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Abstract. As deep learning models including the LLMs become a part of our daily lives, they continue
to require more and more computational cost. The heavy models need a lot of processing power to train
and even to make inferences. However, we can reduce this cost by compression techniques such as
quantization. Standard quantization of some transformer models comes at the risk of presence of outliers
that result in inaccurate results. In this study, we develop a hybrid model which involves using clipped
softmax in attention heads of the model during training to mitigate outliers and then applying activations
aware weights only quantization on trained model which helps in reducing quantization error by scaling
the weights before quantization. We show that our approach results in better handling of outliers, hinted
by reduced kurtosis in clipped softmax trained quantized models as compared to vanilla trained
quantized models. Overall, our hybrid method not only achieves the best final model performance but
does so by effectively suppressing outliers by a factor of 5—7x across key metrics, making the model far
more robust to the quantization process.
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KBanToBaHue SI3bIKOBBIX MoO/Iejiel 0e3 BLIOPOCOB

C.A. Kxan!, A.C.M.X. Kaéup*=, P.A. Jlykmanos'

"Vuueepcumem Unnononuc, Unnononuc, Pecnybnuxa Tamapcman, Poccuiickas Dedepayus
’Mocxoscxuii pusuxo-mexnuyeckuii uncmumym, Mockea, Poccutickas ®edepayus

Pesztome. Tlo Mepe TOTO, Kak MOJIETH TITyOOKOTO OOyuYeHHS, BKIIOUYas OOJBINHE S3BIKOBBIC MOCIH
(LLM), craHOBATCS 4YacThIO HamIed TMOBCEAHCBHOW IJKW3HHM, OHH TPEOYIOT BCE OONBIIHNX
BEIUMCIIMTEIBHBIX PECYpPCOB. TsKeNlble MOICIM HYXKIAIOTCS B 3HAYUTENHHOW BBIYUCIUTEIBHOMN
MOIITHOCTH KaK Jist 00y4YeHUsI, TaK U IS BEITIOTHEHUS BBIBOIOB. OTHAKO 3Ty HATPY3KY MOKHO CHU3UTH
C TIOMOIIBIO METOJIOB CXKATHs, TaKMX Kak KBaHToBaHHMe. CTaHIapTHOE KBAaHTOBAaHHE HEKOTOPBIX
MoJiee TpaHC(HOPMEPOB COMPSKEHO C PUCKOM IMOSIBIICHUS BBIOPOCOB, YTO MPHUBOJUT K HETOYHBIM
pe3ynbrataM. B maHHOM HcClieoBaHUM pa3pabaThiBacTCs THOPHIIHAS MOJENh, KOTOpas BKIOYAET
HCIIOJIb30BaAHUE YCCUCHHOI'O CO(bTMaKca B MOAYJIAX BHHUMAaHUA MOJCIIN BO BpEMA 06yquH;1 JUIS
CMATYCHUA BIIUSTHUA BBI6pOCOB, a 3aTEM ITPUMCHCHUEC KBAHTOBAHHA TOJIBKO BECOB C YUCTOM aKTI/IBaHI/Iﬁ
Ha 00y4eHHOI MOAETH. DTO MOMOTaeT CHU3UTh OMIMOKY KBAHTOBAHHS 32 CYET MaCIITA0UPOBAHUS BECOB
Inepea KBAaHTOBAHUCM. HOKa3aHO, qTo HpelUIaI'aeMLIfI ImoAXoAa IIO3BOJIACT JIYyUHIC CIIPaBJIATHBCA C
BBIOpPOCAMH, O YEM CBUCTEILCTBYET YMCHBIIIGHUE KypTo3a Y MOJIeNiel C KBAHTOBaHUEM, O0YUYEHHBIX C
yCEYEeHHBIM COTMAKCOM, IO CPABHEHUIO C MOJIEISIMH, 00YYeHHBIMH CTaHAAPTHBIM criocoOoM. B 1emnom,
TUOpUIHAS METOJMKA HE TOJIHKO 00ECTIEYNBACT HAMIYUIITYIO HTOTOBYIO MPOU3BOUTEILHOCTH MO/IEIH,
HO 1 3(h(EKTUBHO MOJABIISIET BBIOPOCHI B 5—7 pa3 1Mo KIFOUEBBIM METPUKAM, JIeJIasi MOJIeNTb 3HAUUTEITLHO
OoJiee yCTOHYMBOM K MPOLIECCY KBAHTOBAHUS.

Knroueswvie cnosa: KBAaHTOBAaHHUC, BI)I6pOC, MNEPIUVICKCHUSA, BHUMAHHUC, CO(i)TMaKC, KypTO3HUC.
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Introduction

Language models and other deep learning models have gradually become integral to
many aspects of modern life. However, deploying these models comes at a high computational
and energy cost, making it challenging to run them efficiently on resource-constrained devices
[1]. To address this, certain model compression techniques have been developed that make large
models smaller and faster by representing weights and activations with lower precision without
significant loss in accuracy. In the course of this paper, we focus on one of such techniques
which is quantization. Quantization is used to reduce size of the model by representing its
weights and activations with lower numerical precision. It also enables the model to perform
inference faster [2]. However, quantizing transformer models like BERT or LLaMA often leads
to significant accuracy degradation particularly in attention layers. This is largely due to the
presence of outliers - unusually large values especially in intermediate hidden states. When
quantizing, these large values force scaling factors to accommodate them, causing the rest of
the data (which is small in magnitude) to become indistinguishable under low-precision formats,
leading to severe information loss [3]. To solve this problem, it is necessary to quantize the
model in a way that it does not have outliers. There already exist some methods such as
SmoothQuant [4] and Quantizable Transformers [5] techniques. In this paper, we focus on a
hybrid model trained using outlier free training technique introduced under Quantizable
Transformers approach and quantized using activations aware quantization. We explore the
effectiveness of this hybrid approach evaluate how well it maintains the accuracy while solving
the outlier problem in transformer models.

With the advancements in the field of large language models (LLMs) and deep learning
architectures based on transformers, the application and integration of such models in several
areas have expanded significantly. From natural language processing (NLP) tasks such as
machine translation, text summarization, and question answering to broader applications in
code generation, autonomous systems, and scientific computing, language models are
becoming essential tools in modern Al systems. However, it’s not easy to adopt these models
as there is a high cost of computation involved in training and deployment of these model.
These computations require large scale clusters of GPUs or TPUs leading to utilization of more
energy and compute power [1].

As the model sizes increase and models become more complex, it becomes more
important to focus on carbon footprint and efficiency of the models. To cater these problems,
we need to look for some techniques that optimize model training and inference while making
sure that accuracy of model is not degraded by a significant difference. These techniques
reduces the compute and storage costs of deep learning models. One of the notable techniques
is compression. Compressions works by reducing computational requirements, memory
footprint and the number of parameters, while maintaining the accuracy of the models. Among
the most effective methods for compression are quantization, pruning, knowledge distillation
and can include neural architecture search as well [6].

Quantization refers to the process of reducing the numerical precision of model weights
and sometimes activations, often replacing floating-point representations with lower-bit integer
representations. This significantly reduces the memory bandwidth requirements and increases
inference speed, making the deployment of models more feasible on resource- constrained
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hardware such as edge devices, mobile phones, and embedded systems. There are multiple
quantization techniques available as Post Training Quantization (PTQ) and Quantization Aware
Training (QAT). In QAT, there are further granularities such as per- channel quantization [7],
per-layer quantization [8], per-vector quantization [9] and per-tensor quantization [10].
However, it is not always convenient to quantize transformer-based models, especially in cases
where outlier values appear in the activations, as this can lead to reduced accuracy. Different
approaches like Quantizable Transformers and smoothquant have been developed to address
this issue aiming to reduce the degradation due to outliers presence.

Pruning, another compression technique, involves the systematic removal of less
significant parameters in a neural network. It works by reducing connections or neurons,
making the model size smaller and maintaining the accuracy. Pruning, if combined with
quantization, can make the deep learning models more efficient and eventually more suitable
for real world deployment.

Knowledge distillation is just another technique in which a large, complex model
transfers its knowledge to a smaller, more efficient model. The large, complex model is usually
referred to as the teacher model while the smaller, more efficient model is referred to as student
model. The student model can reach similar performance with fewer parameters by using the
soft predictions from the teacher model, making it a good option for deployment in environment
with limited resources.

In this paper, our focus remains on quantization specifically in the context of
transformer-based models such as BERT. Despite the benefits that quantization offers, it
remains challenging to use it for transformers because the outliers might be present in
activations causing instability in low-bit quantization. This instability eventually leads to lower
accuracy. To address this problem of outliers, techniques like Quantizable Transformers,
OutEffHop and SmoothQuant have been proposed. These methods either normalize outliers
before quantization or make use of smoothing transformations to distribute their influence
across layers, making the model less stable when using lower-precision computation.
Quantizing transformer models requires careful management of activation outliers, particularly
within the Feed-Forward Network (FFN) sublayers. The Quantizable Transformers approach
demonstrates that many attention heads (especially in BERT and LLaMA) produce excessively
large FFN outputs that severely degrade quantized performance. Applying softmax clipping
substantially reduces the outliers.

Dataset. The dataset used is a combination of wiki-40b [11] and bookcorpus [12]
dataset. Further details about the dataset can be found in Table 1.

Table 1 — Records for Wiki-40B and BookCorpus datasets
Tabmuia 1 — 3anucu 11t HabopoB gaHHbIX Wiki-40B u BookCorpus

Dataset Training Set Test Set Validation Set
Wiki-40B 2,926,536 162,274 163,597
BookCorpus 74,004,228 - -

For training the model, concatenated training sets of Wiki-40B and BookCorpus were
used. And for the evaluation, the Wiki-40B validation set was used

Materials and methods

We conduct an experimental study by training the BERT-base-uncased model using
both a standard (vanilla) training approach and Quantizable Transformers’ Outlier Free training
technique. Once trained, we apply quantization strategies to these models, including uniform
quantization and activation-aware quantization [13], a well-known quantization framework
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optimized for large language models. The work flow is shown in Figure 1. Our goal is to
compare the effectiveness of hybrid approach where we train the model using clipped softmax
approach and quantize it with activations aware quantization with other techniques in terms of
model accuracy, inference speed, and computational efficiency. The results provide insights
into the trade-offs between different quantization methods and their impact on transformer-
based architectures.

BERT Original
Vanilla BERT Clipped Activations
BERT
I A ¥ l
Vanilla BERT Vanilla BERT Clipped Softmax Clipped Softmax
AWQ Quantized | | Uniform Quantized BERT BERT
Uniform Quantized AWQ Quantized

Figure 1 — Training and quantization workflow
Pucynok 1 — IIporecc o0ydeHus 1 KBAHTOBAaHUS

Training the model. The BERT-base-uncased model [14] was trained using the Masked
Language Model training method with sequences truncated or padded to a maximum length of
128 tokens. The learning rate was 0.0001 and the training was run for 370,000 steps. The
parameters of BERT base uncased are mentioned in Table 2.

Table 2 — Parameter counts for BERT base uncased model
Tabmuua 2 — KoanuectBo napamerpoB mogenu BERT base uncased

Component Parameter Count
Embeddings 23,837,184
Encoder 85,054,464
Head 24,094,068
Total (pre-training) 132,985,716
Total (encoder) 108,891,648

Vanilla approach. For the vanilla approach, no architectural changes were made.

Clipped softmax apparoch. For clipped softmax training, the softmax function was
clipped with gamma (y) value of —0.025 and while zeta ({) value 1.0 as required in the following
equation of clipped softmax.

clipped_softmax(x; ¢, y) := clip({ — vy) - softmax(x) + 1, 0, 1. (1)

We also incorporated additional attention head dropout to encourage quantization
robustness. These architectural changes are designed to suppress outlier activations.

Quantizing the model. Both the vanilla trained model and the outlier-free trained model
were later on quantized using the post-training quantization techniques.

Uniform quantization. The models were quantized to int-8 using the post-training
quantization technique where uniform quantization was performed. For weights, symmetric
quantization was performed, defined by:

q,= round (V;V) , and s = round (’”;jfﬁ'j‘)), 2)

where w — full-precision weight, g, — quantized integer weight, s — symmetric scale factor, b —
bitwidth (e.g., 8 for int-8).
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While for activations asymmetric quantization was performed, defined by:
q,= round (—a_as'””’) , and s = round (—am‘;’j,_j’”i”), (3)

where a — full-precision activation, g, — quantized integer activation, dmin, @max — Observed min
and max activation values, s — asymmetric scale factor, b — bitwidth (e.g., 8 for uint-8).
Table 3 mentions some details of the uniform quantization processing.

Table 3 — Timing and processor details for uniform quantization method
Tabnuia 3 — Bpemst BBITIONHEHNS U XapaKTEPUCTHKH TPOIIECCOPA Al METO/[a PABHOMEPHOA
KBaHTHU3AIUH

Quantization Method Dataset'Prep Time, Evalua.tlon Time, GPU Used
minutes minutes
Outlier Free Quantized 74.37 51.13 A100-40 GB
Vanilla Quantized 73.65 31.65 A100-40 GB

Activation aware quantization. The vanilla trained model and the outlier-free trained
model were also quantized to int-8 using the activations-aware quantization technique, but in
this approach the model was not fully quantized to 8 bits. The weights were quantized to 8-bits
while the activations were kept in 16-bits. Table 4 mentions some details of the activation-
aware quantization processing.

Table 4 — Timing and processor details for activation-aware quantization method
Tabnuua 4 — BpeMs BRITOJTHEHUS U XapaKTEPUCTUKH IIPOLIEccopa Ul METO/1a KBAHTOBAHUS C YIETOM
aKTHBAIMU

Quantization Method Dataset Prep Time Evaluation Time GPU Used
Outlier Free Quantized 88.75 minutes 136.25 minutes T4-16 GB
Vanilla Quantized 65.46 minutes 141.33 minutes T4 - 16 GB

Results and analysis

The models trained using the outlier-free approach seem to perform well, with
perplexity around 6. Table 5 shows GPU that was used to train the models, the training time,
the resulting perplexity and footprint of the models.

Table 5 — Timing and processor details for AWQ quantization method
Tabmmia 5 — BpeMs BBITIOIHEHUS U XapaKTePUCTHUKH MpoIieccopa s MeTona KBaHToBaHm AWQ

Model GPU Used Training Time | Perplexity | Model Footprint
Outlier Free Trained Model | A100 —40 GB | 1564.65 minutes 6.03 219,036,788
Vanilla Trained Model A100-40 GB | 1505.30 minutes 6.47 219,036,788

To assess the impact of outlier suppression strategies on quantization robustness, we
track two diagnostic metrics: Max FFN Output co-Norm and Max FFN Input+Output co-Norm.
The co-Norm for a vector x can be defined as:

= ma . 4
I, = max [x 4)

And eventually Max FFN Output co-Norm for evaluation is given by:
max [[FENO)L,. (5)

i € evaluation batches
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And Max FFN Input+Output co-Norm is given by:
max |[FENG,, + residual V|| . (6)

i € evaluation batches

These metrics capture the largest activation magnitudes in the feed-forward network
(FFN) output and the residual + FFN combination, respectively. High values in these norms
signal the presence of outliers, that can introduce a significant quantization error.

Similarly, we track the kurtosis and provide maximum and average kurtosis offering
insights into how tail-heavy or spiky the activation distributions are. The kurtosis for a given
layer of a batch can be defined as:

Kurtosis(x) = @, 7
where p = E[x] is the mean, a® = E[(x — u) ] is the variance.

In the outlier-free trained models, these values are much lower as compared to vanilla
trained models indicating outlier suppression. Also, the perplexity highly improved when the
outlier-free model was fully quantized to int-8 using the uniform quantization technique. At the
same time, the Kurtosis for outlier-free quantized model is quite low indicating better handling
of extreme outliers which was well handled by our hybrid approach.

The quantization using the activations-aware technique resulted in worse perplexity of
the outlier-free quantized model while slightly improving the perplexity of the vanilla trained
quantized model.

A comparison of results in Figure 2 clearly shows that the hybrid approach of training a
model with clipped softmax and original attention head, and then quantizing using the
activations aware weights quantization leads to a better perplexity then the other approaches
defined. We also see a significant decrease in max kurtosis signifying reduction in outliers. We
do see a higher Max kurtosis in Vanilla BERT quantized by AWQ, and Vanilla BERT quantized
by uniform quantization technique indicating presence of outliers. Figure 3, 4 and 5 show the
perplexity, max kurtosis and average kutosis over validation steps respectively. Table 6 and 7
presents the evaluation statistics for uniform quantized models and AWQ quantized models.

8 7799 D Average Kurtosis @ Max Kurtosis
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a) b)

Figure 2 — Quantization metrics comparison between AWQ and Uniform quantization:
a — perplexity comparison; b — average kurtosis
Pucynok 2 — CpaBHeHHE METPUK KBaHTOBaHUS Mexay MetofgaMu AWQ u paBHOMEpPHOTO
KBaHTOBaHU: d — CPAaBHEHHUE MEPIUIEKCUH; 6 — CPETHUHA HKCIIECC
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Figure 3 — Perplexity comparison between AWQ and uniform quantization models
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Figure 4 — Maximum kurtosis values during model validation
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Figure 5 — Average kurtosis measurements, indicating the overall distribution characteristics of the
quantized models
Pucynok 5 — CpenHue 3Ha4eHUsT KypTO32, MOKA3BIBAIOIINE OOIIHE XapaKTEPUCTHKH PacIpeieTICHUs
KBaHTOBAaHHBIX MOZEJeH
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Table 6 — Evaluation statistics for uniform quantized models

Ta6mz1ua 6 — CratucTuka OLCHKH MOILGJ’IGﬁ C PaBHOMCPHBLIM KBAHTOBAHHUEM

. Max
Quantlze.ed Model — . Avg. Max. Max FFN FFN Input Max.LN
Uniform Perplexity . . | Output Inf (FFNi+o)
N Kurtosis Kurtosis + Output
Quantization Norm Inf Norm
Inf Norm
Outlier Free Model 6.160 82.45 224.5 26.3 48.9 18.6
Vanilla Model 6.955 151.36 1274.1 173.9 186.7 23.6
Table 7 — Evaluation statistics for AWQ quantized models
Ta6muma 7 — CTaTHCTHKA OIEHKH MOJCIICH ¢ KBaHTOBaHHEM AWQ
Max
Quantized Model - | | . Avg. | Max. gﬁ"fﬁf FFN Input (Fl\gainIil\L)
AWQ P Y | Kurtosis | Kurtosis P + Output
Norm Inf Norm
Inf Norm
Outlier Free Model 6.029 83.49 225.0 26.3 49.0 18.7
Vanilla Model 7.799 183.8 | 1444.06 | 181.178 194.165 23.56
Conclusion

In this work, we developed a strategy comprising of two steps to counter the challenges
associated with the quantization of transformer-based language models. We found that handling
the outliers in the activation during the model training is critical for performing quantization
after the model is trained. Using a clipped softmax function regularized the model leading to
noticeable reduction in outliers. This is shown by lower kurtosis and infinity norms.

Other than that, we also showed that Activation-Aware Weight Quantization (AWQ)
works better than uniform quantization for the outlier free model, achieving a lower perplexity
0t 6.029. This shows that the two steps work well together: training the model to reduce outliers
makes it easier for AWQ to keep important weights, which helps maintain performance. Overall,
our results give a clear and practical guideline for researchers and engineers, suggesting that
preparing models for quantization during training is more effective than applying quantization
techniques only after training.
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