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Abstract—This paper introduces a no-op-aware training and 

quantization framework for transformer-based language 

models that improves robustness to activation outliers while 

enabling efficient low-precision deployment. We modify an 

OPT-12L12H model with No-Op-Aware Attention Training 

(NOAT), combining conditional per-head gating with a 

Softmax1-based attention activation to suppress extreme 

attention during training. The model is trained and then 

quantized with two schemes: standard 8-bit uniform 

quantization and GPTQ-based post-training quantization. 

Experimental evaluation shows that the NOAT-trained, 

GPTQ-quantized model not only preserves but slightly 

improves perplexity to 10.68 compared to the full-precision 

10.96. The paper also shows that GPTQ applied to the NOAT 

model closely matches the statistical structure of the 

full-precision activations by maintaining kurtosis, whereas 

uniform quantization exhibits heavier tails, indicating higher 

presence of outliers. Stabilizing attention activations during 

training substantially enhances the effectiveness of downstream 

quantization, narrowing the gap between model efficiency and 

accuracy and enabling more reliable deployment of large 

language models on low resource hardware.  

 
Keywords— Quantization, Outliers, No-Op-Aware Attention 

Training, Activations. 

 

I. INTRODUCTION 

In recent years, Large language models (LLMs) [1] and 

other deep learning models have evolved into important 

components that are used in the modern artificial intelligence 

systems. Some of the useful applications of such models 

include machine translations, summarization, reasoning, text 

generations, information retrieval and automations. The 

growth of these models in terms of depth, scale, and 

capabilities also leads to demand for more computational 

power. In addition to computational power, training and 

deploying these models requires more memory bandwidth 

and energy. We also see specialized hardware as well being 

developed to cater such models in the past few years. 

However, even with and without these specialized hardware, 

the higher demand for energy, memory bandwidth, and 

computational power creates barriers for widespread and 

sustainable deployment for large deep learning models. 
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We have some algorithmic solutions for efficient training 

and deployment of large deep learning models. Model 

quantization and compression remains to be the most 

effective algorithmic solutions. Some other approaches 

include neural architecture search and model pruning.  

Quantization remains to be the most promising approach 

since it can substantially reduce memory footprint and make 

inferences faster without any major architectural 

modifications [2]. It works mainly by converting floating 

point values into lower bit representations, enabling large 

models to run efficiently even on the edge devices and GPUs 

with limited resources. However it is not always an easy task 

to apply quantization to transformer models.  

The problem arises when the transformers produce outliers 

in activations. These extreme values arise mainly within 

feed-forward network (FFN) layers and attention 

mechanisms [3]. These outliers distort scaling factors during 

quantization, causing the majority of values to collapse into 

narrower ranges and resulting in severe information loss and 

degraded model quality. 

This is a big challenge and has led researchers to look for 

solutions to reduce presence of outliers before quantization. 

This implies not only focusing on post training strategies but 

shifting focus more towards robustness during the training 

phase. 

Ensuring the stability of activations is increasingly 

becoming a crucial step in keeping a low precision model 

accurate. As the LLMs continue to grow in size and get 

adopted widely in the real world, it becomes essential to 

establish training methodologies that are quantization 

friendly.  

Over time, researchers have developed some solutions to 

mitigate outliers. One such influential approach is 

SmoothQuant. It works by redistributing the activation and 

weight magnitudes to get rid of large outlier values. It does 

this by scaling each channel separately, which helps shrink 

the large, problematic activations. As a result, transformer 

layers become much easier to convert into 8-bit format 

without losing much accuracy. 

In addition to such smoothing methods, the ongoing 

research continues to improve the quantization strategies 

including post-training and activation-aware techniques that 

selectively preserve salient parameters. Such research 

eventually leads to continued development of quantization 

robust model training frameworks which eventually results in 

the ability to deploy LLMs and other deep learning models on 

mainstream hardware without requiring extensive 

computational power or memory bound issues. 
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This paper introduces a new framework, No-Op-Aware 

Training (NOAT) and Quantization, to address these 

challenges by enhancing the robustness of transformer 

models against outliers. We propose combining NOAT with 

GPTQ quantization to achieve improved model performance 

and memory efficiency, making large-scale transformer 

models easier to be deployed and efficient in terms of energy 

on resource-constrained hardware. 

A concept in this paper is the notion of a no-op-aware 

attention update. Here, a “no-op” does not imply that the 

model entirely skips the computation but it instead refers  to a 

near-identity behavior of the attention branch. In this 

behavior the contextual update is minimal and the residual 

pathway remains dominant. This is different from the 

standard softmax attention where every query must distribute 

all of its probability mass over the available tokens. This 

leads to a full contextual update even when the evidence is 

weak. On the other hand, the NOAT formulation allows the 

model to express uncertainty more naturally by reducing the 

magnitude of the attention-induced update. The training is 

therefore referred to as no-op-aware, which means that 

during optimization the model learns not only where to attend, 

but also when it is preferable for attention to remain weak 

rather than strongly modifying the representation. 

II. RELATED WORK 

A key goal in the field of machine learning is to reduce 

energy consumption and make models more energy-efficient. 

This can be achieved by reducing the number of bits involved 

in mathematical operations. Horowitz noted that 32-bit 

floating-point additions and multiplications can be up to 10 

times more energy-consuming than 8-bit integer operations 

[4]. As a result, quantization has become one of the main 

techniques for model compression. 

Some of the early works include K-means weight sharing 

for model compression, where the weights of a full-precision 

model are clustered. The method stores low-bit cluster 

indices along with a codebook of centroids [5]. This can 

lower storage costs by a factor of 3 or more, especially when 

combined with centroid fine-tuning to reduce reconstruction 

errors. However, such schemes, which involve codebooks, 

can complicate hardware implementations and are not well 

aligned with modern integer-only LLMs. 

Uniform quantization, as proposed by [6], has been widely 

adopted in TensorFlow Lite, where floating-point values are 

mapped to integers through affine mapping. The mapping is 

defined as: 

𝑟 = 𝑆(𝑞 − 𝑍) (1) 

where, 

r  =  floating-point weights, 

S =  scale (quantization parameter), 

q = quantized weight as signed integer values,  

Z = zero-point, the quantized integer representing r=0 

 

This formulation underlies both symmetric weight 

quantization and asymmetric activation quantization, and is 

compatible with integer-only kernels. 

Per-channel quantization [7] assigns a separate scale (and 

sometimes zero-point) for each output channel. This helps 

match the dynamic ranges across channels, improving 

accuracy compared to per-tensor scaling [8]. Similarly, 

per-vector schemes such as VS-Quant [9] propose assigning 

scale factors to short subvectors. This method trades a small 

overhead in scale storage for tighter local dynamic range. 

In addition, the MX / Block Data Representation 

(BDR-MX) formats [10] share “micro-exponents” across 

blocks of values. It offers flexible low-precision floating-like 

formats such as MX4, MX6, and MX9. This approach 

maintains a balance between precision, hardware complexity, 

and feasibility for LLMs. 

By contrast, the framework we propose focuses on the root 

cause of the problem—outlier activations during the training 

phase. No-Op-Aware Attention Training (NOAT) integrates 

conditional per-head gating and Softmax1 activation, which 

reduces the production of extreme values in attention outputs. 

This simplifies range estimation for both uniform 

quantization and GPTQ. In other words, we aim to improve 

the default behavior of standard post-training quantization 

pipelines rather than designing more complex range 

estimators. 

Our approach complements both quantization-aware 

training (QAT) and memory-driven precision allocation. We 

do not modify bit-width per layer, nor do we simulate 

quantization during the training loop. Instead, we introduce 

architectural modifications such as per-head gating and 

Softmax1 to regularize attention activations in an 

OPT-12L12H model during standard full-precision training. 

Afterward, we apply PTQ (uniform) and GPTQ quantization. 

While NOAT could be combined with QAT or 

mixed-precision schemes, this is outside the scope of the 

current study. 

The Open Pretrained Transformer (OPT) family provides 

decoder-only transformer architectures trained with a causal 

language modeling objective on large-scale web corpora. 

These models were designed as reproducible and transparent 

counterparts to GPT-style LLMs. OPT allows modifications 

to public training configurations, optimizer settings, and 

hyperparameters. The OPT architecture follows a standard 

transformer decoder stack with multi-head self-attention, 

feed-forward networks, learned token and positional 

embeddings, and layer normalization. It is trained using 

Adam-based optimizers, learning-rate warm up, and cosine 

or linear decay schedules [11]. 

OPT has gained popularity in quantization research due to 

its wide range of parameter scales, from small models to 

those with tens of billions of parameters. This makes OPT 

models suitable for systematic studies on how quantization 

errors scale with model size. Several quantization works, 

including those focused on activation smoothing techniques, 

use OPT checkpoints as primary benchmarks, particularly in 

8-bit and 4-bit settings. 

Prior research on transformer quantization has focused on 

refining numeric formats, improving range estimations, and 

training with STE-based quantization-aware training (QAT). 

Our work extends this body of research by demonstrating that 

No-Op-Aware Attention Training (NOAT), combined with 

per-head gated attention and Softmax1 activation, can be 

trained from scratch on an OPT-12L12H model. This 
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framework produces activation distributions that are more 

robust to low-bit quantization, resulting in GPTQ models that 

outperform both full-precision and uniformly quantized 

baselines in perplexity, while preserving the statistical 

structure of activations. 

III. DATASET 

The dataset used in this work is wikitext-103-raw-v1, this 

is a configuration of widely known WikiText dataset. 

WikiText is a vast language modelling dataset that has been 

constructed from verified Good and Featured articles on 

Wikipedia. Since it is derived from high quality articles, the 

dataset contains grammatically correct and well structured 

english text.  

 WikiText was initially introduced as an alternative to Penn 

Treebank (PTB) dataset and is considered an improved 

alternative since PTB requires heavy preprocessing and 

contains relatively limited vocabulary.  

The wikitext-103-raw-v1 is over 110 times larger than PTB 

dataset and has following features: 

⚫ It preserves original casing, punctuation, numbers and 

the natural structure of the original articles from 

Wikipedia. 

⚫ It contains a much larger and more realistic vocabulary 

including the original tokens without replacing 

out-of-vocabulary words. 

⚫ It is suitable for character-level or subword-level 

modeling. 

⚫ The training set contains roughly 1.8 million examples 

and the validation set contains around 4.36 thousand 

examples as shown in the table I. 

 
Table I. Counts of instances in dataset used 

Dataset Training 

Set 

Test 

Set 

Validation 

Set 

wikitext-103-raw-v1 1,801,350 4,358 3,760 

 

The total generated dataset size is approximated to be 549 

MB, while the total disk usage (including downloaded files) 

is around 741 MB. 

Since the dataset is large scale, high quality natural language 

data it supports training and evaluating LLM that we used in 

this work. Also the preserving nature of punctuation, casing, 

and numeric tokens makes it more realistic for language 

modeling. 

IV. METHODOLOGY 

A. About the Model 

The LLM model used for this experiment is OPT-12L12H. 

Some features of this model are defined in the table II. 

 
Table II. Parameters of  OPT-12L12H 

Parameter Value 

Maximum Sequence Length 512 

Feed Forward Network 

Dimensions 

3072 

Dimensions of Layers 768 

Number of Hidden Layers 12 

Number of Attention Heads 12 

Standard Deviation of Initializer 

for Weight Matrices 

0.006 

Dropout 0.1 

There are three major reasons to opt for OPT-12L12H. First, 

it is found sufficiently expressive to show meaningful 

attention behavior for transformer models, including how 

activation outlier is relevant to quantization and how multi 

head interact. Secondly, it is computationally feasible for 

quantization experiments while enabling studying effect of 

proposed NOAT modifications. Lastly, OPT is a well 

established decoder only transformer with documented 

architectural configurations, providing a transparent, 

reproducible testbed. Thus, OPT-12L12H allows for a 

practical balance between representational relevance, 

interpretability, and experimental feasibility. 

B. Training the Model 

The OPT-12L12H model was trained with a causal language 

modeling objective, using sequences tokenized up to 2,048 

tokens and cropped into training blocks of length 512. The 

model was optimized with AdamW using a learning rate of 

0.0004, a total of 125,000 training steps with 2,000 warmup 

steps, gradient accumulation of 4, per-device batch size of 8 

for both training and evaluation, weight decay of 0.1, and a 

maximum gradient norm of 1.0. In addition to the standard 

OPT architecture, the attention layers were modified to use 

conditional per-head gating (initialized at 0.25) together with 

a Softmax1-based attention activation. 

The parameters for the model along with their counts are 

mentioned in the table III. 

 

Table III. Parameter counts for OPT-12L12H  model 

Component Parameter Count 

Embeddings 39,003,648 

Decoder 85,065,360 

Head 38,608,896 

Total (pre-training) 162,677,904 

Total (decoder only) 124,069,008 

 

The activation for the model was modified so that it uses 

Softmax1 instead. The Softmax1 is given by: 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥1(𝑧𝑖) =
𝑒𝑧𝑖

1+∑ 𝑒
𝑧𝑗

𝑖
 (2) 

 

The training loss dropped to 2.109 after reaching the 

125000th training step. Drop of loss is visualized in the figure 

1. 
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Fig. 1. Training Loss over Steps 

 

The model was trained in segments on A100 GPU with 80GB 

RAM. Throughout the process, the average consumption of 

GPU stayed around ~73%. These stats of the GPU utilization 

are shown in figure 2. 

 
Fig. 2. GPU utilization (%) measured over wall time during training 

C. Motivation for No-Op-Aware Attention Training 

(NOAT) 

The standard attention mechanisms of transformers may 

produce disproportionately large attention values in certain 

heads. This leads to heavy tailed activation distributions and 

poor behavior under low-precision quantization. Especially 

in case when the attention mechanism is forced to normalize 

probability mass under contextual tokens, even the evidence 

that are vague or weak are also able to generate a contextual 

update with full strength. 

No-Op-Aware Attention Training (NOAT) is introduced to 

address this issue, where in the proposed settings a “no-op” 

refers to a near identity attention action. In  “no-op”, the 

contribution to hidden representation becomes negligible 

even while the attention branch is still computed. The model 

learns that it is best not to intervene in some context and for 

some tokens unlike the conventional attention, where the 

model produce a fully normalized contextual mixture. 

Since the training makes the attention mechanism sensitive to 

this weak-update regime during optimization, it is termed as 

no-op-aware. Combining conditional per-head gating with 

attention normalization based on Softmax1 allows the model 

to reduce attention distributions that are overconfident and 

suppress unstable head outputs. Therefore, NOAT improves 

the compatibility of the model with subsequent quantization 

by reducing formation of activation outliers during the 

training. 

D. Conditional Per-Head Gating 

The gating values were set to 0.25 to avoid aggressive 

amplification and avoid sharp activation spikes. With the 

progress of training, the gating parameters adapt based on 

gradient updates increasing the influence of useful heads and 

suppressing unstable ones. 

Mathematically, if H(i) represents the output of attention 

head i, and g(i) is the learnable gate parameter, then the 

modified attention output becomes: 

 

 𝐻̃𝑖 = 𝑔
𝑖

⋅ 𝐻𝑖 (3) 

 The contribution of head negligible as the learned gate 

value approaches zero for a head, leading the corresponding 

attention pathway to behave as a no-op, while the larger gate 

values recover standard head participation. 

E. Softmax1 Activation Based Attention Stabilization 

The Softmax1 variant was used to constrain extreme 

probabilities. It works by preventing any token from 

dominating the attention distribution excessively by slightly 

regularizing the denominator term. 

Softmax1 reduces kurtosis of activation distributions across 

attention layers. As a result, the attention outputs have 

smooth distribution and it makes them more compatible with 

low-bit quantization.  

F. Uniform Quantization 

The model was quantized to int-8. For quantization of 

weights, we used symmetric quantization. This is given by: 

 

𝑞
𝑤

= 𝑟𝑜𝑢𝑛𝑑 (
𝑤

𝑠
) , 𝑎𝑛𝑑 𝑠 = 𝑟𝑜𝑢𝑛𝑑 (

max |𝑤|

2𝑏−1−1
) (4) 

 where, 

w: full-precision weight 

qw: quantized integer weight 

s: symmetric scale factor 

b: bitwidth (e.g., 8 for int8) 

 

For quantization of activations we used asymmetric 

quantization instead. The asymmetric quantization is defined 

by: 

 

𝑞𝑎 = 𝑟𝑜𝑢𝑛𝑑 (
𝑎−𝑎min

𝑠
) 𝑎𝑛𝑑 𝑠 = 𝑟𝑜𝑢𝑛𝑑 (

𝑎max −𝑎min

2𝑏−1
) (5) 

where, 

w: full-precision weight 

qa: quantized integer activation 

amin, amax: observed min and max activation values 

s: symmetric scale factor 

b: bitwidth (e.g., 8 for int8) 

 

G. Reproducibility and Implementation Details 

To improve the reproducibility, we release the source code, 

configuration files, and evaluation scripts for the proposed 

framework. All experiments were implemented using 

Hugging Face Transformers using PyTorch along with 

Accelerate. NVIDIA A100 GPUs with 80 GB memory was 

used for training and evaluation. The experimental 

configurations are summarized in Table IV. 

 

Table IV. Experimental Configurations 

Parameter Value 

Model OPT-12L12H 

Tokenizer Facebook/opt-350m 

Objective Causal language modeling 

Optimizer AdamW 

Learning rate 0.0004 

Warmup steps 2000 

Total training steps 125000 

Hardware NVIDIA A100 80 GB 
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V. RESULTS AND ANALYSIS 

The trained model and the quantized models were evaluated 

thoroughly. To make sure that the comparison is fair, the 

models were evaluated under similar conditions with the 

same evaluation split and preprocessing pipeline. 

We ran the model on the evaluation dataset.  For the 

evaluation purposes also we used A100 GPU with 80GB 

memory. The use of high-memory GPU makes sure the 

evaluation was not bottlenecked by memory constraints.  

The GPTQ quantized model trained with a no-op-aware 

approach resulted in better perplexity than uniform quantized 

model or full precision model. This indicates the proposed 

technique improves quantization while preserving the 

accuracy of the model. 

 

Table V. Perplexity comparison in FP and Quantized models 

Full Precision GPTQ Quantized Uniform Quantized 

10.9646 10.6874 13.5917 

 

Similarly, we did a comparison of Kurtosis of each model as 

well. The kurtosis of a model is given by: 

 

𝐊𝐮𝐫𝐭𝐨𝐬𝐢𝐬(𝑥) =
𝔼[(𝑥−𝜇)4]

𝛼4
 (6) 

where, 

μ = E[x] is the mean, 

α2 = E[(x − μ)2] is the variance. 

 

The higher kurtosis values suggest heavier tails and more 

likelihood of extreme activation values that negatively 

impact the low precision quantization. 

 

Table VI. Kurtosis comparison in FP and Quantized models 

Full Precision GPTQ Quantized Uniform Quantized 

6.717 6.713 6.836 

 

GPTQ quantized model has a kurtosis very close to full 

precision model. It suggests that the statistical structure of 

activations is largely preserved after quantization. However, 

on the other hand, the uniform quantized model show higher 

kurtosis suggesting that there is a greater presence of extreme 

values. 

Overall, these results support the hypothesis that 

no-op-aware training combined with GPTQ quantization 

makes the model more robust to outliers by stabilizing the 

activation distribution during the training phase. 

VI. CONCLUSION 

In conclusion, we presented a No-Op-Aware Training and 

Quantization framework that improves the robustness of 

transformer-based language models against the outliers 

present in activations, while allowing deployment in low 

precision bits. By using the No-Op-Aware Attention Training 

(NOAT) with conditional per-head gating, along with 

Softmax1 attention, the attention activations are stabilized 

during the training phase. These stabilized attention 

activations lead to the reduced formation of outliers that 

degrade the quantization performance. 

The experiments demonstrate that catering the outliers at 

training significantly improves quantization. The 

NOAT-trained model achieves lower perplexity when 

quantized with GPTQ, as compared to full precision model 

and the uniformly quantized model. Specifically, the 

GPTQ-quantized model achieved a perplexity of 10.68 

compared to 10.96 for full precision and 13.57 for uniform 

quantization. 

The statistical analysis of distribution is also in favor of these 

findings. The values of kurtosis for the GPTQ quantized 

model are similar to those of full precision model. It suggests 

that the NOAT training combined with GPTQ quantization 

mitigates the outliers better than uniform quantization that 

reflects greater distortion and reduced information fidelity. 

The results suggest that the outliers can be catered not only 

during the quantization process but through architectural 

modifications during the training process. The proposed 

framework reduces the gap between model efficiency and 

accuracy, making it feasible to deploy transformer models on 

resource-constrained hardware without prominent 

performance loss. 

In the future, this approach can be extended to heavier 

models, transformer models with different architectures, and 

for different bit precision (e.g., 4-bit). Future work may also 

include evaluating performance of tasks other than language 

modelling. The no-op-aware training method can be 

combined with other smoothing techniques to further 

improve scalability and energy efficiency. 

In summary, no-op-aware training in combination with 

GPTQ quantization is a practical solution to outlier free, 

quantization friendly deployment of LLMs in the real world 

applications ensuring better accuracy. 

Code Availability Statement - The implementation, 

experiment configurations, and evaluation scripts used in this 

work are publicly available at: 

https://github.com/SameedAhmedKhan/noat-opt  
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