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Abstract

Rotating the activation and weight matrices to reduce the influence of
outliers in large language models (LLMs) has recently attracted signifi-
cant attention, particularly in the context of model quantization. Prior
studies have shown that in low-precision quantization scenarios, such as
4-bit weights and 4-bit activations (W4A4), randomized Hadamard trans-
forms can achieve significantly higher accuracy than randomized orthog-
onal transforms. Notably, the reason behind this phenomenon remains
unknown. In this paper, we find that these transformations show substan-
tial improvement in eliminating outliers for common tokens and achieve
similar quantization error. The primary reason for the accuracy differ-
ence lies in the fact that randomized Hadamard transforms can slightly
reduce the quantization error for tokens with massive activations while
randomized orthogonal transforms increase the quantization error. Due
to the extreme rarity of these tokens and their critical impact on model
accuracy, we consider this a long-tail optimization problem, and therefore
construct a simple yet effective method: a weighted loss function. Addi-
tionally, we propose an optimization strategy for the rotation matrix that
involves alternating optimization of quantization parameters while em-
ploying orthogonal Procrustes transforms to refine the rotation matrix. This
makes the distribution of the rotated activation values more conducive to
quantization, especially for tokens with massive activations. Our method
enhances the Rotated LLMs by achieving dual free, Outlier-Free and Mas-
sive Activation-Free, dubbed as DFRot. Extensive experiments demonstrate
the effectiveness and efficiency of DFRot. By tuning the rotation matrix
using just a single sample, DFRot achieves a perplexity improvement of
0.98 and 0.95 on W4A4KV4 and W4A4KV16, respectively, for LLaMA3-
70B, a model known for its quantization challenges. Code is available at
https://github.com/JingyangXiang/DFRot.

1 Introduction

Large Language Models (LLMs) have shown exceptional abilities across numerous domains.
Cutting-edge open-source models like LLaMA (Touvron et al., 2023) and Mistral (Jiang
et al., 2023), along with proprietary LLMs such as GPT (Achiam et al., 2023) and Gem-
ini (Team et al., 2023), are now being applied in a wide range of applications, including
natural language understanding (Zellers et al., 2019; Hendrycks et al., 2020), machine transla-
tion (Zhang et al., 2023), content generation (Mo et al., 2024), recommendation systems (Wu
et al.,, 2023; Wang et al., 2024; 2025) and agent (Li et al., 2025).

However, the remarkable success of LLMs is largely reliant on significant computational
resources. LLMs often consist of billions of parameters, making them not only resource-
intensive to train but also challenging to deploy on devices with limited computational
capacity, such as mobile phones and edge devices. Additionally, the high memory and
processing demands not only drive up hardware costs but also significantly increase energy
consumption, leading to serious deployment concerns. To address these challenges, re-
searchers and engineers are actively exploring various model compression techniques (Fran-
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tar et al., 2022; Xiao et al., 2023; Lin et al., 2024a; Yao et al., 2022; Frantar & Alistarh, 2023;
Ashkboos et al., 2024a; Wei et al., 2024; Zhao et al., 2025). These techniques aim to reduce
the size of LLMs while maintaining their performance as effectively as possible, achieving a
balance between efficiency and accuracy.

Unfortunately, the presence of outliers in the activations (Dettmers et al., 2022; Zeng et al.,
2022) often leads to a significant reduction in model accuracy when PTQ is applied directly.
To address this problem, earlier approaches have either scaled weights and activations (Xiao
et al., 2023; Wei et al., 2023; Shao et al., 2023), shifting the quantization challenges from
activations to weights, or employed mixed-precision techniques to isolate outliers (Dettmers
et al., 2022), thereby minimizing the LLM’s quantization error.

Recent research (Ashkboos et al., 2024b) has demonstrated that rotating activations in LLMs
can effectively eliminate most outliers while preserving computational invariance, ensuring
that the LLM’s output remains identical to its original results. Moreover, the rotation
matrices can be merged into the weights, imposing no additional burden on network
inference. This innovative computational invariance (Ashkboos et al., 2024a) has garnered
significant attention from researchers.

Although rotation is widely recognized as an important method for the quantization
of LLMs, there remain many unresolved issues. For example, as shown in Table 1,
when activations are reduced to 4-bit, the reasons why randomized Hadamard trans-
forms (RH) often achieve significant improvement compared to randomized orthogonal
transforms (RO) (Ashkboos et al., 2024b; Liu et al., 2024) have not yet been fully understood.
However, while directly training rotation matrices can yield good results (Liu et al., 2024),
the training process will cause substantial computational resources and adds complexity to
the quantization process.

In this paper, we first investigate the underlying reasons why RH outperforms RO. We find
that for ordinary tokens consisting primarily of outliers (Achiam et al., 2023), both RO and
RH transformations can equally reduce quantization error when applied to these tokens. As
shown in Figure 3, in terms of quantization error, there is no substantial difference between
the two transformations. In contrast, for special tokens with massive activations (Sun et al.,
2024), using RO on these activations surprisingly leads to an increase in quantization error.
Our experiments show that this inability to efficiently manage massive activations greatly
restricts the accuracy of quantized LLMs. On the other hand, while RH performs better
than RO, it only manages to maintain or slightly reduce the quantization error for these
large activations. This observation indicates that both transformation methods struggle to
effectively manage massive activations in LLM quantization.

Building on these insights, we propose a novel optimization method to enhance the per-
formance of quantized LLMs, achieving both Outlier-Free and Massive Activation-Free, e.g.
dual free (DFRot). By treating scarce tokens with massive activations as long-tail distributed
data, we develop a simple yet effective weighted loss function. Additionally, we intro-
duce an alternating optimization approach to refine the rotation matrices and quantization
parameters, further minimizing quantization error. Extensive experiments demonstrate
the effectiveness of our proposed method. Specifically, by tuning the rotation matrix with
just a single sample, DFRot achieves a PPL improvement of 0.95 and 0.98 on W4A4KV4
and W4A4KV16 for LLaMA3-70B with WikiText-2, a model recognized for its quantization
challenges (Huang et al., 2024).

2 Related Work

2.1 Eliminating outliers via Scale Invariance

The initial idea behind suppressing outliers through scale invariance stems from the obser-
vation that weights are easier to quantize than activations, and outliers in activations often
appear in a few fixed channels Dettmers et al., 2022. Based on this, SmoothQuant (Xiao
et al., 2023) first proposes that we can offline migrate the quantization difficulty from activa-
tions to weights via scale invariance. SmoothQuant enables an INT8 quantization of both
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Figure 1: An illustration of rotational invariance in the LLaMA architecture. The rotation
matrix R; can be integrated into the residual connection, ensuring the network retains
rotational invariance. The rotation inner the block can further reducing outliers within block.
Both of them make LLM fewer outliers and be easier to quantize. The rotation matrix Ry,

RT, Ry, RT and R] can be integrated into weights. R3 and Ry need to compute online.

weights and activations for all the matrix multiplications in LLMs. Furthermore, Outlier
Suppression+ (Wei et al., 2023) proposes a fast and stable scheme to effectively calculate
scaling values, achieving a better balance in quantization burden. To reduce manual design
and further enhance quantization performance in extremely low-bit quantization, Omni-
Quant (Shao et al., 2023) introduces Learnable Weight Clipping and Learnable Equivalent
Transformation, efficiently optimizing the quantization process for both weight-only and
weight-activation quantization. In the clipping W4A8 quantization, QQQ (Zhang et al.,
2024) proposes to dynamically handle outliers through adaptive smoothing. QServe (Lin
et al., 2024b) proposes SmoothAttention to effectively mitigate the accuracy degradation
caused by 4-bit KV quantization. Both QQQ and QServe have effectively enhanced the
performance of LLMs in W4A8 quantization.

2.2 Eliminating outliers via Rotational Invariance

Although scale invariance can reduce outliers and improve quantization performance, it
merely transfers the outliers from activations to weights and has not eliminated them fun-
damentally. When the magnitude of the outliers is large, scaling struggles to achieve an
effective balance between weights and activations. Recently, researchers have found that
applying rotation matrices to networks can effectively reduce outliers without increasing
the complexity of LLMs. QulP Chee et al. (2024) is the first to suggest that quantization
can benefit from the incoherence between weight and Hessian matrices. It employed
randomized orthogonal matrices generated by Kronecker product to enhance their inco-
herence. QulP# (Tseng et al., 2024) replaces the randomized orthogonal matrices with
randomized Hadamard matrices, which are faster and possess better theoretical properties.
QuaRot (Ashkboos et al., 2024b) is the first work to apply rotational invariance (Ashk-
boos et al., 2024a) for model quantization. QuaRot finds that randomized Hadamard
transformations yield better results compared to randomized orthogonal transformations.
SpinQuant (Liu et al., 2024) and OSTQuant (Hu et al., 2025) further extends the rotation
matrices to a trainable space and applied Cayley optimization (Li et al., 2020) to refine them,
achieving significant improvements across diverse datasets.

3 Rotational Invariance, Quantization and Massive Activation

3.1 Rotational Invariance

First, we briefly introduce rotational invariance in LLMs, using the structure of LLaMA as
an example. We assume that the « in the RMSNorm has been fused into the follow linear
layers’ weights, including W;, Wy, W,, W, and Wt and RMSNorm applies to each row of
the activations X as X;. < X;./ || X;.||. If R; is an rotation matrix, we have the commutation
property RMSNorm(XR;) = RMSNorm (X) R; (Ashkboos et al., 2024a). This property
implies that multiplying the input of RMSNorm by R; is equivalent to multiplying the
RMSNorm output by R;.
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Figure 2: Comparison of 4-bit activation quantization error E(-) for each token with NR,
RO and RH for (a) LLaMA-7B, (b) LLaMA2-7B, (c) LLaMA2-13B and (d) LLaMA3-8B. The
tokens are from model.layers.6.post_attention_layernorm. Best viewed in color.
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Figure 3: Comparison of 2D 4-bit quantization errors for tokens with NR, RO, RH and
DFRot for LLaMA3-8B from Figure 2.
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Figure 4: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 2.

As shown in Figure 1, to remove outliers in the input activations, a rotation matrix R;
is applied to the embedding layer W pedqing, resulting in a new input activation Xj R;.

According to the above, we can know once we transform W, Wy, W, and W, in the Multi-

Head Attention (MHA) to RlTWq, RlTWk, RlTWU and W, R, the hidden feature within the
MHA will remain unchanged, and the original output feature ¥; will become Y;R;. The
following Feed-Forward Network’s input X, from the residual connection will be modified
to (X1 + Y1)Ry = XpR;. If we further transform Wy, Weate and Wy, to RlT Wap, RlT Waate
and Wy, R1, the hidden feature within the FFN will also remain unchanged, and the output
feature X3 will be modified to (X; + Y2)R; = X3R;. Based on mathematical induction, we
can get that X,Ry + Y, Ry = (X, + Y»)Ry = X,,11R; for the n-th module. To this end, by
transforming Wy, jeq4 into RlT Win_nead, the network output will remain unchanged.

There is also rotational invariance within the block. For MHA, we can insert head-wise
rotation matrices R, and R for W, and W, and Rj for Query and Key after RoPE. For
FEN, we can insert Ry and RZ between Swish and W,,,,- These approaches can further
eliminate outliers and reduce quantization error while keeping the block output unchanged.
In this paper, we only discuss R;. For Ry, R3, and Ry, we follow the QuaRot (Ashkboos
et al., 2024b) settings and use Hadamard matrices.

3.2 Why the Randomized Hadamard is better than Randomized Orthogonal?

Based on the computational invariance described in Section 3.1, it is evident that the choice
of rotation matrices is critical for ensuring the accuracy performance of the quantized
model. Therefore, a natural question arises: What type of rotation matrix offers the most
advantageous properties?
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Method __ LLaMA-7B____LLaMA2-7B 11aMA2-138B = LLaMA3-8B
4-4-4 44716 4-8-16 4-4-4 4-4-16 4-8-16 4-4-4 4-4-16 4-8-16 4-4-4 4-4-16 4-8-16
‘GPTQ NaN NaN NaN NaN NaN NaN Inf Inf 601 Inf Inf 729
(RO)QuaRot  6.68 662 580 796 7.71 561 600 592 499 1054 10.15 6.52
(RO) QuaRot.FP16() 630 6.27 - 617 610 - 538 534 - 7.83 7.68 -
(RH) QuaRot 637 633 581 627 620 561 551 546 501 820 802 652
(RH) QuaRot.FP16() 6.30 6.28 - 617 610 - 540 537 - 7.82 7.67 -

Table 1: WikiText-2 perplexity ({) results for RO and RH for LLaMA models. The 4-4-4,
4-4-16, 4-8-16 represent W4A4KV4, W4A4KV16, W4A8KV16 respectively. We show the
failed GPTQ using NaN and the perplexity results>100 by Inf. QuaRot.FP16() denotes
retaining tokens with massive activations as FP16.

We begin by focusing on RO and RH, as both QuaRot (Ashkboos et al., 2024b) and Spin-
Quant (Liu et al., 2024) have demonstrate that RH delivers substantial improvements over
RO in LLMs. We conducted experiments by applying RO and RH to the LLaMA models
respectively, followed by weight quantization using GPTQ under various quantization
settings. The results are shown in Table 1. Benefiting from the outlier elimination through
rotational invariance, we find that for dynamical token-wise 8-bit activation quantization,
both RO and RH lead to significant performance improvements compared to standard
quantization. Additionally, no substantial performance difference is observed between the
two transformations. However, under 4-bit dynamical token-wise activation quantization,
RH significantly outperforms RO.

To investigate the performance differences between RH and RO under 4-bit activation
setting, we plot the corresponding quantization error after applying 4-bit quantization to
the multiple tokens. We also display the quantization error for the baseline setting where
quantization is applied without rotating the activation to better understand the impact of
using the rotation matrix. As shown in Figure 2, compared to the no rotation (NR), both RO
and RH effectively reduce the quantization error for most tokens across different models.
While RH slightly lowers the quantization error, the difference between the two methods is
minimal for the majority of tokens. This leads to the question: What explains the significant
difference in PPL during quantization when their quantization errors are so similar?

To answer this question, we turn our attention to massive activation (Sun et al., 2024), a rare
but significant feature in LLMs. As shown in Figure 2, the red points represent quantization
error for the tokens with massive activation. While most tokens show large quantization
errors under NR, these special tokens display significantly smaller errors, which can be
observed from Figure 3. It is normal since each token has a fixed Ly norm after RMSNorm
processing, as shown in Figure 4(a), tokens with massive activation naturally exhibit smaller
quantization errors when quantized to 4-bit. Figure 4 presents the quantization result for
the token with massive activation after applying NR, RO, and RH. Surprisingly, the rotation
operations do not significantly reduce quantization errors for these tokens. In fact, compared
to NR, RO greatly increases their quantization error, while RH only marginally reduces it.
This leads us to question whether tokens with massive activation are the primary cause
of the significant accuracy discrepancies between RH and RO.

To investigate this further, we build upon QuaRot by retaining tokens with massive activa-
tions in FP16 format for both RO and RH, while applying 4-bit quantization to the remaining
input tokens, denoted as (RO) QuaRot.FP16() and (RH) QuaRot.FP16(). As shown in Table 1,
for all LLaMA models, the performance gap between RH QuaRot and RO QuaRot is totally
disappeared. It is so surprising that by simply retaining these extremely few tokens (often
less than one-thousandth) as FP16, we can completely eliminate the performance difference
between RO and RH. Therefore, we can make the following conclusion:

Why the Randomized Hadamard is better than Randomized Orthogonal?

RH = RO + Tokens with Massive Activations: RH is better than RO because it per-
forms more effectively when reducing the quantization error for tokens with massive
activations in 4-bit activation quantization.
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3.3 Optimization Objectives and Calibration Data Selection

As mentioned above, although retaining tokens with massive activations as high-precision
floating-point numbers can significantly enhance model accuracy, this approach is akin to a
token-level version of LLM.int8(). It still requires fine-grained mixed-precision computations
during the process, which will introduce additional system level optimization. Therefore,
in this paper, we focus on W4A4 quantization to maintain simplicity and efficiency in the
computation process. We consider a loss function of the following form:

L(R1,gx) = Ex [|¥R1 — Q(xRu,gx)]3] M

where x € R*C is the token vector from a calibration dataset X¢* € RL*C. C is the hidden
size and L is the number of tokens. R; € RC*C satisfies Ry RlT = I, g, is the quantization

parameters and Q(x, gx) € R1C is the quantization of the x. The expectation E [] is taken
over the token distribution. For the ease of analysis, we use the mean squared error || - ||».

Meanwhile, we introduce our data selection principle. We denote the calibration dataset as
X, the tokens with massive activations as X", and the remaining tokens as X \ X™:

L(Ry,gx) = By xn |[¥R1 = Q(xR1, g0) || + 7P Exexn | [¥R1 — Q(xRu, )13 - @)

During calibration, we apply a weighted loss to prioritize the quantization error on tokens
with massive activations, with 7 representing the weight.

The motivation behind this principle stems from the observations in Table 1. Since X" is the
key factor contributing to the performance gap between RO and RH, simply optimizing R
via Eq. 1 fails to specifically target X™. On the other hand, compared to the NR in Table 1, RO
also significantly improves performance, indicating that reducing the outliers on X% \ X"
can enhance quantization performance, optimizing only for X™ has the risk of increasing
the quantization error for X°! \ X", ultimately degrading the model’s performance. Hence,
it is crucial to optimize both X™ and X°¥ \ X". Naturally, we can regard this a long-tail
optimization problem, where X™ represents the long-tail but important data. Using a
weighted approach to optimize the quantization loss is a simple yet highly effective method.
Ablation studies in Section 4.2 further demonstrate the advantages of this strategy.

3.4 Solution Methods

Optimizing R; is a challenging task. Since R; influences every MHA and FFN in the net-
work, adjusting the activation distribution in one layer impacts the quantization results
across all layers. This makes it difficult to optimize layer by layer or block by block (Shao
et al., 2023; Wei et al., 2023). A straightforward approach is to use training methods for
quantization-aware fine-tuning of the rotation matrix across the entire network (Liu et al.,
2024). Although it does not require retaining the gradients of the weights or the corre-
sponding optimizer states, it still demands substantial computational resources during the
quantization process.

In this paper, we focus on improving the effectiveness of rotation matrices in mitigating
outliers and massive activation. Intuitively, we hypothesize that a rotation matrix that
minimizes quantization error will lead to better performance. Drawing inspiration from
Simsiam (Chen & He, 2021), we propose to regard quantization representation Q(xRy, g) as
cluster centroids #y. In the context, optimizing R; and g is equivalent to optimizing R; and
1, which can be viewed as an implementation of an Expectation-Maximization (EM)-like
algorithm, as shown in the following equation:

. 2 2 2
ming, . LRy 1x) = Eqexean xon | 1¥R1 = 1213 + 7By [[I¥R2 = 1123
2
= E,cxon |[I¥R1 — 1113,

where 7, = Q(xRy,g) and X = {x|x € x € X° \ X"} U {yx|x € X"}. This formulation
is analogous to k-means clustering (Macqueen, 1967), and R; and 5 act like the kernel

®)
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function and cluster centroids, respectively. Similar to k-means clustering, the problem
described in Eq 3 can be approached using an alternating algorithm, where one set of
variables is fixed while solving for the other. Formally, we can alternate between solving
these two subproblems:

ik + argmin £ (Ri_l,qx) ; Ry« arg n}zinﬁ (Ry,7t) (4)
Mx 1

where t represents the iteration index of the alternating rounds, and 7}, and R} denote the
values of #; and R; at round ¢.

Solving for the cluster centroids ;. The set of quantization parameters g, further contains
the quantization scale sy and zero point zy. In this paper, we adopt dynamic asymmetric
per-token quantization for activations. Therefore, we can independently determine the
optimal quantization scheme for solving s, and z for each xR;:

X
max(xR;) —min(xR;) = | min(xR;)
2N 1 7Zx = —

where | -] indicates round operation, N is the bitwidth.

f1x = Qg(xRy, sy, z,) = clamp QXSRW +24,0,2N — 1) ,
5)

where s, =
Sx

Solving for R;. The right side od Eq 4 is well-known as Procrustes problem (Mulaik, 2009).
which involves finding the optimal rotation matrix R; that best aligns two sets of points,
minimizing the Frobenius norm of their difference. The solution to this problem can be
obtained through Singular Value Decomposition (SVD). Specifically, given input matrices X
and its quantized version Q(X, g), the optimal R; can be found:

R; = UVT,where U, %, V! =SVD(XTQ(X, gx)). (6)

where we treat the quantization parameters gt as a constant.

One-step optimization. To find an improved rotation matrix Ry and quantization parame-

ters gy, we perform the iterative process shown in Eq 4. Specifically, a calibration set X is
randomly sampled from X, the iterative process can be specified as:

2
s;,z; < argming, 2, ). xea [HxRi_l - Qs,z(xRi_l))HJ ,112 < Qg ot (xRi_l), 7)
then the resulting quantization parameters will be used to produce the rotation matrix:
. 2
R! « arg 1’1}3111’1 Y e xel [Hle — ’1&”2} 8)

The detailed algorithm is provided in Algorithm 1.

4 Experiments

Experiment settings. We implemented DFRot based on QuaRot. In this paper, to sim-
plify the problem, we apply dynamic asymmetric per-token quantization for activation
values. The KV-cache is quantized using asymmetric quantization with a group size of 128.
GPTQ (Frantar et al., 2022) are used for weight with per-channel symmetric quantization,
where a linear search for the clipping ratio is applied to minimize squared error. We use
a sample with sequence length of 2048 from WikiText-2 (Merity et al., 2016) training set
to genrate calibration dataset X cal initialize the rotation matrix R; with RH, and optimize
it for 100 iterations. After obtaining the optimized rotation matrix Ry, we apply it to the
corresponding model and achieve rotational invariance. We use 128 samples each with a
sequence length of 2048, as the calibration dataset for GPTQ quantization.
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LLaMAS3-8B 'LLaMA3-70B | LLaMA2-7B ' LLaMA2-13B'LLaMA2-70B| LLaMA-7B ' LLaMA-13B ' LLaMA-30B

#Bits | Method 0-shot” Wikii 0-shot” Wiki |0-shot’ Wiki0-shot” Wiki i0-shot’ Wiki|0-shot’ Wiki0-shot’ Wiki0-shot’ Wiki
WAKV] Avg(l) () Ave(t) (D) JAve(n) (1) (Avg(t) (1) Avg(l) () JAve(1) () (Ave(l) () Ave(t) ()
16-16-16 |FloatingPoint | 68.09 6.14 | 7381 286 | 6521 547, 67.61 4.88 | 7159 3.32 | 6448 568 66.67 509 70.00 4.10

RTN 3342 6e2 | 3121 8e3 | 3244 nan | 30.86 8e3 | 30.90 7ed | 3251 7e3 | 3163 3ed | 3157 2e3
SmoothQuant| 33.04 1e3 | 3467 2e2 | 3213 nan, 3426 1e3 | 3586 3e2 | 3442 3¢2 | 3329 6e2 | 3464 1c3
GPTQ 3298 5e2 1 3147 4e4 | 3272 nan'! 30.11 4e3 ' 3086 mnan | 3212 1e3 ! 3151 3e3 ' 30.88 2e3
4-4-16 |QuaRot 61.86 811, 6825 592| 61.63 617 | 6466 545 69.96 3.89| 61.65 633 | 6483 557 67.79 474
DFRot 6301 7.78, 69.82 497 | 6242 613, 6534 539, 69.16 3.99 | 6225 630, 6447 558 68.06 478

SpinQuant* 6411 728! 66.99 6.10 | 57.37 6.78 ! 6323 524! 7058 3.68| 61.82 6.08' 64.59 5436: 68.08 4.53
OSTQuant* 65.14 724, 7221 397 | 6390 5.60, 6624 514, 7092 357 | 6272 6.04, 65.80 540, 6852 443

RTN 33.18 7e2 : 30.82 8e3 | 32.67 mnan : 3093 7e3 : 31.73  7ed | 32.87 1led : 31.33  3e4 : 31.64 23
SmoothQuant| 32.96 1e3 | 33.76 3e2 | 3212 nan, 3336 1e3 | 3554 3e2 | 3332 3e2 |, 33.28 5e2 | 3465 1e3
GPTQ 3371 6e2 1 3120 4e4 | 3352 nan . 2785 5e3 1 31.09 mnan | 31.80 2e3 1 30.63 3e3 1 31.07 23
4-4-4 |Omniquant 32.33 4e2: - - 48.40 ]4.26: 50.35 12.30: - - 48.46 11.26: 45.63 10.87: 45.04 12.35
QuaRot 6138 828, 6829 6.02| 60.81 625 6 6444 549 6996 392 | 6121 637, 64.68 559, 67.92 477
DFRot 6294 7911 69.62 503 | 6180 6.251 6495 543 68.78 4.02| 61.84 6.361 6426 5621 6793 4.81

SpinQuant” | 6410 7.35] 6631 6.24| 6201 596 64.13° 574 7057 3.61| 61.32 6.12] 6495 539 6814 455

OSTQuant* 6537 729, 7169 401 | 63.18 591, 6541 525, 7084 3.59| 6255 6.07 6543 540, 68.20 442

Table 2: Comparison of averaged accuracy on nine Zero-Shot tasks and perplexity on
WikiText2. Results for SmoothQuant, GPTQ, OmniQuant, AWQ, SpinQuant and OSTQuant
are from the OSTQuant paper, and QuaRot’s results from the official code. * denotes the
methods that use the quantization-aware training to optimize R;.

4.1 Main results

Language Generation Task. We evaluate DFRot on a language generation task and com-
pare it with SmoothQuant (Xiao et al., 2023), GPTQ (Frantar et al., 2022), OmniQuant (Shao
et al., 2023), AWQ (Lin et al., 2024a), SpinQuant (Liu et al., 2024) and OSTQuant (Hu
et al., 2025). Table 2 shows the perplexity of LLaMA models. As shown, compared to
QuaRot, DFRot achieves improvements in most cases. For example, DFRot achieves the
most significant improvement on the LLaMA3-8B model with W4A4KV4 and W4A4KV16,
outperforming QuaRot by 0.25 and 0.21, respectively. It is worth noting that DFRot has
achieved near 1.00 PPL improvement on LLaMA3-70B, a model known for its challenging
quantization performance, even surpassing SpinQuant, which finetunes R; on wikitext
through quantization-aware-training.

Similar to QuaRot, DFRot does not require any retraining process and only needs a sample
to optimize the rotation matrix. On a single NVIDIA A100 80G GPU, it only takes an extra
8 minutes for LLaMA-7B & LLaMA2-7B & LLaMA3-8B and 20 minutes for LLaMA2-13B,
resulting in minimal overhead. Even for the 70B models, the additional time is less than 90
minutes, which is also acceptable. It demonstrates that DFRot has wide applicability and
can serve as a cost-effective post-training method to enhance the quantization performance
of rotated LLMs. Although DFRot does not achieve the best performance compared to
the state-of-the-art methods, like OSTQuant, we believe DFRot also help community to
understand the fundamental performance gap between RO and RH.

Zero-Shot Tasks. We also evaluate DFRot on the following nine important zero-shot
tasks: BoolQ (Clark et al., 2019), PIQA (Bisk et al., 2020), WinoGrande (Sakaguchi et al.,
2021), OpenBookQA (Mihaylov et al., 2018), SIQA (Sap et al., 2019), HellaSwag (Zellers
etal., 2019), Arc (Easy and Challenge) (Clark et al., 2018) and LAMBADA (Radford et al.,
2019). We use Im_eval==0.4.5 (Gao et al., 2024) or our experiments. Table 2 shows the
average score of DFRot on the above tasks. As can be seen, DFRot consistently achieves
improvements compared to QuaRot across all tasks. For example, DFRot achieves a 1.56%
accuracy improvement compared to QuaRot on the LLaMA3-8B model with W4A4KV4
quantization settings.

4.2 Ablation studies

Choice of v. To further understand the effect of hyperparameters in DFRot, we conducted
an ablation study on Wikitext-2 PPL to investigate the impact of different vy settings for
W4A4KV16. As seen in Figure 5, when <y ranges between 50 and 200, DFRot achieves signif-
icant improvements across various LLaMA models using RH. Notably, on the LLaMA3-8B
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Figure 5: Comparison of WikiText-2 perplexity results under different y for W4A4KV16.
R, is initialized with RH.
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Figure 6: Comparison of WikiText-2 perplexity results under different y for W4A4KV16. R;
is initialized with RO.

model, which is known for its quantization performance sensitiveness to massive activa-
tions from Table 1, we observed a PPL improvement of over 0.2 in Figure 5(d). If we set
v = 1 and treat X" and X! \ X" equally to minimize their quantization errors, it may
reduce the quantization loss of X \ X" but increase the quantization loss of X", ulti-
mately resulting in a performance decline on the LLaMA2-13B. Conversely, if we set v — co
and only optimize the quantization error for X, it will increase the quantization error of
xcal \ X™, resulting in an accuracy drop across the LLaMA-7B, LLaMA2-7B, LLaMA2-13B
and LLaMA3-8B models.

Initialize with Randomized Orthogonal. We conducted an ablation to study the effective-
ness of DFRot when R initialized with RO. We keep the same experimental settings as in
the study with RH and optimize the rotation matrix with different y values. As shown in
Figure 6, our method achieves considerable improvements in RO scenarios compared to
using RH for initialization. Meanwhile, it is more effective for LLM whose quantization pe-
formance is more sensitive to the massive activations, such as LLaMA3-8B and LLaMA3-70B.
However, due to the exceptional performance of RH, initialization and optimization using
RH always yield superior final results compared to those obtained with RO. Therefore, we
recommend using RH for initialization in practice to achieve better performance.

Samplel Sample2 Sample3 Sample4 Sample5

Model (64x2048) (64x2048) (64x2048) (64x2048) (64 x2048)
LLaMA3-8B  7.78 7.76 7.79 7.74 7.76
LLaMA2-7B  6.13 6.12 6.15 6.11 6.14
Model Samplel Samplel Samplel Samplel Samplel
(48%2048) (32x2048) (24x2048) (16x2048) (8 2048)
LLaMA3-8B  7.78 7.78 7.77 7.80 7.86
LLaMA2-7B  6.14 6.15 6.15 6.12 6.20

Table 3: Comparison of WikiText-2 perplexity results under different calibration samples for
W4A4KV16.

4.3 Analysis of Calibration Set Sensitivity

We performed ablation studies W4A4KV16 on LLaMA3-8B and LLaMA2-7B along two
dimensions: the choice of calibration samples and the num of calibration tokens and evaluate
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results on WikiText. Samples are all sampled from WikiText-2 train. In selecting the number
of tokens, we utilize the inputs to the first N transformer blocks as the calibration data
source and demonstrate results in Table 3. For example, when 48 x2048 tokens are selected,
the inputs to transformer blocks 0 to 23 are used for calibration. Our results indicate that,
for tuning the rotation matrices in LLaMA3-8B and LLaMA2-7B, using 16 x2048 tokens is
often sufficient. We believe that these reasons may all be the causes for the optimization of
DFRot being relatively insensitive to the number of tokens in the calibration dataset:

1. These special tokens will appear in relatively shallow network layers (Sun et al.,
2024), therefore, a small number of layers are also sufficient to capture these tokens.

2. For a model, tokens with massive activations in LLMs tend to exhibit only a few
similar data distributions because these tokens are often produced by out_proj or
down_proj layers with large weights (Yu et al., 2024).

3. GPTQ will use 128 samples with a length of 2048 to calibrate the weights, which
reduces the impact of the sample size during rotation matrix calibration.

4.4 Results on MMLU

W-A-KV Methods LLaMA2-7B LLaMA3-8B QWen2-7B Mistral-7B-v0.3

16-16-16 FP 41.85 62.23 69.47 59.11
4-4-16 QuaRot 34.83 51.43 62.67 52.82
4-4-16 DFRot 35.54 51.68 63.40 53.38

Table 4: Comparison of MMLU results under different methods.

We compare DFRot with QuaRot with W4A4KV16 quantization configuration with different
models. As seen in Table 4, even though rotation matrix R; is refined with WikiText-2
dataset, DFRot also outperforms QuaRot in all models. It indicates that DFRot, which
refines Ry by optimized long tailed quantization error, can be seen as a general method. It
is also worth noting that even though DFRot achieves slight improvement with WikiText2
for LLaMAZ2-7B, it achieves 0.71% improvement with MMLU, which is significant. On
the contrary, for the LLaMA3-8B, while DFRot achieves significant improvement with
WikiText2, it only achieves 0.25% improvement with MMLU, which is slight. To sum
up, we can know that the PPL with WikiText2 can not been seen as a good indicator of
the model downstream performance. In the future, we will study how to design more
robust quantization algorithms for downstream tasks to further enhance the capabilities of
quantized models in downstream tasks.

5 Conclusion

Eliminating outliers in LLMs through rotational invariance can significantly improve model
quantization accuracy. In this paper, we find that in the context of 4-bit activation quan-
tization, the fundamental reason for the effectiveness difference between RO and RH is
their performance on tokens with massive activations. Specifically, randomized Hadamard
transformations perform better on these tokens than random Orthogonal transformation.
Based on the observation that tokens with massive activations are rare and important in
LLMs, we treat the problem as a long-tail optimization and construct a simple yet effective
weighted quantization loss function to balance the importance of tokens. Furthermore, by
alternately employing orthogonal Procrustes transformations to refine the rotation matrix
R; and optimizing quantization parameters for X, our method, named DFRot, enhances the
Rotated LLMs by achieving Dual Free, including Outlier-Free and Massive Activation-Free.
It is worth noting that DFRot significantly improves model accuracy in 4-bit activation
quantization with just a single data sample, achieving PPL improvements of 0.98 and 0.95
on W4A4KV4 and W4A4KV16, respectively, for the LLaMA3-70B, which is notable for its
quantization challenge.
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A Calibration Data

In this section, we explain the reason why we only used a single data sample to calibrate
the rotation matrix R; in DFRot, and don not attempt to use more data:

In LLMs, outliers and massive activations often appear in some fixed channels. Therefore,
the process of optimizing the rotation matrix can be seen as an optimization of the distri-
bution patterns of outliers and massive activations. We have simply use ten samples to
calibrate the rotation matrix for LLaMA2-7B, but no significant improvement in accuracy
was observed.

Our calibration data is a sample with a length of 2048 tokens. Since we obtain the
calibration set from each MHA and FFN, taking LLaMA2-7B as an example, we can
obtain 2048 x 32 x 2 = 131072 tokens as calibration tokens. This is relatively sufficient to
statistically analyze the distribution patterns of outliers and massive activations.

B Limitations

Due to the discontinuity of the quantization function, our current optimization method
is prone to getting stuck in local minima and often relies on initialization. As can be seen
from Figure 5 and Figure 6, the performance of RH is better than that of RO in most cases.
Meanwhile, during the optimization of the rotation matrix, we also found that after iterative
convergence, the final quantization error optimized with RH initialization is often better
than that with RO.

C Algorithm

Algorithm 1 Optimization of Quantization Parameters and Rotation Matrix

Require: Token x, initial rotation matrix R, quantization function Q
Ensure: Optimized rotation matrix Ry and quantization parameters 7,

1
1
1

1: Initialize Ry with randomized Hadamard matrix, t =0
2: while t<100 do
3:  // Step 1: Optimize Quantization Parameters #y
for each token x do
Compute quantization parameters s, z via arg mins ,

4

5 xR — OQ(xRY, sy, 24) |3
6: Update 7, = Q(xR{™!,st, 2}

7:

8

end for
:// Step 2: Optimize Rotation Matrix Ry
9:  Solve the Procrustes problem to update R: R! = argming || XR — 1 ||
0: t=t+1
1: end while
2: return Optimized R}

14
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D Quantization error for tokens with Massive activation in LLaMA-7B,
LLaMA2-7B, LLaMA2-13B

More quantization results for LLaMA-7B, LLaMA2-7B and LLaMA2-13B:
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Figure 7: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 2.
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Figure 8: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 2.
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Figure 9: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 2.
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E Quantization error between NR, RO, RH and DFRot

More 2D quantization error visualization are shown as follows:
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Figure 10: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 2.
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Figure 11: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 2.
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Figure 12: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 2.
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F Visualization for Different layers

We visualize for more layer as follwing:
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Figure 13: The tokens are from model.layers.4.input_layernorm.

e E(Vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) * E(RH) > E(Vanilla) > E(RO)
E(Vanilla) > E(RH) > E(RO)
7T T

>
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Voniy 2000 - Vaniy, 2000 % (Van; 3000 - iy 3000 .
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B
Figure 14: The tokens are from model.layers.4.post_attention_layernorm.
e E(vanilla) > E(RO) > E(RH) 4 E(vanilla) > E(RH) > E(RO) e E(RO) > E(Vanilla) > E(RH)
A
I T
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50 50 50
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ElVany, 2000 Waniy, 2000

Figure 15: The tokens are from model.layers.8.input_layernorm.

e E(Vanilla) > E(RO) > E(RH) 4 E(vanilla) > E(RH) > E(RO) e E(RO) > E(Vanilla) > E(RH)

AT

1000

1000

Ell’a,,,-”alzooo < rvs,,,”a) 2000 ‘ Erva,,;/gﬂa ‘ E(va,,%} 2000 <
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 16: The tokens are from model.layers.8.post_attention_layernorm.
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e E(Vanilla) > E(RO) > E(RH) 4 E(Vanilla) > E(RH) > E(RO) e E(RO) > E(Vanilla) > E(RH)

0
1000 1000 1000 2000 oo
£ Van 43000 < ElVany, 2000 < Elvangys ) < Vaniy,, 2000 <
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 17: The tokens are from model.layers.12.input_layernorm.

e E(Vanilla) > E(RO) > E(RH) 4 E(vanilla) > E(RH) > E(RO) e E(RO) > E(Vanilla) > E(RH)

,1’
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H
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20
o
g -
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nijjy7000 % @niijg, 2000 - ANy, . @nif) 2000 L
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 18: The tokens are from model.layers.12.post_attention_layernorm.

e E(Vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) = E(RH) > E(Vanilla) > E(RO)
‘ ‘ 4 E(Vanilla) > E(RH) > E(RO)

1000 © 1000

2000
flva,,,-”a;uot) < Elvanyy 2000 < Etvanipd ) % Etvany, ) 2000 ¢
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 19: The tokens are from model.layers.16.input_layernorm.

e E(vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) = E(RO) > E(RH) > E(Vanilla)
4 E(vanilla) > E(RH) > E(RO)
e

E(RH)

?UU éooo 10500 2000 & Aooo
(Vany; 3000 - (Vanjy 2000 < Wanf ’ Vaniy, 2000 <
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 20: The tokens are from model.layers.16.post_attention_layernorm.
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e E(Vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) = E(RO) > E(RH) > E(Vanilla)
‘ | 4 E(Vanilla) > E(RH) > E(RO)
S ‘

40
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W0 S
& H
20
40
20
250
1000 1000 1000 2000 1000
ey, gooo ” Evany, 3000 " iy, - BtV 2000 .
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 21: The tokens are from model.layers.20.input_layernorm.

e E(Vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) = E(RO) > E(RH) > E(Vanilla)
‘ ‘ 4 E(vanilla) > E(RH) > E(RO)
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b 20T
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nig) . @niye} " Anifry, % anj,, 2000 <
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 22: The tokens are from model.layers.20.post_attention_layernorm.

e E(Vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) = E(RH) > E(Vanilla) > E(RO)
‘ ‘ 4 E(Vanilla) > E(RH) > E(RO) = E(RO) > E(RH) > E(Vanilla) E(RH) > E(RO) > E(Vanilla)

T T T
% 20 205
40
20 20
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1000 &
150/?? 2000 15(;30 2000 (15,2000 < 1_(;30
@niygy . anig) - @iijg) . Aniyg 7000 .
(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

Figure 23: The tokens are from model.layers.24.input_layernorm.

e E(vanilla) > E(RO) > E(RH) e E(RO) > E(Vanilla) > E(RH) * E(RH) > E(Vanilla) > E(RO)
4 E(vanilla) > E(RH) > E(RO) = E(RO) > E(RH) > E(Vanilla) E(RH) > E(RO) > E(Vanilla)
7T ‘ .
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& 2000
(Van;; 2000 illy)
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(a) LLaMA-7B (b) LLaMA2-7B (c) LLaMA2-13B (d) LLaMA3-8B

E(Vsn/1163°°° F(Va,,,-//a)zoon

Figure 24: The tokens are from model layers.24.post_attention_layernorm.
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Figure 25: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA-7B from Figure 13.
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Figure 26: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA2-7B from

Figure 13.
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Figure 27: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA2-13B from

Figure 13.
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Figure 28: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 13.
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Figure 29: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA-7B from Figure 15.
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Figure 30: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA2-7B from Figure 15.
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Figure 31: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA2-13B from

Figure 15.
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Figure 32: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 15.
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Figure 33: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 17.
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Figure 34: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 17.
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Figure 35: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 17.
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Figure 36: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 17.
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Figure 37: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA-7B from Figure 19.
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Figure 38: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 19.
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Figure 39: Comparison of 4-bit quantization error for the token with massive activation with

NR, RO, RH and DFRot for LLaMA2-13B from

Figure 19.
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Figure 40: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 19.
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Figure 41: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 21.
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Figure 42: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 21.
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Figure 43: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 21.
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Figure 44: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 21.
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Figure 45: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 23.
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Figure 46: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 23.
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Figure 47: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 23.
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Figure 48: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 23.
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Figure 49: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 13.
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Figure 50: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 13.
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Figure 51: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 13.
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Figure 52: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 13.
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Figure 53: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 15.
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Figure 54: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 15.
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Figure 55: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 15.

J 2
I3 i -
[ % mi
) o 1 - 1
3 z = x - 3
2 2 b g ; g
s s - s - s
53 © - © ol ¢
» -2 s -1 - -1
- rl
- »” [
— - —41 21w -
-80 -40 4 8 -4 -2 -2 -1 2 -2 -1
X X
(a) Vanilla Quant Error: 28.45 (b) RO Quant Error: 128.75

X X
(c) RH Quant Error: 28.41 (d) DFRot Quant Error: 0.64

Figure 56: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 15.
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Figure 57: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 17.
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Figure 58: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 17.
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Figure 59: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 17.
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Figure 60: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 17.
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Figure 61: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 19.
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Figure 62: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 19.
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Figure 63: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 19.
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Figure 64: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 19.
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Figure 65: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 21.

4

-2 -1

X
(c) RH Quant Error: 10.51

-2 -1

X
(d) DFRot Quant Error: 5.52

4 e 2 - 2
- -
L S -
- P
y - -
2 i 1 = 1
o=t
- P

= = = = P =

€ € > € - €

El El g E o K

54 IS} i IS} - 5]

> " g
- 2 = -1 o -1
> o
I 1
- —af -2 -2
—80 ~40 4 8 4 2 2 -1 2 -1
X
(a) Vanilla Quant Error: 10.38

X
(b) RO Quant Error: 119.88

Figure 66: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 21.
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Figure 67: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 21.
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Figure 68: Comparison of 4-bit quantization error for the token with massive activation with
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Figure 69: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA-7B from Figure 23.
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Figure 70: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-7B from Figure 23.
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Figure 71: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA2-13B from Figure 23.
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Figure 72: Comparison of 4-bit quantization error for the token with massive activation with
NR, RO, RH and DFRot for LLaMA3-8B from Figure 23.
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G Full Results

#Bits ARC-c ARC-e BoolQ HellaS. Lam. OBQA PIQA SIQA WinoG. Avg. Wiki2

Model 5 gy Method G G G G O G I G G )
16-16-16 Full Precision 4642 7433 7771 7594 73.69 4420 79.16 4591 6953 6521 547
RIN 2534 2803 5052 2771 1.01 2620 50.82 3393 4838 3244 nan

SmoothQuant 2833 2639 4939 2728 118 2340 4880 3362 5075 3213 nan

GPTQ 2440 2870 5162 2866 136 2460 51.14 3449 4949 3272 nan

4-4-16  QuaRot 4599 7273 778 7592 7345 438 7802 4616 68.03 64.66 545
DFRot 4497 7024 7434 7323 6899 4260 7682 4406 6654 6242 6.13

278 SpinQuant* 3754 6258 7116 7048 6716 3480 7546 39.76 60.62 5737 6.78
OSTQuant*  44.03 7193 7541 7494 7322 4320 7851 4585 68.03 63.90 5.60

RIN 27227 2706  50.83 2734 093 2580 4951 3485 5051 32.67 nan

SmoothQuant 2637 25.63 4771 27.05 111 2640 51.90 3449 4838 3212 nan

GPTQ 2696 27.65 5284 2883 163 2920 49.62 3511 49.80 3352 nan

444 Omniquant 3140 5375 6379 5506 3563 3440 6659 4028 5470 4840 14.26
QuaRot 413 6932 7266 7209 69.67 390 765 4319 6354 6081 6.25

DFRot 4352 70.83 7330 7262 6846 4140 7682 4417 6511 61.80 6.25

SpinQuant* 4044 71.08 7440 7351 70.66 4180 76.88 4350 6582 6201 5.96
OSTQuant* 4292 7256 7471 7314 71.76 4440 7742 4498 66.77 63.18 591

16-16-16 Full Precision 49.15 77.53 80.58 79.39 76.62 4520 80.63 4749 7190 67.61 4.88

RIN 2799 2681 3850 2608 0.00 2360 4820 3490 51.62 30.86 8e3
SmoothQuant 2449 3506 4798 30.87 3.67 2620 5501 3531 4972 3426 1e3

GPTQ 27.82 2677 3792 2567 000 2180 47.77 3511 4815 30.11 4e3

4-4-16  QuaRot 4642 7386 7810 7568 7431 43.00 79.05 4437 7135 65.13 535
DFRot 46.67 7445 7719 7707 7504 436 7829 4616 6961 6534 539

2-13B SpinQuant* 4377 69.99 7657 7463 7281 4160 7720 4427 6819 6323 524
OSTQuant*  47.78 7466 80.03 77.60 7594 4440 7938 4606 7032 6624 b5.14

RIN 27.82° 2652 3838 2627 0.02 2600 49.78 3439 49.17 3093 7e3

SmoothQuant 2449 33.00 4584 3070 270 23.80 53.81 3480 51.07 3336 2e3

GPTQ 2790 2639 3795 2616 000 27.00 4826 3439 5043 27.85 5e3

4-4-4 Omniquant 3285 5513 6434 6013 4285 3340 68.17 3976 5651 5035 1230
QuaRot 4437 7332 7758 7573 7316 430 7884 4504 6890 6444 549

DFRot 4650 7348 7667 7683 7392 43.00 7927 4555 69.30 6495 543

SpinQuant* 46.67 7449 7676 7522 7219 4240 7829 4345 6772 6413 574
OSTQuant* 4710 7521 7746 7671 7514 4460 78.67 4575 68.03 6541 5.25

16-16-16 Full Precision 53.50 77.74 81.10 79.18 7574 44.80 80.63 47.08 73.01 68.09 6.14

RIN 2372 73089 4630 3126 3.03 2760 5272 3526 5004 3342 6e2
SmoothQuant 2329 2828 4893 29.19 157 2860 5446 3337 4964 33.04 1e3

GPTQ 2346 3207 4379 3010 241 28.00 53.97 3414 4886 3298 6e2

4-4-16  QuaRot 4403 6974 7190 7316 6726 424 7671 4504 6646 61.86 8.11
DFRot 4616 7290 7373 7498 6823 4060 7753 4432 6867 63.01 7.78

388 SpinQuant* 4735 7412 7636 7598 69.88 4246 7737 4447 6898 6411 7.28
OSTQuant* 4881 7348 7982 7597 7262 4240 7818 4575 6922 6514 724

RIN 2372 3056 46.18 29.83° 270 2860 5245 3439 5020 33.18 7e2

SmoothQuant 2355 2896 4884 2890 144 2940 51.09 3414 5036 3296 1e3

GPTQ 2338 3274 4434 2972 239 2980 5495 3475 5130 3371 6e2

444 Omniquant 22.87 3035 4153 31.11 1.86 2540 5337 3408 5043 3233 4e2
QuaRot 4317 7058 7266 7253 66.66 3920 7606 4483 6677 61.38 828

DFRot 4497 7109 7327 7413 67.63 43.00 7824 4458 6953 6294 7.91

SpinQuant* 4633 7357 7615 7543 7140 4140 79.16 4468 6875 6410 7.35
OSTQuant* 4932 7673 7887 76.01 70.77 4320 7851 4570 6922 6537 7.29

Table 5: Complete omparison of the perplexity score on WikiText2 and averaged accuracy on Zero-
shot Common Sense Reasoning tasks on LLaMA-2 & 3.
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Model #Bits Method ARC-c ARC-e BoolQ HellaS. LambA. OBQA PIQA SIQA WinoG. Avg. Wiki2

W-A-KV ) () (1) (1) ) (1) (OIENO) (1) (OEN©)
16-16-16 Full Precision 44.71 7290 7498 7620 7308 4380 79.16 4555 69.93 6448 5.68
RTN 2346 2934 4505 29.02 124 72600 5207 3511 5130 3251 763
SmoothQuant 25.17 3140 51.62 2973 543 2820 54.68 3444 49.09 3442 3e2

GPTQ 2389 2774 4287 2849 128 2740 51.00 3623 5020 3212 1e3

4-4-16  QuaRot 4138 68.01 7223 7302 7033 426 7699 4376 6654 61.65 6.33
DFRot 4206 69.65 72.84 7319 7054 4160 77.09 4514 6811 6225 630

7B SpinQuant*  40.19 6843 7235 7291  70.68 4120 7775 4417 6867 61.82 6.08
OSTQuant* 4258 70.79 7287 7406  70.77 4340 77.69 4504 6725 6272 6.04

RIN 2389 2959 4667 2837 113 2640 5299 3521 5154 3287 led
SmoothQuant 2338 30.18 50.03 29.67 489 2460 5174 3475 50.67 3332 3e2

GPTQ 2389 2790 4388 27.86 105 2620 51.85 3408 4949 31.80 2e3

444 Omniquant 3140 5484 61.80 5698 3829 3180 6659 3930 5517 4846 11.26
QuaRot 4070 6839 7196 7246 7037 4060 77.09 43.60 6575 6121 636

DFRot 4087 69.65 7324 7296 7013 4240 77.04 4386 6638 6184 636

SpinQuant* 39.08 68.18 73.06 72.87 7046  40.60 7742 42,68 6756 6132 6.12
OSTQuant* 4292 7033 7211 73.77 70.66 4242 7791 4493 67.88 6255 6.07

16-16-16 Full Precision 47.87 7449 77.86 79.10 76.03 4440 8030 46.72 7324 66.67 5.09

RTN 2585 2626 4205 2670 017 2800 5033 3460 50.67 31.63 2e4
SmoothQuant 2543 2929 5156 2812 202 2600 53.32 3434 4957 3329 6e2

GPTQ 2466 2778 4080 2583 070 2420 5131 36.65 5170 3151 3e3

4-4-16  QuaRot 48.04 7218 7602 7690 7256 4360 7943 4447 7024 6483 557
DFRot 4625 7235 745 7745 7299 4320 77.69 4545 7032 6447 558

13B SpinQuant* 4573 7256 7538 76.86 7328 4360 7889 44.63 7040 6459 5.36
OSTQuant*  48.04 7407 7713 7722 7458 4500 78.62 46.16 7135 6580 5.40

RIN 2628 2727 4235 2585 019 2660 4995 3419 4925 3133 3ed
SmoothQuant 2449 2883 51.65 2791 208 2600 5256 3541 5059 3328 5e2

GPTQ 2363 2731 3985 2617 056 2600 5196 3582 4957 30.63 3e3

444 Omniquant  29.61 4823 5820 5645 2876 3140 6529 3710 55.64 45.63 10.87
QuaRot 4710 7092 756 7631 7244 448 7791 4565 7135 64.68 559

DFRot 4616 70.88 7422 7688 7318 4240 7813 46.06 7040 6426 5.2

SpinQuant* 4599 7071 76,51 77.16 73.63 4560 79.00 45.65 7032 6495 5.39
OSTQuant* 4590 7525 7694 77.21 7423 4340 7943 4591 7056 65.43 5.40

16-16-16 Full Precision 5299 80.39 8275 82.62 7759  48.00 8226 4775 7569 70.00 4.10

RTN 25.00 2795 42.02° 2722~ 021 2700 4913 3465 5091 3157 2e3
SmoothQuant 23.63 30.68 54.86 3191 380 2820 5413 3449 50.04 3464 1e3
GPTQ 2730 2719 3869 2675 017 2580 49.02 3521 4775 30.88 2e3
4-4-16  QuaRot 5205 75.84 8128 8078 7533 462 8036 4591 7238 6779 4.74
DFRot 50.94 76.64 8043 80.82 7535 470 80.03 47.34 7403 68.06 4.78
308 SpinQuant*  50.06 77.06 81.38 80.62 7679  46.00 80.14 4637 7427 6808 4.53
OSTQuant* 5137 7811 8248 7951 7599 4540 81.18 47.80 7482 6852 4.43
RIN 2500 2887 4407 2729 039 2560 49.67 3454 4933 31.64 2¢3
SmoothQuant 22.61 32.87 5505 3128 340 2800 53.75 3465 50.28 3465 le3
GPTQ 2722 2782 3936 2713 033 2480 5071 3434 4791 31.07 2e3
4-4-4 Omniquant  29.10 5379 5495 5244 2645 30.60 6556 3854 5391 4504 10.33
QuaRot 5196 7622 8021 8096 7452 4640 79.87 46.67 7451 6792 4.77
DFRot 5111 7643 8098 8091 7487 4660 79.60 4621 7466 6793 481

SpinQuant* 51.62 7698 81.07 80.57 76.63  46.00 79.92 4626 7419 6814 4.55
OSTQuant* 49.74 7652 8116 81.13 7757 4640 80.90 46.11 7427 6820 4.42

Table 6: Complete omparison of the perplexity score on WikiText2 and averaged accuracy on Zero-
shot Common Sense Reasoning tasks on LLaMA.
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#Bits ARC-c ARC-e BoolQ HellaS. LambA. OBQA PIQA SIQA WinoG. Avg. Wiki2
W-A-KV ™M M M M @) M 1 Q) M (T )
16-16-16 Full Precision 57.42 81.02 83.79 83.81 79.60 48.80 8270 49.18 7798 7159 3.32

SmoothQuant 2500 3598 5523 3252 749 2500 5462 3521 5170 3586 3e2
PTQ

Model Method

4-4-16  QuaRot 5555 80.18 8257 8165 7722 468 8177 4806 7585 69.96 3.89
DFRot 55.46 78.83 8232 79.19  76.87 4640 8123 4621 7593 69.16 3.99

2-70B SpinQuant* 5538 7896 8336 8254  79.00 47.80 8210 48.67 7743 7058 3.68
OSTQuant*  56.61 80.51 83.03 8268 7911 47.86 83.00 4876 7670 7092 3.57

RTN 3038~ 27.74 ~ 3823 2612 0.02 "~ 2460 5174 3429 5249 3173 7ed

SmoothQuant 24.15 33.88 5532 31.75 714 2640 5495 3414 5217 3554 3e2

GPTQ 2875 2639 37.86 25.96 0.00 2640 50.00 3444 50.04 31.09 nan

4-4-4 QuaRot 5555 79.55 82.02 8139  78.03 472 80.79 4749 7758 69.96 3.92
DFRot 5427 7832 8202 7911 7681 4680 81.23 46.88 7356 6878 4.02

SpinQuant* 56.31 80.64 8355 8236 79.41 4720 8221 4729 7616 70.57 3.61
OSTQuant* 56.58 80.17 83.64 8249 7872  48.00 8276 48.67 7649 70.84 3.59

16-16-16 Full Precision 64.42 8598 85.14 84.95 7947 4846 8439 50.82 80.66 73.81 2.86

RTN 2747 2588 37.83 2626 0.00 2720 51.63 3526 4933 3121 9e3
SmoothQuant 25.60 3447 50.46 32.48 198  30.00 5424 3383 4893 3467 22

GPTQ 2577 2609 4364 2642 0.00 2740 5201 3255 4933 3147 4ed

4-4-16  QuaRot 5299 7652 8159 79.35 75.1 478 7987 4637 7466 6825 592
DFRot 5828 81.36 8150 8221 7524 4540 8221 4647 7569 69.82 497

3.70B SpinQuant*  53.84 77.69 8024 7819  73.06 4500 7867 4324 7301 66.99 6.10
OSTQuant*  61.84 8456 84.14 8247 7708 4607 8338 5023 80.13 7221 3.97

RIN 2713 2542 3783 2612 0.00 2660 5076 3516 4838 30.82 9e3

SmoothQuant 23.46 3148 4881 29.22 413 2800 5256 3495 5122 3376 3e2

GPTQ 2611 2517 4517  26.07 0.00 2640 4886 33.88 49.17 3120 4ed

444 QuaRot 53.75 774 8046 7937 7539 4540 79.82 4642 7664 6829 6.02
DFRot 58.02 81.10 81.13 8159 7479 4740 81.83 4657 7419 69.62 5.03

SpinQuant* 51.88 76.39 8098  76.50 7143 4346 7927 4417 7269 6631 6.24
OSTQuant* 61.29 8239 8343 83.25 7590 4893 8173 5124 77.01 71.69 4.01

Table 7: Complete comparison of the perplexity score on WikiText2 and averaged accuracy on Zero-
shot Common Sense Reasoning tasks for LLaMA2-70B and LLaMA3-70B.
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