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Abstract

Native FP8 support in modern hardware is essential for
training large Transformers, but is severely hindered by ex-
treme activation outliers. Existing solutions either rely on
complex mixed-precision engineering or invasive architec-
tural modifications. This paper fundamentally challenges
the conventional wisdom that outliers are data-driven. We
demonstrate that extreme outliers are a data-independent,
mechanically-produced artifact of training, originating from
specific structural properties of the weight matrices (i.e., co-
linearity). Based on this insight, we propose TWEO (Trans-
formers Without Extreme Outliers), a novel, non-invasive
loss function. TWEO effectively prevents extreme outliers
via a very simple loss term, which reduces outliers from
10000+ to less than 20. TWEO then enables full-model
FP8 pre-training with neither engineering tricks nor archi-
tectural changes for both LLM and ViT. When standard FP8
training catastrophically collapses, TWEO achieves perfor-
mance comparable to the BF16 baseline while delivering a
36% increase in training throughput. Also, TWEO enables
a new quantization paradigm. Hardware-friendly W8A8
per-tensor static quantization of LLMs, previously consid-
ered completely unusable due to outliers, achieves SOTA
performance for the first time on TWEO-trained models.

1. Introduction

Computational demands of AI are growing at an unprece-
dented rate. In response, modern chips have introduced
native support for 8-bit floating-point (FP8) computation,
supported by software libraries such as Transformer En-
gine [22], which aims to double training throughput while
significantly reducing memory bandwidth requirements.
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But, it is still restricted by a core algorithmic barrier: the
emergence of activation outliers, which are activation val-
ues whose magnitudes far exceed the average level [1, 10].

Outliers are often categorized as “normal” and “mas-
sive” [18, 43, 44]. Normal outliers (e.g., around 10) may be
unavoidable from multiplication of two high-dimensional
vectors, which does not pose challenges for FP8 training or
quantization. We focus on massive or extreme outliers (e.g.,
>1000) [12], which pose serious challenges.

First, in Post-Training Quantization (PTQ), outliers are
the primary obstacle [4, 53]. Extreme outliers drastically
stretch the quantization range, forcing algorithms into a
poor trade-off between clipping and rounding errors, which
leads to severe accuracy drop [34]. Experiments showed
that simply zeroing out a few (0.1%) outliers causes a catas-
trophic 600-1000% spike in validation perplexity [12].

Second, in native low-bit training, they lead to catas-
trophic stability collapse. The range of FP8 is extremely
limited (e.g., E4M3 ranges within ±448) [22, 32]. When
extreme outliers (>1000) appear during training, numeri-
cal overflows are unavoidable and the failure mode (train-
ing loss suddenly explodes) will appear [28]. This insta-
bility forces tricks such as reverting to BF16 or even FP32
for many sensitive components [36], which complicates the
model design and largely removes FP8’s efficiency gain.

On why extreme outliers emerge, existing research
mostly linked them to properties of the input data, such
as token frequency [35], special tokens [8], or sticky to-
kens [7]. Another data-dependent perspective is the no-op
hypothesis [4], which posits that the attention module at-
tempts to learn a “no-op”, which pushes the corresponding
logits towards negative infinity, and hence requires the pre-
ceding layer to output very high magnitudes. More recent
analyses connect massive activations and sink phenomena
to architectural and normalization-driven rescaling effects
in attention and residual streams [38, 44].



In this paper, we first identify the cause of extreme out-
liers, then design a method to eliminate them. Follow-
ing [42], we design a Contradiction Stethoscope to test
whether outliers are fundamentally tied to the semantics or
statistics of the input data. Our evidence shows that ex-
treme outliers can be reproduced even under random inputs,
and disappear when the trained weights are removed. This
indicates that the root cause is mostly data-independent,
stemming from the interaction of network architecture, op-
timization algorithms, and training dynamics. In vision, im-
age patches do not have an equivalent to the high-frequency
special tokens discussed in LLM studies, yet extreme out-
liers also emerge in Vision Transformers (ViT) [20, 31].
Thus, we argue that the root cause of extreme outliers is
structural, while data properties may still modulate their ex-
act locations or magnitudes.

When the cause is “mechanical”, so should be the solu-
tion for extreme outliers. We propose TWEO (Transform-
ers Without Extreme Outliers), a loss function that directly
penalizes extreme activation magnitudes. TWEO has the
following core advantages:
• Universal: It is data-independent, which directly sup-

presses extreme magnitudes regardless of their origin or
functionality. Thus, TWEO is naturally cross-modal.

• Flexible: It can be plugged in to any Transformer archi-
tecture or variants.

• Effective: It eliminates loss explosion and ensures
smooth and effective FP8 training.

• Simple: It can be used out of the box (i.e., “FP8 training
for dummies”), without resorting to engineering tricks.
Another benefit is that TWEO-trained models can be ef-
fectively quantized by the simplest method (i.e., “quanti-
zation for dummies”).

2. Related Work
Low-bit computation for Transformer models (FP8 training
or quantization) are seriously hindered by extreme outliers.
We briefly outline the solutions in the literature.

Stabilize FP8 Training. When extreme outliers exceed
the FP8 range, catastrophic collapse happens and disables
FP8 training [12, 18, 28]. Current solutions include
1. Mixed-precision engineering [25, 28, 40, 46]. These

methods keep sensitive modules (e.g., embeddings, nor-
malization, MoE gates) in BF16, but entail high engi-
neering costs and sacrifice FP8’s efficiency benefits.

2. Data-dependent architectural modifications. They intro-
duce register tokens like ViT-R [8, 10, 35] to absorb out-
liers. But, we will show that extreme outliers are in fact
data-independent.

3. Data-independent invasive modifications. These meth-
ods propose invasive architectural changes such as mod-
ifying activation functions (Smooth-SwiGLU [15]), at-
tention (Clipped Softmax [4], OutEffHop [23]), or com-

pletely redesigning the architecture (FOG [22]).
These solutions are either costly, based on inappropriate as-
sumptions, or lack generality. The community needs a non-
invasive, plug-and-play, universal solution for stable FP8
training without heavy engineering. We propose TWEO to
approach this goal.

Simple and effective PTQ. In Post-Training Quanti-
zation (PTQ, [6, 16]), extreme outliers drastically stretch
the quantization range and lead to poor accuracy [34,
53]. To address this challenge, existing methods (e.g.,
SmoothQuant, OS+, AWQ, and QuaRot) have to transfer
the difficulty or remove outliers through equivalent transfor-
mations or rotations [2, 50]. They concede that activations
(especially the residual stream [41]) are difficult to quan-
tize due to outliers, thus use mathematical transformations
to transfer the quantization difficulty from the hard activa-
tions to the relatively easy weights. SmoothQuant [51] in-
troduces offline scaling factors, OS+ [50] uses channel-wise
shifting and scaling, while AWQ [27] scales activations by
protecting salient weights. SpinQuant [30] and QuaRot [2]
introduce rotations to reduce or eliminate the impact of out-
liers, while compensation methods attempt to fix or com-
pensate for errors post-quantization [17]. Related work also
explores activation regularization to mitigate outlier chan-
nels during training for low-bit quantization [33].

Although these methods have been effective to some ex-
tent in practice, they increase algorithmic and inference
complexity. More importantly they are forced to keep the
residual stream in high precision (cf. Sec. 4.4 and Ap-
pendix D), which introduces massive type-conversion op-
erations and memory overhead and hinders acceleration in
real-world scenarios.

These drawbacks stem from the fact that they assume
extreme outliers are unavoidable. Our TWEO eliminates
extreme outliers, hence makes the simplest per-tensor static
quantization viable (including the residual stream), and ren-
ders complex methods (like SmoothQuant) unnecessary.

3. Method
We start by examining existing assumptions on cause of ex-
treme outliers, presenting our assumption, and then present-
ing the TWEO solution.

3.1. Data-dependent Assumptions Are Problematic
Existing work often attributes extreme outliers to prop-
erties of the data, e.g., token frequency or special to-
kens [4, 7, 8, 35]. Following [42], we propose a Contradic-
tion Stethoscope to test whether these factors are necessary
for the emergence of extreme outliers.

Assumption 1 (The Contradiction Stethoscope)
Suppose the input data are replaced by random sam-
ples that deliberately remove the special structures invoked



by data-dependent assumptions. If extreme outliers still
persist at a similar scale, then these data properties are not
necessary for producing the outliers.

As shown in Figure 1, even when the inputs are re-
placed by random samples, the pre-trained model still pro-
duces extreme outliers. For LLMs, we sample tokens uni-
formly from the full vocabulary using torch.randint;
for ViTs, we sample pixel values uniformly in [0, 255] using
np.random.randint (Appendix A). These maximum-
entropy inputs remove semantic structure, long-tail token
frequency, and spatial correlations. In contrast, when real
input data are fed into a randomly initialized model, no ex-
treme outliers appear. Hence, the evidence indicates that
the root cause is associated with the trained weights, rather
than being induced by specific input semantics.

For each layer, the Contradiction Stethoscope reports
three simple statistics over the batch: Avg Max, Avg Min,
and Mean-Abs. These metrics provide a compact layer-wise
summary of whether extreme positive or negative activa-
tions persist under different model/input combinations.

Hence, our data-independent assumption is

Assumption 2 (Data-independent Root Cause) Extreme
outliers are primarily a mechanical artifact resulting
from specific weight structures acquired during training,
rather than being created by particular input semantics or
token/image statistics.

We provide more exhaustive studies spanning both lan-
guage and vision in Appendix A, where we further examine
the roles of model weights, token embeddings, and input
distributions. These results show that outliers emerge with
high consistency across real data and random inputs once
the trained weights are present.

3.2. Colinearity Causes Extreme Outliers
Recent studies [15, 20, 31] indicate that extreme outliers
primarily originate in the MLP (Multi-Layer Perceptron)
layers of the Transformer blocks. Hence, we conducted an
empirical analysis of both classic MLPs with GELU activa-
tion [21] and modern MLPs with GLU variants.

Consider a simplified classic MLP layer, whose compu-
tation can be approximately represented as y = BAx by
temporarily ignoring the activation function. We analyze
the conditions under which the k-th element yk of the out-
put y ∈ Rd1 becomes an outlier. yk can be expressed as the
product of the k-th row of the matrix B ∈ Rd1×d2 (denoted
as wT ∈ R1×d2 ) and Ax.

Performing Singular Value Decomposition (SVD) on the
matrix A ∈ Rd2×d1 (up-projection) as A =

∑d1

i=1 siuiv
T
i ,

yk can be rewritten as

yk = wTAx =

d1∑
i=1

si(w
Tui)(v

T
i x) , (1)

which suggests a potential cause of outliers: when the row
vector w of matrix B (down-projection) becomes collinear
with a left singular vector ui of matrix A, the product
(wTui) becomes very large. If, at the same time, the in-
put x is highly aligned with the corresponding right singu-
lar vector vi of A (which causes vTi x to be large), yk will
become an extreme outlier due to the multiplication of these
two large values.

We verified this hypothesis on a ViT-B model, ViT-B-
21k which uses a classic GELU MLP. We located the first
MLP layer to exhibit extreme outliers, with a value of 880.
We then performed SVD analysis on the weight matrices A
and B of this layer, i.e., y = B ·gelu(A ·x). Analyzing only
the dominant singular vector (i = 1), we found that s1 =
18.189, wTu1 = −9.1847 (which showed high weight and
singular vector alignment), and vT1 x = −5.6165 (which
showed high input and singular vector alignment). Based
on Eq. 1 (our analysis which ignores GELU), the simulated
value is 938.28. When we further incorporated the GELU
activation function, the simulated value became 884.29.

Note that the simulated value (884.29) is almost iden-
tical to the true outlier (880, relative error <0.5%). Be-
yond this simple example, we find that whenever extreme
outliers happened, Eq. 1 almost always simulated them ac-
curately. This fact strongly suggests that outliers are a
mechanical artifact resulting from structural alignment be-
tween the weight matrices (A, B) and the input (x).1

In architectures with the GLU activation function (e.g.,
in Llama[14, 47, 48], Qwen[3, 52]), the effect of Eq. 1 is
further amplified by the (anti-)colinearity between the cor-
responding row vectors of the gate proj and up proj weight
matrices [15], which leads to even larger extreme outliers.

Combining the empirical evidence for Assumption 2 and
the theoretical analysis in Eq. 1, our main hypothesis is: ex-
treme outliers are a structural artifact. That is, they are
not (or not solely) a direct representation of input data se-
mantics (like special tokens), but are the result of mechani-
cal amplification caused by specific properties that the net-
work’s weight matrices gradually develop during training
dynamics (e.g., singular vector alignment or colinearity).

Then, we argue that to remove extreme outliers, we
should not rely on modifying specific architectures (like the
MLP or Attention), but design a method that directly sup-
presses this amplification effect during training mechani-
cally.

1When Eq. 1 predicts an extreme outlier, the real value may not be
an extreme outlier because the activation function is ignored in Eq. 1. In
practice, these false positives are typically values that are amplified by the
linear approximation but then dampened by the true activation function
(e.g., GELU). False positives, however, are not important, because our As-
sumption 2 focuses only on the root cause of extreme outliers.
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(a) Pre-trained model + Real data
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(b) Randomly initialized model + Real data
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(c) Pre-trained model + Random data

Figure 1. Empirical evidence for data-dependent vs. data-independent assumptions. (a) Running real data through a pre-trained Qwen2.5-
0.5B LLM produces extreme outliers (>1000) in most layers. (b) But, real data through a randomly initialized Qwen2.5-0.5B yields
minimal activation magnitudes (<10). (c) And, changing the input to random token inputs, the same pre-trained Qwen2.5-0.5B still
produces extreme outliers.

3.3. The Proposed TWEO Loss
We then propose the TWEO (Transformers Without Ex-
treme Outliers) loss LTWEO. It is a regularization term added
to the main task loss, Ltask:

Ltotal = Ltask + λ(t)LTWEO , (2)

where the hyperparameter λ(t) varies with training step t.
Unlike previous studies that might focus on internal

MLP activations, our method intervenes at a more macro-
scopic scale. We monitor the final output activation A(l) of
a Transformer block across all blocks l ∈ {1, ..., L}, i.e.,
the y after y = x+ MLP(LN(x)).

LTWEO is defined as the average scaled Lp loss computed
over the activations A(l) from all L Transformer blocks:

LTWEO =
1

L

L∑
l=1

E

[(
|A(l)|
τ + ϵ

)p
]
, (3)

where | · | computes the absolute value, A(l) is the activation
tensor of the l-th Transformer block, E[·] denotes the mean
(average) taken over the batch, sequence length, and hidden
dimensions, τ > 0 is a magnitude scaling factor or soft
threshold, p is the power of the penalty, and ϵ is a small
constant (e.g., 1e-6) to ensure numerical stability.

The core of this design is to create a non-linear regular-
ization mechanism that perfectly matches our goal of pre-
serving normal values while suppressing extreme values.
This is achieved through the synergy of two key parame-
ters: the magnitude scaling factor τ and the penalty power
p (where τ ∈ [2, 5], p = 4 in our design).

Unlike the Hinge loss max(0, |A|−τ), which uses a hard
threshold, our τ acts as a soft threshold or scaling factor.
It does not introduce discontinuous gradients, which helps
training stability, and it defines the target scale for activation
magnitudes.

The penalty power p = 4 is key to achieving this non-
linear penalty. The interaction of τ and p is as follows.
• Tolerance for normal values (when |A| < τ ). For activa-

tions much smaller than τ (e.g., |A| = 0.5τ ), the power

p = 4 renders its penalty term very small ((0.5)4 =
0.0625). This allows the model to freely retain low-
magnitude normal activations.

• Setting the target scale (when |A| = τ ). When the activa-
tion equals the desired scale, the penalty for this term is a
medium one: (1)p = 1.

• Suppression of extreme outliers (when |A| > τ ). For
activations exceeding τ (e.g., |A| = 10τ ∈ [20, 50]), the
penalty term is (10)4 = 10000, which is a massive cost
that will aggressively suppress extreme outliers.
TWEO is then highly effective at suppressing the ex-

treme tail of the activation value’s distribution, which is the
root cause of FP8 overflows, while not affecting the training
of normal activation values.

TWEO is simple and flexible, which allows it to be ap-
plied to various Transformer architectures. Because it acts
directly on the physical magnitude of activations, rather
than relying on specific task semantics (like token semantics
in language or image structures in vision), it can be seam-
lessly extended to the training of vision, language, and even
generative models (as shown in Appendix G).

4. Experiments
We designed a series of experiments aimed at answering the
following key questions: (1) Does TWEO possess cross-
modal (vision, language) universality? (2) Can TWEO
solve the loss explosion and instability issues in native FP8
pre-training? (3) What positive downstream impacts (e.g.,
on quantization) do TWEO have?

4.1. Experimental Setup
Models and Datasets Our experiments cover two main-
stream modalities:
• Vision: We trained Swin Transformers (Swin-T, Swin-S)

[29] on the ImageNet-1K [11] dataset.
• Language: We pre-trained a series of GPT-2 models

[39] from scratch on the OpenWebText [19] dataset, with
parameter scales ranging from 124M (GPT2) to 1.5B
(GPT2-XL), as well as scaling to 3B (GPT2-3B) and



Table 1. Results on Swin and ViT models on ImageNet. #Params:
parameter counts. Mod.: whether the network architecture has
been modified. Peak: largest outlier value during training. Final:
largest outlier value after training was finished.

Method Params Mod. Top-1 (%) Peak Final

Swin-T [29] (Baseline) 28M - 81.2 1556 534
Swin-T attn bias [1] 28M Yes 81.1 478 135
Swin-T softmax+1 [4, 24] 28M Yes 81.4 811 143
Swin-T gated [37] 28M Yes 80.7 976 126
Swin-T TWEO 28M No 81.4 22 15

Swin-S [29] (Baseline) 50M - 82.7 6402 1758
Swin-S TWEO 50M No 82.8 35 18

Swin-B [29] (Baseline) 88M - 83.5 4824 876
Swin-B TWEO 88M No 83.4 37 16

ViT-S [13] (Baseline) 22M - 79.8 328 174
ViT-S TWEO 22M No 79.6 36 19

ViT-B [13] (Baseline) 87M - 81.3 1579 106
ViT-B TWEO 87M No 81.3 38 16

7B (GPT2-7B) using configurations similar to GPT-3 [5].
Configuration details are available in Appendix C.
We compared against BF16 training, standard native FP8

training (which led to training collapse), and outlier sup-
pression methods in the literature [4, 10].

For TWEO, we applied it to the final output activations
of all Transformer blocks. We found the settings for τ (scal-
ing factor) and p (penalty power) are robust across all tasks,
with τ = 3 and p = 4 in all our experiments if not other-
wise specified. By default, we use a constant λ(t) = 0.01
throughout training; cosine annealing is only an optional
variant for mildly reducing the regularization strength near
convergence.

4.2. Results on Vision Tasks
We trained Swin Transformers and ViT on ImageNet and
compared against invasive methods that require architec-
tural changes. As shown in Table 1, we can observe
• Existing methods require modifying the model’s attention

or activation modules. TWEO achieves similar accuracy
to the baselines without any structural modifications.

• TWEO eliminates extreme outliers while existing meth-
ods cannot. For Swin-S, it reduced the training peak mag-
nitude from 6402 to 35.2 (99.4% reduction), while for
Swin-T from 1556 to 21.6 (98.6% reduction).

This set of experiments confirms that the extreme outlier
issue also exists in vision models and that TWEO, as a data-
independent method, can effectively solve it.

4.3. LLMs: Stabilizing Full FP8 Pre-training
This is the core application scenario for TWEO. To clearly
demonstrate TWEO’s simplicity and efficiency, we com-

Table 2. FP8 pre-training. PPL: Validation perplexity. ↓: lower is
better. Peak: largest outlier during training.

Model Params PPL
(FP8)

PPL
(BF16) Peak

GPT2 (baseline) 124M 169.81 20.04 823
Attn bias * [1] 124M 24.93 19.79 163
Attn ca-softmax * [1] 124M 23.81 19.34 135
Baseline+TWEO 124M 19.26 18.68 17

GPT2-medium 350M 127.34 16.77 # 24563
+TWEO 350M 15.64 15.18 19

GPT2-large 774M 178.66 14.78 # 32361
+TWEO 774M 13.89 13.79 18

GPT2-xl 1.5B 93.28 13.84 32889
+TWEO 1.5B 12.58 12.39 19

GPT2 3B 3B 76.85 - -
+TWEO 3B 12.24 - 18

GPT2 7B 7B 67.12 - -
+TWEO 7B 12.02 - 20

* Invasive methods.
Attn bias: Adds learnable biases k′ and v′ to the Key and Value matrices.
Attn ca-softmax: Adds a learnable, context-dependent scaling factor.
# Training collapsed. We report the best checkpoint before collapsing.

pare it with the FP8 training solution of the well-known
DeepSeek-V3 [28] model.

DeepSeek-V3 stated that low-precision training is “lim-
ited by the presence of outliers in activations, weights, and
gradients” [28]; hence, it is a highly complex, deeply cus-
tomized mixed-precision engineering effort:
• Bypassing Outliers: It is forced to keep all outlier-prone

areas, such as the embedding module, language model
head, and normalization operators in BF16 or FP32.

• Isolating Outliers: For modules using FP8, it relies
on fine-grained ‘tile-wise’ or ‘block-wise’ quantization
strategies, calculating separate scaling factors for differ-
ent blocks of a tensor to isolate local outliers.

This approach requires many customized operators (e.g.,
online quantization and CUDA Core accumulation [28]),
making it difficult to transfer and popularize.

In contrast, the core advantage of our TWEO is that
it eliminates outliers from the root cause (cf. Figures 5
and 4). This obviates the need for complex engineering
workarounds to adapt to or bypass outliers. Hence, we are
able to adopt a very aggressive and minimalist training strat-
egy. We placed all Linear layers and LayerNorm compo-
nents (including the final language model head) under the
FP8 automatic mixed precision (autocast) context for com-
putation, a setup that is unacceptable in frameworks like
DeepSeek-V3.

Our FP8 training setup aims for maximum simplic-
ity. We utilize the NVIDIA Transformer Engine [22], em-
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Figure 2. Activation magnitudes in GPT-2 Medium BF16 training.
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Figure 3. Activation magnitudes in GPT-2 Medium FP8 training.

ploying the coarse-grained DelayedScaling strategy,
which has the lowest hardware overhead but zero tolerance
for outliers. It uses one single scaling factor for the entire
tensor (true per-tensor scaling) and the Format.HYBRID
(E4M3/E5M2) format.

Its aggressive nature is particularly evident in our config-
uration of an extremely short amax history len=16.
This is a high-risk configuration: it assumes a stable acti-
vation distribution (since ‘per-tensor’ scaling cannot isolate
local spikes) and is thus extremely prone to training collapse
when an outlier emerges.

As Figures 2 and 3 show, this high-risk setup perfectly
validates our hypothesis. The standard model (Baseline)
suffered a catastrophic loss explosion under this stringent
configuration. In contrast, TWEO kept a smooth and stable
convergence trajectory identical to the BF16 baseline, even
under this simplest, most aggressive per-tensor FP8 setting.

Table 2 summarizes these experiments. Standard FP8
training (Baseline) suffered catastrophic collapse across all
model scales from 124M to 7B. Its validation perplexity
(PPL) is extremely high (e.g., 93.28 for GPT2-XL, 67.12
for GPT2 7B). In contrast, TWEO (‘+TWEO’ in Table 2)
not only successfully completed training at all scales, but
their FP8 PPL matched or even surpassed those of the BF16
baseline (e.g., 12.58 for GPT2-XL, 12.02 for GPT2 7B).
The successful suppression of extreme outliers is the key: as
shown in the last column, the baseline models’ peak mag-
nitudes reached tens of thousands, whereas TWEO consis-
tently controlled the peak magnitudes of all models to ≤20.

Figure 4 visualizes TWEO’s outlier suppression effect
from a distributional perspective. The baseline model (‘De-
fault’) had many modes and was heavy-tailed, whose ex-
treme values (e.g., ±30000 in GPT2-XL) caused the distri-
bution to be extremely stretched. In contrast, TWEO’s ac-
tivation distributions are unimodal, with means near 0 and
small standard deviations, and the extreme outliers are elim-
inated.

Figure 5 intuitively demonstrates TWEO’s mechanical
suppression effect. The baseline model’s training peak
magnitude reached 30000, while TWEO’s activation values
across all layers were smoothly clamped below 20.

4.4. Post Training: A New Quantization Landscape
The value of TWEO lies not only in enabling stable low-
bit training but also in facilitating post-training quantiza-
tion. A consensus is that extreme activation outliers are
the major barrier to quantization [26, 53]. This issue has
led the field to abandon the use of per-tensor static quan-
tization for activations, because per-tensor quantization is
the most hardware-friendly and fastest inference solution,
but it is also the most sensitive to outliers. We have been
forced to use per-token or other more expensive quantiza-
tion schemes.

Now that TWEO has removed this barrier (extreme out-
liers), it must enable simple and effective post-training
quantization. To verify this, we applied the strictest (most
outlier-sensitive) and simplest (most hardware-friendly) Ab-
sMax static quantization to both baseline and TWEO-
trained models. AbsMax static quantization is simple, sym-
metric, and hardware-friendly (zero-point-free). We use the
”WbAa” notation (e.g., “W8A8”) to denote weights quan-
tized to b bits and activations to a bits.

For a b-bit symmetric quantization, we first define the
maximum quantization integer Qb = 2b−1 − 1. For a
floating-point tensor X , the quantization process is:

s = max(|X|)+ϵ ,Xq = round
(
X

s
·Qb

)
, Xdeq =

Xq

Qb
·s

(4)
The speed bottleneck lies in the granularity of the scaling
factor s calculation, as:
• Per-tensor (T): (Used for W and A) A single scaling factor
s for the entire tensor.

• Per-channel (C): (Used for W only) Independent sc for
each output channel.

• Per-token (K): (Used for A only) Independent st for each
token vector. Highest overhead.

We compare combinations of these granularities to compre-
hensively evaluate TWEO’s impact on PTQ.

Results in Table 3 clearly demonstrate a paradigm shift:
• As expected, the Default (Baseline) models completely

collapsed in performance whenever per-tensor activation
quantization, A(T) or W(T)+A(T), was involved. For ex-



a) Default

b) TWEO

Figure 4. Activation value distributions for various GPT-2 model sizes, with and without TWEO.

Table 3. Perplexity (PPL) comparison of Baseline vs. TWEO models under different 8-bit AbsMax PTQ strategies on OpenWebText.

Model (Params) Method BF16 PPL Act. Only 8-bit (A8)
per-tensor / per-token

Weight Only 8-bit (W8)
per-tensor / per-channel

Full 8-bit Quant (W8A8)
W8(T)A8(T) / W8(T)A8(K)

Full 8-bit Quant (W8A8)
W8(C)A8(T) / W8(C)A8(K)

GPT-2 (124M) Default 20.04 82.94 / 21.19 20.71 / 20.32 86.60 / 22.02 82.94 / 21.49
TWEO 18.83 20.21 / 19.00 19.32 / 19.11 20.82 / 19.51 20.54 / 19.00

GPT-2 Medium (350M)
Default 16.77 1451.40 / 19.76 17.35 / 17.17 1491.11 / 20.24 1456.97 / 19.95
TWEO 15.18 16.28 / 15.34 15.38 / 15.25 16.50 / 15.53 16.32 / 15.40

GPT-2 Large (0.8B) Default 14.92 43204.39 / 23.20 2228.19 / 2228.19 43720.76 / 24.14 45821.84 / 23.35
TWEO 13.79 18.09 / 13.98 13.98 / 13.89 18.88 / 14.17 18.39 / 14.07

GPT-2 XL (1.5B) Default 13.84 1799.44 / 22.42 14.27 / 14.08 1872.83 / 22.01 1799.44 / 23.35
TWEO 12.39 12.86 / 12.43 12.61 / 12.58 13.09 / 12.66 13.06 / 12.63

Figure 5. Comparison of activation magnitudes during GPT-2
Large (774M) training. Top 1 refers to the largest activation value
in each layer. Top 2, Top 3 refer to the second and third largest.
Median is the median of all activations.

ample, the PPL of GPT-2 Medium spiked from 16.77 to
1451.40 or 1491.11.

• But, activations are no longer the bottleneck in TWEO.
On GPT-2 XL trained by TWEO, the per-token A8(K)
quantization PPL (12.43) is even better than its per-
channel W8(C) PPL (12.58). This observation subverts
the traditional wisdom “activations are always harder to

quantize than weights.”
• The critical finding comes from the W(T)+A(T) (full per-

tensor) strategy. For GPT-2 Medium, TWEO achieved
a PPL of 16.50. This result is significant because a)
It stands in stark contrast to the baseline model’s PPL
(1491.11), and b) It is even better than the Default (Base-
line)’s BF16 PPL (16.77). This result shows that by
eliminating outliers with TWEO, we may not need the
complex difficulty transfer techniques of SmoothQuant or
SpinQuant. Instead, we just need to directly employ the
fastest, simplest-to-implement per-tensor static quantiza-
tion scheme while achieving low performance loss.

Table 3 proves that TWEO can make simple AbsMax
quantization viable, but a more profound problem lies in the
quantization of the residual stream. In the Transformer ar-
chitecture, activations are passed between layers via a resid-
ual stream y = x + f(x). Extreme outliers are passed and
accumulated in the residual stream layer by layer. Conse-
quently, difficulty transfer methods like SmoothQuant are
forced to operate only inside f(x) while being compelled
to leave x itself (the residual stream) in high precision



Table 4. Perplexity of GPT-2 XL. SmoothQuant collapsed when
the residual was quantized. More details are provided in Ap-
pendix D. Res.?: whether the residual stream was quantized or
not.

Model PPL (BF16) Method Res.? W8(C)A8(T) / W8(C)A8(K)

GPT-2 XL Default
(PPL: 13.84)

SmoothQuant No 14.81 / 14.01
SmoothQuant Yes 1876.70 / 21.93

GPT-2 XL TWEO
(PPL: 12.39)

AbsMax Yes 13.06 / 12.63
SmoothQuant Yes 12.89 / 12.51

(BF16/FP32). As shown in Table 4, quantizing x led to
catastrophic collapse. This compromise (not quantizing the
residual) results in frequent BF16 ↔ int8 type conversions
and introduces significant memory and latency overhead,
severely hampering inference speed.

By eliminating extreme outliers, TWEO makes the quan-
tization of the residual stream x possible for the first time.
Results in Table 4 show that
• When SmoothQuant was forced to quantize the residual

stream, its W8(C)A8(T) PPL on the Default model catas-
trophically collapsed from 14.81 to 1876.70.

• Conversely, the TWEO model, even when using AbsMax
and quantizing the residual stream, maintained a PPL of
13.06 / 12.63, which is even better than all baselines.

• On the TWEO pre-trained model, applying the com-
plicated SmoothQuant method yielded negligible gains
compared to simple AbsMax. This shows that TWEO
has eased difficulties in quantization of both activations
and weights, making complex difficulty transfer methods
unnecessary.

That is, our work introduces a new paradigm for post-
training quantization, which makes full-model quantization
(including the residual stream) possible and paves the way
for unleashing the full potential of low-bit inference. We
also observe similar PTQ improvements on vision trans-
formers under the strict W(C)A(T) setting; detailed ViT and
Swin results are deferred to Appendix F.

Implications for the Quantization Field. That is,
TWEO has the potential to open up a new, outlier-free re-
search direction for the field of quantization.

For academic research, the future focus may shift from
“how to design complex algorithms to bypass outliers”
to “with an outlier-free model, how low-bit can we go?”
TWEO simplifies the quantization problem itself, allowing
researchers to focus on exploring more aggressive low-bit
(e.g., W4A8, W4A4) compression schemes for this clean
(i.e., outlier-free) class of models.

For industry applications, a scheme using per-tensor
static quantization for both activations and weights such
as W8(T)A8(T) is unrivaled in its appeal. It requires no
complex re-scaling or online rotations, supports maximum
concurrency, and enjoys minimum latency, power consump-

tion, and memory footprint. TWEO proves that this sim-
plest, most efficient path is in fact viable, and the substan-
tially reduced costs can drive on-device deployment of more
artificial intelligence products.

Furthermore, TWEO opens new paths for hardware-
software co-design. Previous ASICs (Application-Specific
Integrated Circuits) had to build costly control logic for
complex per-token/per-channel quantization schemes (to
circumvent the outlier challenges [51]). This not only in-
creases chip area and power consumption but also restricts
their maximum clock frequency [45, 49].

TWEO’s potential contribution in this aspect is mak-
ing the simplest, most hardware-friendly static per-tensor
quantization viable again (as shown in Table 3). This is a
significant benefit for next-generation specialized AI accel-
erators: designers can remove complex quantization logic
and instead design leaner, more specialized computation
cores. This simplified design has the potential to translate
into higher clock frequencies at lower power, enabling a
leap in energy efficiency [9, 45].

5. Conclusions

In this paper, we confronted one of the core bottlenecks hin-
dering next-generation AI hardware from reaching its full
potential: extreme activation outliers. Instead of treating
them as symptoms to be bypassed, we hypothesized that
their root cause is data-independent, mechanical artifacts
of the training dynamics. Then we designed TWEO, a plug-
and-play, non-invasive loss function, which cures the model
by proactively suppressing the formation of extreme mag-
nitudes at every step of training.

Our experiments on both language and vision up to 7B
models demonstrated the impact of this approach:
• In FP8 Training: It transforms catastrophic, unreliable

full FP8 training into a stable, efficient (+36% through-
put) process with performance on par with BF16.

• In Post-Training Quantization: It allows the field to
move beyond its dependency on complex difficulty trans-
fer algorithms (like SmoothQuant). We demonstrated
that on an outlier-free model produced by TWEO,
the most hardware-friendly, simplest per-tensor static
quantization—including full residual stream quantiza-
tion—becomes viable and effective for the first time.

TWEO also moves low-bit computation from expert cus-
tomization to out-of-the-box technology.

Due to resource constraints, we had not verified TWEO
on the largest models (e.g., 700B), which will be a future
work when compute is available. While TWEO models
were trained from scratch in this paper, we are also inter-
ested in fine-tuning existing models to remove their extreme
outliers. And, we are interested in further FP4 learning and
inference.
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