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Abstract

Post-training weight-only quantization to 4 bits is
widely used to reduce the memory and compute
costs of large language model inference. Existing
PTQ methods, such as AWQ and GPTQ, improve
how weights are mapped onto a fixed 4-bit grid
through scaling, clipping, or error compensation.
To further improve accuracy, methods such as
OmniQuant and QulP# use gradient-assisted algo-
rithms at the cost of hours of quantization time. In
this work, we propose AAAC (Activation-Aware
Adaptive Codebooks), a lightweight method for 4-
bit LLM weight quantization. AAAC replaces the
fixed scalar codebook used in standard quantiza-
tion with two small learned scalar codebooks (64
bytes) per layer. Each group of weights selects
the codebook that minimizes activation-weighted
reconstruction error, encoding the choice in the
unused sign bit of the group’s positive scale and
adding zero storage overhead. AAAC completes
in 3-30 minutes on a single GPU, and adds no
memory beyond the model itself. We evalu-
ate against AWQ, GPTQ, IF4, GPTVQ, Omni-
Quant, SqueezeLLM, and QulP# across model
families. AAAC outperforms baselines at orders-
of-magnitude less quantization time.

1. Introduction

Large language models (LLMs) are widely deployed under
memory and compute constraints that make weight quanti-
zation essential (Touvron et al., 2023; Qwen et al., 2025).
Weight-only 4-bit quantization has emerged as a practical
inference setting: it reduces model storage while retaining
acceptable quality for many models (Dettmers et al., 2023).
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Most post-training quantization (PTQ) methods improve
how weights are mapped onto a fixed 4-bit grid. In group-
wise quantization, each group of weights shares a scale
s, and each normalized weight @0 = w/s is rounded to a
discrete code under a format-defined table 7. The same
table is then used during dequantization:

c = Q(w; s), W=Q e;8)=Tlc]-s. (1)

For INT4, T is an integer grid; for NVFP4, T is the FP4
grid. Once the format is chosen, this scalar grid is usu-
ally treated as fixed. Methods such as AWQ and GPTQ
therefore improve quantization around this fixed grid, using
channel scaling (Lin et al., 2024), clipping, or error com-
pensation (Frantar et al., 2023), while leaving the scalar
reconstruction grid itself unchanged. We argue that this
fixed-grid assumption leaves quality on the table. The de-
quantized values, not the discrete codes alone, determine
the weights actually used in W4A16 and W4AS inference.
A 4-bit format fixes the number of stored codes and the
group-wise scale structure, but it need not fix the best scalar
grid for a given layer. This suggests a complementary PTQ
direction: instead of only asking how to map weights onto
a fixed FP4 or INT4 table, learn adaptive scalar codebooks
that better match the weight distribution and the activation
statistics of the layer.

We propose Activation-Aware Adaptive Codebooks
(AAAC), a lightweight method for 4-bit LLM weight quan-
tization. AAAC replaces the single fixed table 7 with two
learned scalar codebooks per layer, 7, and 7;. Each group
of weights selects the codebook that minimizes activation-
weighted reconstruction error, and weights in that group are
stored as ordinary 4-bit indices into the selected codebook.
AWQ and GPTQ improve how weights are mapped onto
a fixed 4-bit table; AAAC improves the table used for that
mapping.

AAAC distinguishes itself from prior PTQ methods on three
axes. Negligible overhead: AAAC adds only two BF16
codebooks (64 bytes) per layer. The per-group selection
bit is stored in the unused sign of the always-positive scale,
adding zero storage. No gradients: codebooks are learned
via activation-weighted k-means on forward-pass activa-
tions alone—no backpropagation, no Hessian or Fisher com-
putation. No memory blowup: AAAC processes each layer
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independently using only its activations and codebook statis-
tics, so peak memory stays close to the model size itself.
Across Llama and Qwen models in both NVFP4 and INT4
settings, we evaluate against AWQ, GPTQ, IF4, GPTVQ,
OmniQuant, SqueezeLLM, and QuIP#. AAAC outperforms
baselines at orders-of-magnitude less quantization time.

2. Related Work

Post-training quantization methods for LLMs can be divided
into gradient-free approaches, which use only forward-pass
calibration data, and gradient-assisted approaches, which
incur larger quantization times and/or peak memory over-
head.

Gradient-free PTQ. GPTQ (Frantar et al., 2023) quan-
tizes weights column-by-column using inverse-Hessian
error compensation. AWQ (Lin et al., 2024) protects
salient weights through activation-aware channel scaling.
IF4 (Cook et al., 2026) selects per-group between FP4 and
INT4 codebooks based on MSE. All three complete in min-
utes with peak memory close to the original model size.

Gradient-assisted PTQ. OmniQuant (Shao et al., 2024)
learns per-channel clipping thresholds and equivalent trans-
forms via block-wise backpropagation through the rounding
operation, requiring 1-16 hours for 7B—70B models.

SqueezeLLM (Kim et al., 2024) learns per-channel non-
uniform lookup tables via Fisher-weighted k-means, where
the Fisher diagonal is computed by backpropagating through
the full model. While the algorithm runs in 11-80 minutes,
the Fisher step drives peak memory to 2—4x model size
(33-292 GB for 7B-65B).

QulP# (Tseng et al., 2024) applies a Randomized Hadamard
Transform for incoherence processing, then rounds to a fixed
ES8 lattice codebook via BlockLDLQ. Without fine-tuning
this is gradient-free and completes in under 10 GPU-hours
for 70B. An optional fine-tuning stage adds backpropagation
through the full model, raising the cost to roughly 100 GPU-
hours.

GPTVQ (van Baalen et al., 2025) extends GPTQ to vector
quantization, learning per-group codebooks via Hessian-
weighted EM followed by gradient descent on the layer-
wise reconstruction objective to refine codebook entries.
Quantization takes 0.5—11 hours for 7B—70B models.

Our experiments show that gradient-assisted methods con-
sistently outperform gradient-free methods, suggesting that
gradients—with their associated quantization time and
memory overhead—are necessary to close the gap to full-
precision quality. AAAC challenges this conclusion: itis a
lightweight, gradient-free method that learns only two code-
books per layer (64 bytes overhead) via activation-weighted
k-means. Despite this simplicity, AAAC outperforms all

gradient-free methods and matches or exceeds gradient-
assisted methods, with 3—30 minutes of quantization time
and peak memory no larger than the original model size.

3. Method

3.1. Background: Group-wise Quantization

Consider a linear layer computing y = xW " with W €
RY*K  In group-wise quantization, each row of W is
partitioned into groups of g contiguous elements. Each
group shares a scale s > 0, and each weight is represented
by a discrete code.

Quantization. A scale s is computed from the group’s
weight statistics. Each weight w is normalized by s, rounded
to the nearest entry in the format-defined table 7, and stored
as a b-bit code:

W= w/s, ¢ = argmin |w — T[i]|. )

Dequantization. During inference, the stored code is
looked up in the same table and multiplied by the scale:

w="Tlc]s. (3)

Thus the table 7 plays two roles: it defines the nearest-
neighbor code assignment during quantization, and it defines
the reconstruction value used during dequantization.

It is useful to distinguish the stored code from the recon-
structed value. For any scalar table .4, define the nearest-
entry reconstruction operator

recon4 (W) = A[arg min @& — A[d]|| . @

This operator first finds the nearest entry of .4 to the normal-
ized weight w, then returns the corresponding table value.
Under the base format, the reconstructed normalized weight
is recony (w), and the dequantized weight after quantization
is recony (W) - s.

The table 7 is fixed by the format. For NVFP4, T con-
tains the signed E2M1 values used by the FP4 format, such
as {—6,—4,-3,...,0,...,3,4,6}. For INT4, T denotes
the signed or zero-point-adjusted integer grid used by the
implementation, expressed in normalized units. Thus both
NVFP4 and INT4 can be written as group-wise scalar quan-
tizers with a finite code alphabet and a per-group scale.

Key observation. Existing PTQ methods such as AWQ
and GPTQ primarily improve quantization around the fixed
table 7. They change the weight distribution, scales, or
compensation procedure so that the fixed table produces
better reconstructed values. AAAC targets a different degree
of freedom: it learns the scalar table itself.
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3.2. AAAC: Activation-Aware Adaptive Codebooks

AAAC replaces the single fixed table 7 with two learned
scalar codebooks Ty and 77. Each learned table has the same
number of entries as the base 4-bit format, but its entries
are optimized from calibration data rather than fixed by the
format. A group of S consecutive weights selects one of
the two tables. The selected table defines the nearest-entry
reconstruction used for that group.

Granularity parameters. AAAC has two granularity pa-
rameters. The scale group size g is fixed by the quantization
format and determines how many weights share one scale:
g=16 for NVFP4 and g=128 for INT4. The selection group
size S determines how many weights share one codebook
choice. Thus, every S weights store one selection bit ¢, and
every g weights store one scale.

When S=g, the selection group coincides with the scale
group: each scale needs exactly one codebook-selection
bit. Since the scale is always positive, its sign bit is un-
used, and we store o there with no additional selection
storage. When S<g, the selection metadata costs 1/.S bits
per weight. Smaller S gives finer codebook adaptation. We
use S=¢g=16 for NVFP4 and evaluate S € {16,128} for
INT4.

Modified quantization and dequantization. For a
weight w in selection group j, let w = w/s. AAAC se-
lects table 7, and reconstructs the normalized weight using
the nearest-entry reconstruction operator:

W = recony, (W) - s. 5)

Equivalently, the stored 4-bit code is the nearest-entry index
under the selected table:

¢ = argmin|@ — T, [i]]- ©)

Thus AAAC preserves the scalar 4-bit code width, group-
wise scale structure, and packed representation, but it does
not require the code assignment to match round-to-nearest
under the original table 7. Its improvement comes from
learning better scalar reconstruction grids and choosing, per
group, which grid to use.

Activation importance. For a linear layery = xW ', a
perturbation §W produces output error &y = x6W '. The
expected squared output error contributed by column k of
SW is proportional to E[z?]||§W. x||?. Summing over a
calibration set X € RT*¥ gives the per-column importance

T
L= X7y (7)
t=1

Minimizing ", I ||§W. x||? is therefore a diagonal proxy
for minimizing calibration output error. Columns with larger

activation energy receive larger weight in the reconstruction
objective.

Table selection. Consider a selection group j containing
normalized weights {10, 1, ...,w; s} and activation impor-
tances {I;1,...,1;s}. AAAC assigns the group to the
table that minimizes activation-weighted reconstruction er-
ror:

S
0; = arg min_ ; g (055 — recony. (w; 1)) . (8)

The table choice and code assignment are coupled: each
candidate table defines both the reconstruction values and
the nearest-entry regions used to encode the weights in the

group.

Storage. Each learned table contains |7 | values stored in
BF16, for a total of 2|7| - 2 bytes per layer, which is at most
64 bytes. For a 7B model with ~224 linear layers, this is
about 14 KB, negligible compared with the model weights.
The selection bits {o; } require no additional storage when
S=yg if they are stored in the unused sign bit of each positive
scale, and require 1/S bits per weight when S<g.

3.3. Learning Algorithm

We now describe how the tables 7y and 7; are obtained
from calibration data. The two tables are learned per layer
using a small calibration set. Learning alternates between
assigning selection groups to tables and refining the table
entries. Algorithm 1 provides pseudocode.

Initialization. Let M = |7 | be the number of entries in
each table, and let Quantile, ({w}) denote the g-quantile of
the normalized weight distribution. We initialize 7y using
M evenly spaced quantiles spanning the full range:

Toli] = Quantile; o1y ({0}), 1=0,...,M—1.
©))

We initialize 77 using M evenly spaced quantiles starting at
a half-step offset and ending at the maximum:

o M v 1
T1[i] = Quantiles 1 _g); /-1y ({10}), 0= 2(0M —1)
(10)

This shifts the second grid forward by half a quantile spac-
ing, giving the two tables distinct but nearby starting points.
Results are insensitive to the exact offset.

Alternating optimization. Learning alternates between
two steps for noyuter iterations. In the assignment step, each
selection group is assigned to the table that minimizes its
activation-weighted reconstruction error, as in Eq. 8. In
the table update step, each table is refined by niype, itera-
tions of activation-weighted scalar k-means. For each table,
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Algorithm 1 AAAC: Learning activation-aware adaptive
codebooks for one layer

Require: Weight matrix W € RY*X | calibration activa-
tions X € RTxK
Require: Group sizes g (scale), S (selection); iterations
Nouters Minner
1: Compute scales s per group of g weights
2: Normalize weights: W < W /s
Compute activation importance: I, < >, Xf, i for
each column k
4: Initialize 7y from full-range quantiles of W {Eq. 9}
5: Initialize 7; from half-shifted quantiles of W {Eq. 10}
6: for ¢t = 1 to noyter do
7
8
9

w2

/I Assignment step
for each selection group j do
0j ¢ argmin,co,1}
10: St Lk (5 — vecon, (i;,4))°
11:  end for
12:  // Table update step
13:  forr € {0,1} do

14: Let W, be the multiset of pairs (w0;,x, ;) with
o; =T
15: for / = 1 to nipner do
16: for each entry i in 7, do
17: Let V,.; € W, be the Voronoi cell of entry ¢
8 Toli] X (w1, Tw
Z(u”;,[)ev,v,z I
19: If the denominator is zero, keep the previous
value of 7.[7]
20: end for
21: end for
22: Sort 7, in ascending order
23:  end for
24: end for

25: Round 7y, 71 to BF16 precision

26: Recompute {o; } using Eq. 8

27: Pack 4-bit codes as nearest-entry indices into 7,

28: Store {o;} in sign bits of s if S=g, or separately if
S<g To, T1, packed 4-bit codes, scales, and {o, }

normalized weights assigned to that table are assigned to
their nearest table entry, and each entry is updated to the
activation-weighted centroid of its Voronoi cell:

Z(m,z)evr,i Tw

T-[i] <
2@.nev, !

Y
Here, V), ; is the set of normalized weights assigned to entry
1 of table 7... If a Voronoi cell is empty, we keep the entry
at its previous value. After the final inner update, the en-
tries of each table are sorted in ascending order. The outer
loop matters more than the inner loop: reassigning groups
to tables has a larger effect on quality than refining table

entries within a fixed assignment. We find empirically that
a single outer iteration already achieves 82% of the total
improvement, so the overall cost of the procedure is domi-
nated by the assignment step rather than the inner k-means
refinement.

Computational cost. Each outer iteration requires two
forward-only passes over the layer’s weights—one for group
assignment, one for k-means updates—with no gradients,
no Hessian-vector products, and no backpropagation. The
algorithm processes layers independently, so peak GPU
memory is dominated by the model itself plus a per-layer
activation buffer. This enables in-memory calibration of a
27B model in roughly 10 minutes (noyter=3, Ninner=10).

4. Experiments
4.1. Setup

Models. We evaluate on models spanning Llama (3.2-1B,
3.2-3B, 3.1-8B) (Grattafiori et al., 2024), Qwen2.5 (0.5B,
7B, 14B, 32B) (Qwen et al., 2025), and Qwen3.5 (2B, 4B,
9B, 27B) (Qwen Team, 2026). To compare with numbers
reported by prior methods, we evaluate on LLaMA-1 (7B,
13B) and LLaMA-2 (7B, 13B) (Touvron et al., 2023).

Evaluation. We report perplexity on WikiText-2 (Merity
etal., 2016) and C4 (Raffel et al., 2023). For WikiText-2, we
follow the GPTQ protocol: the full test set is tokenized with-
out filtering and split into non-overlapping 2048-token seg-
ments, with per-token cross-entropy computed via manual
logit shifting (Frantar et al., 2023). For C4, we use the vali-
dation split with up to 256 segments. We additionally evalu-
ate on downstream tasks using lm-evaluation-harness (Gao
etal., 2024).

Gap recovery. To summarize the overall effectiveness
of each method, we report gap recovery: the percent-
age of the quantization-induced degradation that a method
eliminates relative to the round-to-nearest baseline. For
perplexity (lower is better), gap recovery is defined as
(PPLRTN — PPLmethod)/(PPLRTN — PPqu") X 100%, where
PPLgrN is the round-to-nearest perplexity and PPLgy is
the full-precision baseline. For accuracy (higher is better),
the analogous formula is (AcCmemod — ACCrTN)/(AcCun —
Accgrn) x 100%. A recovery of 0% means no improvement
over RTN; 100% means full-precision quality is restored.

AAAC configurations. A smaller selection granularity S
allows AAAC to better adapt to local weight structure within
each layer. The NVFP4 memory layout groups weights into
blocks of 16 with shared FP8 scales, and this g=16 setting
is ideal for AAAC: 16 weights is small enough for fine-
grained codebook selection, and the selection bit can be
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Table 1. g=16 W4A16 perplexity on WikiText-2 ({). AAAC uses
S=¢g=16 (zero overhead). Best quantized result in bold.

Table 2. g=128 W4A16 WikiText-2 perplexity (J) vs. AWQ. AWQ
uses the official AutoAWQ package. Bold: best result per model.

Model BF16 RTN IF4 AWQ AAAC
Llama-3.2-1B  9.71 10.68 10.61 1046  10.21
Llama-3.2-3B  7.77 8.19 8.13 8.11 7.99
Llama-3.1-8B  6.19 6.56 6.51 6.51 6.39
Qwen3.5-2B 12.06 1321 1270 1256  12.37
Qwen3.5-4B 942 1025 1021 10.16 9.92

Qwen3.5-9B 8.51 9.11 9.38 8.91 8.56
Qwen3.5-27B  6.80 7.02 6.92 7.03 6.88

Average 8.64 9.29 9.21 9.11 8.90
Recovery — — 123% 28.1%  59.2%

stored in the scale sign at zero overhead. IF4 uses the same
g=16 layout, and AWQ can be straightforwardly adapted
to it. We report g=16 results alongside both methods. To
compare with prior methods that use the standard INT4 lay-
out with g=128, we also report S=¢g=128 (zero overhead).
However, S=128 is too coarse for effective codebook selec-
tion, so we additionally report S=16, adding a negligible
1/16=0.0625 bpw overhead. We use nouter =3, Ninner=10
with 4 calibration sequences from C4. We used a H100
GPU.

Baselines and reproducibility. We compare against
round-to-nearest (RTN), IF4 (Cook et al., 2026), AWQ (Lin
et al., 2024), GPTQ (Frantar et al., 2023), GPTVQ (van
Baalen et al., 2025), OmniQuant (Shao et al., 2024),
SqueezeLLLM (Kim et al., 2024), and QulIP# (Tseng et al.,
2024). GPTQ numbers are taken from Lin et al. (2024).
We implement IF4 following Cook et al. (2026): for each
group, both FP4 and scaled INT4 quantizations are eval-
vated, and the option with lower MSE is selected. For
AWQ at g=128, we use the official AutoAWQ package; for
g=16, we implement their per-channel scaling algorithm
ourselves as AutoAWQ does not support FP4-based quan-
tization. GPTVQ, OmniQuant, SqueezeLLM, and QuIP#
numbers are taken from their respective papers; we ver-
ify that our RTN and full-precision baselines match those
reported, ensuring consistent evaluation protocols.

4.2. Comparison with Gradient-Free Methods
4.2.1. GROUP S1ZE 16 (NVFP4 MEMORY LAYOUT)

The NVFP4 memory layout stores weights in groups of
16 with shared FP8 scales, and several recent methods
build on this layout. IF4 (Cook et al., 2026) selects per-
group between the native FP4 and a scaled INT4 codebook.
AWQ (Lin et al., 2024), originally designed for INT4, can
be straightforwardly adapted to this layout. AAAC uses
S=g=16, storing the selection bit in the scale sign at zero
overhead. Table 1 presents WikiText-2 perplexity across 7
Llama and Qwen3.5 models.

AAAC
Model FP16 RTN AWQ S=128 S=16

Llama-3.2-3B 7.81 8.49 8.26 8.16 8.10
Llama-3.1-8B 6.24 6.82 6.65 6.68 6.56
Qwen2.5-0.5B  13.07 1554 15.01 14.47 14.27
Qwen2.5-7B 6.85 7.23 7.09 7.13 7.07
Qwen2.5-14B 5.29 5.78 5.69 5.65 5.60

Average 7.85 8.77 8.54 8.42 8.32
Recovery — — 25.0%  38.0%  48.9%

Table 3. g=128 W4A16 WikiText-2 perplexity (}) vs. GPTQ.
GPTQ numbers from Lin et al. (2024). Bold: best result per
model.

AAAC
Model FP16 RTN GPTQ S=128 S=16

LLaMA-1-7B 568 596 5.85 5.82 5.76
LLaMA-1-13B 5.09 525 5.23 5.21 5.17
LLaMA-2-7B 547 572 5.69 5.62 5.58
LLaMA-2-13B  4.88 4.98 4.98 4.98 4.94

Average 528 548 5.44 541 5.36
Recovery — — 20.0%  35.0%  60.0%

4.2.2. GROUP SIZE 128 (INT4 LAYOUT)

To compare with prior methods that use the standard INT4
layout with g=128, we evaluate AAAC at S=¢g=128 (zero
overhead) and S=16 (+0.0625bpw). Table 2 compares
AAAC against AWQ on Llama-3 and Qwen2.5 models, us-
ing the official AutoAWQ package. With S=¢g=128 (zero
overhead), AAAC already outperforms AWQ on the major-
ity of models. The remaining cases where AWQ leads are
attributable to the coarse selection granularity: with only one
codebook choice per 128 weights, the method cannot adapt
to local variations within each group. With S=16, adding
only 0.0625 bpw, AAAC consistently outperforms AWQ
on all models. Table 3 compares AAAC against GPTQ on
LLaMA-1 and LLaMA-2 models. GPTQ numbers are taken
from Lin et al. (2024). AAAC at S=16 outperforms GPTQ
on all four models. Even at S=128 (zero overhead), AAAC
matches or outperforms GPTQ on all four models.

4.3. Comparison with Gradient-Assisted Methods

As discussed in Section 2, gradient-assisted PTQ meth-
ods achieve strong results but at significant cost: Omni-
Quant requires 1-16 hours of block-wise backpropagation,
SqueezeLLLM requires 2—4 x model size in peak memory
for Fisher computation, GPTVQ requires 0.5-11 hours
with gradient-based codebook refinement, and QuIP#-FT
requires up to 100 GPU-hours of end-to-end fine-tuning.
Even QuIP# without fine-tuning takes up to 10 GPU-hours.
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Table 4. g=128 W4A16 WikiText-2 perplexity ({) vs. gradient-assisted methods. AAAC uses S=16. Best quantized result per row in

bold.
Model FP16 RTN OmniQ SqLLM GPTVQ QuIP# QulIP#FT AAAC
LLaMA-1-7B  5.68 596 5.77 5.77 5.96 5.83 5.76 5.76
LLaMA-1-13B 5.09 525 5.17 5.17 5.15 5.20 5.17 5.17
LLaMA-2-7B 547 572 558 5.57 5.62 5.66 5.56 5.58
LLaMA-2-13B 4.88 498 495 4.96 4.97 5.00 4.95 4.94
Average 528 548 5.37 5.37 5.43 5.42 5.36 5.36
Recovery — —  55.0% 55.0% 25.0% 30.0% 60.0%  60.0%

Table 5. Combining AWQ and AAAC on WikiText-2 (}). AAAC uses S=g (zero overhead). Best quantized result per row in bold.

g Model Full RTN AWQ AAAC AWQ+AAAC
128 LLaMA-1-7B 5.68 5.96 5.81 5.82 5.80

128 LLaMA-1-13B  5.09 5.25 5.20 5.21 5.18

128 LLaMA-2-7B 547 572 5.62 5.62 5.62

128 LLaMA-2-13B  4.88 498 4.97 4.98 4.98

16 Qwen3.5-4B 942 10.25 10.16 9.92 9.52

16 Qwen3.5-9B 851 9.11 8.91 8.56 8.67

16 Qwen3.5-27B 6.80 7.02 7.03 6.88 6.80
Average 6.55 6.90 6.81 6.71 6.65
Recovery — 24.2%  53.3% 70.5%

Table 4 compares AAAC against all four methods.

4.4. Combining AAAC with AWQ

AWQ modifies the weights before quantization via chan-
nel scaling, while AAAC learns the codebook used during
quantization. Since they operate on different components,
the two methods can be combined: AWQ first scales the
weights, then AAAC learns codebooks on the scaled distri-
bution. Table 5 shows that AWQ+AAAC recovers 70.5%
of the quantization gap on average, compared to 53.3% for
AAAC alone.

4.5. Downstream Task Evaluation

To complement the perplexity results, we evaluate on 8
downstream tasks (BBH, MuSR, MMLU, GPQA, Hel-
laSwag, ARC-C, PIQA, MATH) using Qwen3.5-9B and
Qwen3.5-27B at g=16. AAAC achieves the highest average
accuracy among all quantized methods (64.21%) compared
with the BF16 baseline (64.59%). Full per-task results are
in Appendix C.

4.6. Additional Analysis

W4AS inference. Although AAAC uses activations to
weight importance during calibration, it is not sensitive to
activation precision at inference time. The same quantized
model can serve both W4A16 and W4A8 inference without
re-calibration. We verify this in Appendix D, where the
same g=128 models are evaluated with FP8 activations;
AAAC’s improvements carry over.

Sensitivity to hyperparameters. AAAC has few tunable
factors: the selection group size .S, the iteration budget, and
the calibration set size. At g=16, S=¢g=16 is the natural
choice at zero overhead. At g=128, S=128 (zero over-
head) already outperforms AWQ on the majority of mod-
els (Tables 2-3), while reducing S to 16 (+0.0625 bpw)
consistently improves further. The algorithm is largely
insensitive to the iteration budget: a fast configuration
(Nouter=3, Ninner=10, under 2 minutes on an H100 for a 7B
model) matches or trails something bigger like (noyter=10,
Ninner=30) by 0.01 perplexity. Calibration data require-
ments are similarly minimal: in our experience, 1 sequence
(2,048 tokens) yields perplexity within 0.01 of the result
with 4 or more sequences. We use 4 sequences as a default.

5. Conclusion

We have presented AAAC (Activation-Aware Adaptive
Codebooks), a lightweight post-training quantization
method that learns two small scalar codebooks per layer
(64 bytes) via activation-weighted k-means on a small cali-
bration set. By encoding the per-group codebook selection
in the unused sign bit of the scale factor, AAAC adds zero
storage cost when the selection and scale group sizes match.
The method requires no gradients and adds no peak mem-
ory beyond the original model size. Despite this simplicity,
AAAC consistently outperforms all gradient-free baselines
and matches gradient-assisted methods that require hours of
optimization and higher memory. We believe that learned
codebooks at this minimal scale represent a practical direc-
tion for quantized language models.
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A. g=16 Results on Qwen2.5

Table 6 presents g=16 WikiText-2 results on the Qwen2.5 family. AAAC achieves the best result on all four models.

Table 6. g=16 W4A16 perplexity on Qwen2.5 models, WikiText-2 (J.). Best quantized result in bold.

Model BF16 RTN IF4 AWQ AAAC

Qwen2.5-0.5B  13.03 1433 14.11 14.17 13.66
Qwen2.5-7B 6.80 7.03 6.97 7.00 6.93
Qwen2.5-14B 5.25 5.59 5.54 5.54 5.45
Qwen2.5-32B 4.97 5.17 5.12 5.15 5.09

Average 7.51 8.03 7.94 7.97 7.78
Recovery — — 184% 12.6% 47.8%

Table 7 presents the corresponding C4 results. The same pattern holds across all models.

Table 7. g=16 W4A16 perplexity on Qwen2.5 models, C4 (). Best quantized result in bold.

Model BF16 RTN IF4 AWQ AAAC

Qwen2.5-0.5B  20.02 21.82 2157 2154  20.95
Qwen2.5-7B 11.77 12.06 12.02 11.99 11.93
Qwen2.5-14B 1025 10.52 1049 1045 10.39
Qwen2.5-32B  10.09 10.23  10.21 10.21 10.18

Average 13.03 13.66 13.57 1355 1336
Recovery — — 13.6% 17.6%  47.2%

B. g=16 C4 Results

Table 8 presents C4 perplexity for the same models as Table 1. AAAC achieves the lowest perplexity on all models, with
50.9% average gap recovery.

Table 8. g=16 W4A16 perplexity on C4 (]). AAAC uses S=g=16 (zero overhead). Best quantized result in bold.

Model BF16 RTN IF4 AWQ AAAC

Llama-3.2-1B  13.79 1560 1530 15.15 14.62
Llama-3.2-3B  11.20 12.02 11.86 11.81 11.58
Llama-3.1-8B  9.50 10.21  10.07 10.07 9.84

Qwen3.5-2B 17.58 1859 1840  18.29 18.13
Qwen3.5-4B 13.99 1451 14.37 14.38 14.28
Qwen3.5-9B 12.19 1257 12.53 12.44 12.38
Qwen3.5-27B 1047 10.64 10.61 10.59 10.55

Average 12.67 1345 1331 1325 13.05
Recovery — — 185% 26.0% 50.9%

C. Downstream Task Results

Table 9 reports per-task accuracy for Qwen3.5-9B and Qwen3.5-27B at g=16. All methods use the NVFP4 memory layout.
Evaluations use the default few-shot settings from Im-evaluation-harness (Gao et al., 2024).
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Table 9. g=16 W4A16 downstream task accuracy (%71) on Qwen3.5-9B and Qwen3.5-27B. All methods use the NVFP4 memory layout.
Best quantized average in bold.

Model Task BF16 RTN IF4 AWQ AAAC

HellaSwag 78.1 773 773 773 77.6
ARC-C 560 553 555 538 54.9

PIQA 799 792 800 800  80.0
BBH 623 606 60.1 614 617
Qwen3.5-9B 1SR 434 421 405 442 442
GPQA 422 397 419 414 400
MATH 479 474 490 486 489
MMLU 787 713 773 773 78.1
HellaSwag 834 830 832 832 832
ARC-C 61.7 619 613 619 619
PIQA 82.1 823 82 818 825
BBH 731 725 722 728 723
Qwen3.5-27B  \ 1SR 505 537 513 520 516
GPQA 50.1 493 482 493 485
MATH 576 557 574 561 574
MMLU 845 842 845 842 847
Average 64.59 63.84 63.87 64.08 64.21
Recovery — — 4.0% 32.0% 49.3%

D. W4AS8 Results

Although AAAC uses activations to weight importance during calibration, it is not sensitive to activation precision at
inference time. The same g=128 quantized models from Table 2 are evaluated with per-tensor FP8 activation quantization.
Table 10 confirms that AAAC’s improvements carry over to the W4AS8 setting, with AAAC at S=16 recovering 49.1% of
the quantization gap.

Table 10. g=128 W4A8 WikiText-2 perplexity ({) vs. AWQ. Same quantized models as Table 2 with FP8 activations. Bold: best result
per model.

AAAC
Model FP16 RTN AWQ S=128 S=16

Llama-3.2-3B 7.85 8.54 8.26 8.20 8.15
Llama-3.1-8B 6.27 6.87 6.65 6.72 6.60
Qwen2.5-0.5B  13.22 15774 15.05 14.64 14.44
Qwen2.5-7B 6.89 7.27 7.11 7.17 7.11
Qwen2.5-14B 5.33 5.82 5.70 5.69 5.64

Average 7.91 8.85 8.55 8.48 8.39
Recovery — — 31.4%  38.9%  49.1%
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