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Abstract

Grouping, e.g., grouping channels, which is
widely used in current integer-based quantiza-
tion, has become essential for the emerging
MXFP4 format. Ideally, each group should con-
tain channels with similar quantization scales.
To guide such groups, existing work clusters
the channels using scalar proxy, ignoring the
token dimension, which we find suboptimal.
In this paper, we propose TAGQuant, a sim-
ple yet powerful enhancement for such “group-
wise” quantization. By strategically shuffling
channels to group those with similar token-wise
activation distributions, TAGQuant ensures bet-
ter clustering of large- and small-range values.
This shuffle operation is hardware-efficient,
and seamlessly integrated into the quantiza-
tion process with only 0.01× latency overhead.
TAGQuant reduces relative GSM8K error in
both INT4 and MXFP4 formats, by up to 86%
in Llama-3.1-8B-Instruct compared to base-
lines, validating the effectiveness of our chan-
nel shuffling approach for group-wise quantiza-
tion. Code is publicly available.

1 Introduction

A common challenge across both algorithmic and
hardware perspectives in large language model
(LLM) quantization is supporting “group-wise”
quantization– quantizing consecutive channels. Af-
ter its introduction (Shen et al., 2020; Yao et al.,
2022), it has been widely used in integer-based
quantization (Frantar et al., 2023; Ashkboos et al.,
2024b), though optional. Moreover, group-wise
quantization with a small group size of 32 is of-
ficially adopted in the recently proposed MXFP4
format (Rouhani et al., 2023). Therefore optimiz-
ing group-wise quantization for small group sizes
has become essential for quantization efficiency.

In this paper, we investigate how to optimize
group-wise quantization. The key problem is out-
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liers, which significantly expand the quantization
scale, which controls the range, or granularity, of
the quantization. These outliers increase granular-
ity, making the other values in the same group to
be undistinguishable after quantization.

Ideally, each group should contain channels with
similar quantization scales. To guide such groups, a
straightforward approach would be clustering chan-
nels with similar quantization scales, and use those
clustered channels in the same group.

Existing work to cluster the channels,
RPTQ (Yuan et al., 2023), identifies chan-
nels with similar quantization scales, with a scalar
proxy maxj |aj,c| per channel c, where aj,c is
the activation of channel c for jth token. We
argue it simplifies the activation values of each
channel too much, ignoring the token dimension.
Figure 1b with token dimension describes this
challenge– channel index reordered by a scalar
proxy alone (y-score in Figure 1a) does not
guarantee consecutive channels have similar
quantization scales, leading to high quantization
error within each quantization group.

To address this limitation, we introduce
TAGQuant, which captures finer-grained activation
dynamics, considering the token dimension. In-
stead of relying on the scalar values, we propose
to cluster vectors of token-wise activation distri-
butions, and then reorder them. We then apply a
dendrogram-based optimal leaf ordering algorithm
to reorganize channels, ensuring adjacent channels
exhibit similar token-wise distribution patterns. Af-
ter obtaining an ordering based on calibration data,
the ordering is then fixed for hardware efficiency.
In this new channel index, the consecutive channels
exhibits similar token-wise distribution (Figure 1c),
making it easier to quantize in groups.

• We propose TAGQuant, a method that sub-
stantially enhances group-wise quantization.

• Unlike the existing grouping optimization
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(a) 2D plot after RPTQ
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(b) 3D plot after RPTQ
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(c) 3D plot after TAGQuant

Figure 1: (a) RPTQ (Yuan et al., 2023) reorders by maximum value across token indices. However, when the token
index (y-axis) is also plotted as in (b), it is highly irregular– consecutive channels with similar proxy may not have
similar token-wise distribution, leading to high group-wise quantization error. (c) In contrast, TAGQuant clusters
channels well so that consecutive channels have similar token-wise distribution.

technique, we introduce a finer-grained strat-
egy using token-wise activation distributions
to optimize the grouping.

• Our newly introduced operation to materialize
TAGQuant incurs minimal overhead, adding
only 0.01× latency on A10 GPUs.

• Our approach significantly improves W4A4
quantization efficiency in both INT4 and re-
cently proposed MXFP4, demonstrating su-
perior accuracy retention on LLaMA-3 and
Phi-4.

• Code is publicly available.1

2 Related Works

2.1 Post-Training Quantization (PTQ)
Quantization techniques for neural networks gen-
erally fall into two broad categories: Quantization-
Aware Training (QAT) and Post-Training Quan-
tization (PTQ). QAT fine-tunes the model while
emulating low-precision arithmetic for weights and
activations. However, QAT requires additional
computational resources and data, which can be
prohibitively expensive for very large models. In
contrast, we focus on PTQ, with the benefit of pre-
trained models to lower precision after full training,
without updating its weights. PTQ is appealing
because it requires no additional gradient-based
training– becoming more practical in the LLM era.

Round-to-Nearest (RTN) RTN is the most naïve
PTQ technique. After scaling numbers into the
allowed range of k-bit format, it simply rounds the
given scaled number to the nearest k-bit number.

1https://github.com/thnkinbtfly/TAGQuant

2.2 Activation Outliers in PTQ
Efficient low-bit quantization of large models has
prompted many techniques to deal with the effect
of activation outliers– the large-magnitude values
that distort quantization. The following solutions
have been proposed:

Mixed-Precision LLM.int8 (Dettmers et al.,
2022) splits out the most extreme activation chan-
nels to 16-bit while quantizing the remaining values
to 8-bit. QUIK (Ashkboos et al., 2024a) similarly
extracts the outlier channels to use 16-bit while
quantizing the remaining channels to 4-bit. Unlike
LLM.int8, they fix channel indices for hardware
acceleration.

Channel Scaling SmoothQuant (Xiao et al.,
2023) migrates the quantization difficulty from ac-
tivations to weights via a rescaling transformation.
They smooth out activation outliers, making their
distributions more uniform, by offloading each ac-
tivation’s scale into its corresponding weight. Sim-
ilarly, AWQ (Lin et al., 2024) identifies a small
subset of particularly sensitive weight channels by
analyzing activation statistics. They amplify those
weight values before the weight-quantization.

Rotation-Based QuaRot (Ashkboos et al.,
2024b) applies the Hadamard transformation,
whose matrix is a rotation matrix, to remove
outliers from hidden representations. This
redistributes the variance of extremely large
activation components across many dimensions.
This rotation is computationally invariant.

Distinction We focus on optimizing the group-
ing, which can be orthogonally applied with each
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of these techniques. Moreover, while these algo-
rithms were mainly evaluated on integer-based for-
mat only, we evaluate the algorithms on MXFP4
with weight 4bits and activation 4bits (W4A4) for-
mat as well.

2.3 Optimizing the Grouping for Outliers

RPTQ (Yuan et al., 2023) identifies outlier channels
based on scalar proxies. Based on this information,
they reorder the channels to cluster channels with
similar quantization scales.

However, their simplified optimization ignores
the token-wise distribution patterns (Figure 1). In
contrast, we leverage token-wise activation distri-
butions to optimize the grouping. This results in a
better grouping strategy, boosting the benchmark
performances (Table 3).

3 Proposed Method

3.1 Preliminaries

3.1.1 Integer-based Group-wise Quantization
Integer-based quantization has been popular with
various algorithmic support (Shen et al., 2020; Yao
et al., 2022; Frantar et al., 2023; Xiao et al., 2023;
Lin et al., 2024; Ashkboos et al., 2024a) and hard-
ware support such as Ampere GPUs (NVIDIA,
2020). Among symmetric quantization and asym-
metric quantization, we use asymmetric quantiza-
tion as default, following Gong et al. (2024).

Integer-based group-wise quantization groups
every consecutive k elements, and each group
shares a scale, and zero-point value. Formally,
let {x1, . . . , xk} be the set of real numbers in one
group. INT4, for example, encodes this group as
(S, z, {qi}), where S is the scale, z is the zero-point
value, and each qi is the 4-bit value for xi. The real
value is reconstructed as xi ≈ S × (qi + z). The
scale S and zero-point z can be typically obtained
as:

z = minxi (1)

S =
maxxi −minxi

24 − 1
(2)

3.1.2 MXFP4 Quantization
MXFP4 is a 4-bit format defined by the recent OCP
standard for low-precision deep learning (Rouhani
et al., 2023). In an MXFP4 representation, a tensor
is divided into groups of k = 32 elements each,
and each group shares a single 8-bit scale of E8M0
format while storing individual values in a 4-bit

of E2M1 format (Rouhani et al., 2023). Formally,
let {x1, . . . , x32} be the set of real numbers in one
group. MXFP4 encodes this group as (S, {qi}),
where S is the ‘shared scale’ and each qi is the
4-bit value for xi. The real value is reconstructed
as xi ≈ S×qi. The shared scale S can be typically
obtained as:

S = ⌊log2(max |xi|)⌋ (3)

3.1.3 QUIK
QUIK (Ashkboos et al., 2024a) compresses the
majority of weight parameters and activation values
to 4-bit, but keeps a small subset of outlier elements
in higher precision (e.g. 16-bit) for accuracy. With
calibration data, they first identify which channels
tend to produce extreme values, and use higher
precision for those channels afterwards, which is
orthogonal with group optimization such as RPTQ
or our work. They also implement GPU kernels
to efficiently support this mixed-precision format,
getting up to 3.4x throughput improvement over
FP16.

3.2 TAGQuant

We highlight three key contributions of TAGQuant
in each subsections.

1. Capturing finer-grained activation dynamics
of token-wise activation distributions,

2. Tailoring the algorithm for INT4 or MXFP4
format.

3. Proposing channel shuffling to mitigate the
discrepancy in a hardware-efficient manner,

3.2.1 Capturing Finer-Grained Activation
Dynamics: Token-Wise Distribution

The activation outliers of each channel are typi-
cally estimated by the maximum absolute values
of the activations (Yuan et al., 2023; Xiao et al.,
2023). We observe that this coarse-grained anal-
ysis leads to suboptimal grouping for group-wise
quantization (Table 3) To find out why, we investi-
gate the maximum absolute value of the activations
(Figure 1a), and depict the absolute values by pre-
serving the token index (y-axis in Figure 1b), on
RPTQ-sorted Llama-3.1-8B-Instruct. As already
discussed, the existing group optimization tech-
nique, RPTQ (Yuan et al., 2023), ordering by the
maximum absolute values (Figure 1a) fails to cap-
ture token-wise distribution (Figure 1b).
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Llama-3.1-8B-Instruct bits GSM8K
Original 16 81.7
RTN 4 60.5
QuaRot (Ashkboos et al., 2024b) 4 57.6
SmoothQuant (Xiao et al., 2023) 4 60.7
QUIK (Ashkboos et al., 2024a) 4 77.6

Table 1: Accuracy(%) of downstream tasks of various
quantization algorithm on W4A4 MXFP4 with Llama-
3.1-8B-Instruct.

GSM8K GPQA DROP MGSM

k = 128
RTN 70.2 22.5 47.7 47.6
QuaRot 72.2 28.6 43.0 42.7

k = 32
RTN 79.1 27.9 54.6 59.0
QuaRot 71.6 22.5 53.6 49.4

Table 2: Accuracy(%) of downstream tasks of quantiza-
tion algorithms on W4A4 INT4 format with Llama-3.1-
8B-Instruct, varying the group size (k). QuaRot suffers
when group size becomes smaller.

Therefore, we propose to compare the distribu-
tions in a finer-grained manner– using a calibration
dataset, we compare the token-wise distributions dc
per channel c, to determine channels with similar
scales per token.

3.2.2 Tailoring Token-Wise Distribution (dc)
We now materialize the mapping f for channel
shuffling. Formally, consider the input activation
ai,j,c, where i is the batch index, j is the token
index, and c is the channel index.

Tailoring dc for MXFP4 To find channels with
similar token-wise distributions, we aim to model
dc as the histogram of the scale values across the
batch. We first get the scale value extending Eq. 3:

Si,j,c = ⌊log2 |ai,j,c|⌋ (4)

Considering the scale value Si,j,c uses 8-bit in
MXFP4, we can cheaply obtain the token-wise
scale histogram dc = (f0,0,c, · · · , f255,N,c) per
channel c as follows:

fm,j,c =
∑

i

1(Si,j,c = m) (5)

where N is the sequence length, and 1 is the indi-
cator function.

Tailoring dc for INT4 Unlike MXFP4, the scale
value and the zero-point value are not restricted
to 8-bit in INT4. Therefore, we concatenate all

the activation values across the batch to model the
token-wise distribution per channel. We simply
model token-wise distribution dc per channel c as
follows:

dc = (a0,0,c, a0,1,c, · · · , aB,N,c) (6)

where B is the batch size.
Obtaining Shuffle Ordering f From dc Now
we aim to derive the shuffle ordering so that the
channels in the same group tend to have similar
scales, lowering the quantization error per each
group.

First, to cluster channels with similar vectors of
dc, we draw a dendrogram of dc using the UPGMA
algorithm (Sokal and Michener, 1958).

We use the L2 distance as the distance metric
between two vectors of dc. The distance between
two channels c1 and c2, or two clusters of channels
C1 and C2, are defined as:

D(c1, c2) = ∥dc1 − dc2∥2 (7)

D(C1, C2) =
1

|C1||C2|
∑

c1∈C1

∑

c2∈C2

D(c1, c2)

(8)

At each step, the two closest clusters are merged
until all channels are merged into a single cluster.

Appendix A reports our empirical selection of
this algorithm and use of L2 distance.

Now, we want to derive the mapping f from
the ordering of the leaf nodes of the obtained den-
drogram. Among diverse equivalent dendrograms,
we choose one by applying a leaf ordering algo-
rithm optimized for hierarchical clustering (Bar-
Joseph et al., 2001) to ensure the adjacent channel
indices have similar token-wise scale distribution.
Finally, we obtain the index mapping for shuffling
f(cl) = l where cl is the original channel index of
the lth leaf in the dendrogram. Figure 1c shows that
TAGQuant clusters channels well to make token-
wise distribution of consecutive channels similar.

3.2.3 Hardware-Efficient Channel Shuffling
Shuffling channels may seem to incur additional
overhead, but we restrict mapping f to be fixed,
then we can fuse the shuffling into the quantization
kernel provided in QUIK (Ashkboos et al., 2024a)
implementation. Our experiments show that there
is no noticeable latency overhead (Table 5).

4 Experiments

In this section, we aim to address the following
research questions:
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Llama-3.1-8B-Instruct Phi-4-14B
bits GSM8K GPQA DROP MGSM GSM8K GPQA DROP MGSM

Original 16 81.7 32.8 59.7 67.1 93.4 51.6 69.0 82.2
QUIK (Ashkboos et al., 2024a) 4 77.6 25.9 57.1 58.0 92.6 44.6 68.0 80.7
QUIK+RPTQ (Gong et al., 2024) 4 77.8 28.1 56.5 58.1 92.9 44.2 68.3 80.8
QUIK+TAGQuant 4 80.0 29.7 56.8 58.9 93.6 46.4 69.0 81.4

Table 3: Accuracy(%) of downstream tasks of various quantization algorithm on W4A4 MXFP4 format (group size
k = 32).

• RQ1: Does TAGQuant improve the perfor-
mance?

• RQ2: Does TAGQuant overcome the fail-
ure cases of existing INT4 or MXFP4 W4A4
quantizaiton?

• RQ3: Is TAGQuant optimized for hardware
efficiency?

• RQ4: Does TAGQuant reduce the activation
variance within each group?

We employ LLMs over diverse families and
scales: Llama-3.1-8B-Instruct (Dubey et al., 2024),
and Phi-4-14B (Abdin et al., 2024).

Tasks and Datasets We evaluate with GSM8K
8-shot CoT (Cobbe et al., 2021), a math reason-
ing dataset; GPQA 0-shot CoT (Rein et al., 2024),
a graduate-level QA dataset; DROP 3-shot (Dua
et al., 2019), reading comprehension dataset; and
Multilingual GSM 0-shot CoT (Shi et al., 2023),
which is a multilingual math reasoning dataset. For
calibration data, we follow the setting of Gong et al.
(2024).

Implementation Details To evaluate, we ex-
tend LM-EVALUATION-HARNESS2 (Gao et al.,
2021) to use the prompts used by Llama-3.1 se-
ries.3 To simulate MXFP4 quantization, we extend
LLMC (Gong et al., 2024) framework to support
MXFP4 format. Implementations of all baselines
are adopted from LLMC. Following Ashkboos et al.
(2024a), for QUIK, we use higher bits for the last
linear layer in each MLP layer (e.g. 16-bit in our
implementation), and use 256 channels as 16-bit
for each linear layer. For INT4 quantization, we
use group size k = 32 as default following MXFP4
format, while we will also investigate k = 128 for

2https://github.com/neuralmagic/
lm-evaluation-harness/tree/llama_3.1_instruct

3https://huggingface.co/datasets/meta-llama/
Llama-3.1-8B-Instruct-evals/

GSM8K GPQA DROP MGSM
Original (16bits) 81.7 32.8 59.7 67.1
QUIK 79.9 28.8 55.1 62.6
QUIK+ShuffleQ 81.6 31.9 58.0 64.9

Table 4: Accuracy(%) of downstream tasks of various
quantization algorithm on W4A4 INT4 format with
Llama-3.1-8B-Instruct (group size k = 32).

N = 4096 N = 8192

TAGQuant 0.801 2.021
- channel shuffling 0.792 2.009

Table 5: Latency (ms) comparison of N × N mixed-
precision matrix multiplication with and without chan-
nel shuffling.

RQ2. All evaluations are done on one H100-80GB,
requiring less than 6 hours.

Comparisons We compare the following meth-
ods:

• Round-To-Nearest (RTN) directly quantize
without outlier mitigation.

• QuaRot (Ashkboos et al., 2024b) mitigates
outliers by rotating with hadamard matrix.

• SmoothQuant (Xiao et al., 2023) mitigates
outliers by channel scaling.

• QUIK (Ashkboos et al., 2024a) extracts out-
lier channels and use high bits for them.

• TAGQuant groups channels with similar acti-
vation distributions upon QUIK.

4.1 Experimental Results
RQ1: TAGQuant Improves the Performance
Based on Table 1, we mainly compare upon QUIK
as the most competitive baseline.

Table 3 shows that TAGQuant outperforms all
the baselines in MXFP4 quantization– For example,
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(a) 3D plot after RPTQ

0 50 100
150

200
250

channel index 0
50

100
150

200
250

tok
en

 in
de

x

0.0

0.1

0.2

0.3

0.4

ab
so

lu
te

 v
al

ue
 o

f a
ct

iv
at

io
n

(b) 3D plot after TAGQuant

Figure 2: Activation distribution after applying RPTQ and TAGQuant on a test dataset, GSM8K.

Average std
QUIK 0.1605
QUIK+RPTQ 0.1603
QUIK+TAGQuant 0.1572

Table 6: Average standard deviation of the errors within
quantization groups.

TAGQuant lowers the error in GSM8K by 56%
(-3.9%p to -1.7%p) and GPQA by 34% (-4.7%p
to -3.1%p) compared with the toughest baseline,
QUIK+RPTQ, on Llama-3.1-8B-Instruct.

Table 4 shows that TAGQuant outperforms all
the baselines in INT4 quantization as well– For
example, TAGQuant lowers the error in GSM8K
by 86% (-0.7%p to -0.1%p) and GPQA by 82%
(-5.1%p to -0.9%p) compared with the toughest
baseline, QUIK, on Llama-3.1-8B-Instruct.

4.1.1 RQ2: Failure Cases of Existing
Algorithms on W4A4

Coarse-grained Clustering (RPTQ) The sec-
ond and third rows of Table 3 show that the clus-
tering of RPTQ provides only marginal improve-
ment. In contrast, TAGQuant provides stark im-
provements, as described in RQ1.

Small Groups Table 1 shows the weakness of
QuaRot (Ashkboos et al., 2024b). To investigate,
we compared QuaRot performance varying the
group size in Table 2. We find QuaRot suffers
when a small group size is used, which is consis-
tent with the recently reported result by Lee et al.
(2024). This points out the unique challenge of
quantizing LLMs into emerging hardware, such
as MXFP4, which constrains group size to be as
small as 32. In contrast, TAGQuant works well for
the small group size as well (Table 3,4), such as

required in MXFP4.

4.1.2 RQ3: Hardware-Efficiency
To compare the latency, we compile the kernels
of QUIK and QUIK+TAGQuant on an Ampere
GPU (A10), where QUIK kernel is originally de-
signed for. We measure the latency of N × N
mixed-precision matrix multiplication, following
the setting of QUIK (Ashkboos et al., 2024a).

Table 5 shows only the negligible overhead of
the fused shuffling operation.

4.1.3 RQ4: Variance Reduction
To validate that TAGQuant reduces the activa-
tion variance within each group, we compare the
standard deviation of the activation values within
each group before and after applying TAGQuant.
Table 6 shows that TAGQuant reduces the stan-
dard deviation of the activation values within each
group, compared to RPTQ (Yuan et al., 2023) and
QUIK (Ashkboos et al., 2024a).

On a test dataset, GSM8K, we also plot the acti-
vation distribution before and after applying RPTQ
and TAGQuant in Figure 2. Figure 2 shows that
TAGQuant indeed clusters the token-wise distri-
bution better, reducing the variance within each
group.

5 Conclusion

In this work, we introduced TAGQuant, a quan-
tization strategy to optimize the grouping for
group-wise quantizations. By strategically shuf-
fling channels based on predetermined index pairs,
TAGQuant groups channels with similar token-
wise distributions. This ensures that large- and
small-range values are effectively clustered. Our
experiments demonstrated improvement on Llama-
3.1 and Phi-4.
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Limitations

While TAGQuant is promising, we observe noti-
cable degradation in the multilingual benchmarks,
such as MGSM. Also, considering the MXFP4 for-
mat is not widely adopted yet, the real impact of
TAGQuant on production systems remains to be
seen.

Despite these promising results, its impact on dif-
ferent model architectures and activation patterns
warrants further investigation. Future directions
include extending TAGQuant to mixed-precision
settings and exploring alternative grouping strate-
gies that further optimize activation distributions
for group-wise quantization.
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Clustering Algorithm dist GSM8K
KMeans L2 78.5
UPGMA L2 80.0
UPGMA L1 78.8
WPGMA L1 77.1
UPGMC L1 76.1
WPGMC L1 78.0
Nearest point L1 77.8
Farthest point L1 78.2
Ward variance minimization L1 78.1

Table 7: Comparison of various clustering algorithms
and distance metrics.

A Validation of Our Clustering
Algorithm

Table 7 validates our selection of L2 distance and
UPGMA Clustering Algorithm.

B Hyperparameter Selection

To compare the hyperparameter selection, we vary
the sample size and sequence length in Table 8. As
expected, when sequence length gets longer and
longer, the performance tends to improve. Vary-
ing the number of the samples leverages different
quality of samples, leading to varying performance
numbers.

We also compare the group size in Table 9. Our
focus was using small group size k, where 32 is
popularly used in the emerging architectures. As
expected, larger k value diminishes the effective-
ness of TAGQuant.
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Sample size Sequence length GSM8K GPQA DROP MGSM avg
128 2048 0.816 0.319 0.580 0.649 0.5910
128 1024 0.823 0.317 0.581 0.642 0.5908
128 512 0.813 0.275 0.583 0.640 0.5778
256 2048 0.792 0.288 0.582 0.629 0.5728
64 2048 0.786 0.261 0.588 0.649 0.5710

Table 8: Effect of sample size and sequence length on Llama-3.1-8B-Instruct with INT4 quantization.

GSM8K GPQA DROP MGSM
QUIK+TAGQuant 76.8 30.6 55.2 61.7
QUIK 77.2 30.1 56.2 62.0

Table 9: Comparison of QUIK and QUIK+TAGQuant on larger group size, such as k = 128.
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