 percentage
points at 4-bit (5,197 MB) and +1.55 points at 3-bit
(4,414 MB). This confirms that FAMPWQ extracts
more quality from each byte of storage, making it
particularly valuable for memory-constrained de-
ployment scenarios where the goal is fitting the
best possible model into a fixed VRAM budget.

A.7.13 Qualitative Generation Example at
3-bit

Aggregate win rates do not reveal which informa-
tion is lost by a quantized model. We therefore com-
pare one representative response from FP16, 3-bit
AWQ, and 3-bit FAMPWQ on Llama-2-Chat with
max_length=200. The prompt requires a short
summary of the cause, customer impact, and re-



vised plan described in a multi-speaker dialogue:

Briefly summarize the cause of the delay, the cus-
tomer impact, and the revised plan described be-
low. Write one short paragraph.

Maya: Can we still launch on Friday?

Leo: No. Tuesday’s update introduced a payment
bug that can charge mobile orders twice. Seven-
teen of our 120 beta users were affected; desktop
orders were not affected. I can finish the patch by
Thursday.

Nina: QA needs two full days after the patch,
so we should move the launch to Monday. I will
notify the beta users and refund the 17 affected
users today.

Maya: Agreed. We will make the final go/no-go
decision on Friday at 3 p.m.

Light-blue text marks AWQ’s factual timeline
error: it places the patch on Tuesday, the day the
bug was introduced, and omits the two-day QA
period. FAMPWQ preserves the cause, impact, QA
delay, and Monday launch without introducing this
contradiction, although it gives less precise patch
timing and omits the notification and refund action.
This example illustrates a specific low-bit failure
mode rather than an aggregate claim.
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