
Towards Greener Yet Powerful Code Generation via
Quantization: An Empirical Study

Xiaokai Wei
Sujan Kumar Gonugondla

gsujan@amazon.com
AWS AI Labs

New York, USA

Shiqi Wang
Wasi Ahmad

Baishakhi Ray
AWS AI Labs

New York, USA

Haifeng Qian
Xiaopeng Li

Varun Kumar
AWS AI Labs

New York, USA

Zijian Wang
Yuchen Tian

Qing Sun
AWS AI Labs

New York, USA

Ben Athiwaratkun
Mingyue Shang

Murali Krishna Ramanathan
AWS AI Labs

New York, USA

Parminder Bhatia
Bing Xiang
AWS AI Labs

New York, USA

ABSTRACT
ML-powered code generation aims to assist developers to
write code in a more productive manner by intelligently gen-
erating code blocks based on natural language prompts. Re-
cently, large pretrained deep learning models have pushed
the boundary of code generation and achieved impressive
performance. ] However, the huge number of model parame-
ters poses a significant challenge to their adoption in a typ-
ical software development environment, where a developer
might use a standard laptop or mid-size server to develop
code. Such large models cost significant resources in terms of
memory, latency, dollars, as well as carbon footprint.

Model compression is a promising approach to address
these challenges. We have identified quantization as one of the
most promising compression techniques for code-generation
as it avoids expensive retraining costs. As quantization rep-
resents model parameters with lower-bit integer (e.g., int8),
the model size and runtime latency would both benefit.] We
empirically evaluate quantized models on code generation
tasks across different dimensions: (i) resource usage and car-
bon footprint, (ii) accuracy, and (iii) robustness. Through
systematic experiments we find a code-aware quantization
recipe that could run even a 6-billion-parameter model in
a regular laptop without significant accuracy or robustness
degradation. We find that the recipe is readily applicable to
code summarization task as well.
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1 INTRODUCTION
In recent years, ML-powered code generation tools, like
Codex [5], GitHub Copilot [14], Amazon CodeWhisperer1

and ChatGPT2 have gained significant traction. These ser-
vices aim to generate a computer program in response to a
human-written specification (commonly called prompt), as
shown in Figure 1. Such tools bring promise to significantly
automate the software development process and improve de-
velopers’ productivity.

The backbone of ML-powered code generation tools are
transformer based large pretrained language model (PLM) [3,
7, 30]. With recent rapid developments, PLMs have exhibited
superior performance in multiple code-related tasks, including
code generation, code summarization and type inference [3,
6, 7, 11, 12, 22, 30]. Despite their great success, there are
multiple challenges and downsides associated with applying
these gigantic code generation models, with often tens of
1https://aws.amazon.com/codewhisperer
2https://chat.openai.com/chat
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Input Prompt Code Test Cases

Figure 1: Sample prompt, code, and test cases taken from MBPP dataset [3]. Given the NL prompt, a code generation model aims to generate
the corresponding code. The associated test cases run the generated code to check functional correctness.

billions of parameters, in a typical software development
environment.

Importance of Model Compression. The need of compressed
models in a typical development scenarios include:
∙ Hosting. The huge number of model parameters poses a

significant challenge. For example, let us consider one of
the largest publicly available models, CodeGen [30] with
up to 16B parameters. Hosting this model requires 72 GB
of memory, which is impossible on a typical laptop with
16 GB or 32 GB RAM. An alternative is to host this
model on a server equipped with GPUs with sufficient
memory and with model parallelism. Using EC2 pricing as
reference, using such models is expensive and costs around
$100 per 1K queries. Furthermore, sizes of PLMs continue
to grow and further limit deployment of future and more
powerful models in real-life development environment. Note
that, although services like Copilot, ChatGPT, etc. provide
APIs for code generation, hosting customized model is still
important for custom tasks 3.

∙ Latency and user experience. State-of-the-art code genera-
tion models typically consist of 20 ∼ 50 transformer layers
and 2𝐵 ∼ 16𝐵 parameters. Model inference/serving on a
single GPU machine might incur a latency of several sec-
onds. Such a delay in response would cause a negative user
experience, especially for interactive code development.

∙ Carbon footprint. Recently, researchers [17, 31] start to pay
more attention to examining PLMs from the perspective
of responsible and green AI. The training and inference of
large PLMs typically involve a considerable amount of CO2
emission. For example, the CO2 emission of training GPT-
3 model (175B parameters) amounts to three times that
of a jet plane flight from San Francisco to New York [31].
With increasing adoption of PLMs, e.g., by hundreds of
thousands of software developers in the near future, the
carbon footprint of inference will become a bigger issue.
To address these challenges, Machine Learning researchers

have investigated different model compression techniques [37].
A key challenge, however, is to preserve the powerfulness of
the gigantic models while significantly reducing the compu-
tational cost by compressing them. Addressing this challenge
would be crucial to democratizing the power of AI. In this
paper, we empirically investigate the impact of model com-
pression techniques on code generation tasks.

Selecting Compression Technique. We focus on light-weight
compression techniques that do not incur additional re-training

3https://ai.googleblog.com/2022/07/ml-enhanced-code-completion-
improves.html

cost. Also, the compressed model should be run efficiently
in a developer’s laptop or a moderate-sized server. In such a
scenario, we identify the following desirable properties that
a practical model compression strategy needs to satisfy:
∙ Minimal compression cost: Converting a pretrained model

to a more efficient version typically involves certain process-
ing/training costs. If the compression technique requires
significant re-training of the large model over substantial
amounts of data, it could result in undesirable environ-
mental impacts (large power consumption and carbon foot-
print) and the cost could be prohibitive for a typical user.
High compression costs would defeat the purpose of greener
AI and democratizing AI.

∙ Substantial reduction in hosting cost: As state-of-the-art
models are gigantic with billions of parameters and are
expected to continue growing in sizes, minor reductions
in size or latency would not be useful. Ideally, one would
expect a properly designed model compression method to
bring at least 50% improvement in key hosting metrics of
size and latency.

∙ Preservation of generation capabilities: The compressed
model should have similar generation accuracy as the orig-
inal model. Model compression at the cost of significantly
degenerated predictions would not be appealing.

∙ Minimal adverse side effect: In addition to preserving gen-
eration accuracy, we also expect the model to not degener-
ate in other important aspects of generation, such as weak-
ened robustness.
Model compression techniques developed by ML com-

munity, such as distillation [39, 42], pruning [18, 21] and
quantization-aware training [25, 40, 50] are often associated
with large training costs. Training or finetuning large trans-
former models requires access to training data and substantial
compute resources. Often, fine-tuning data for many freely
available models is proprietary, which prevents a compres-
sion technique, which relies on fine-tuning, to reproduce the
performance of the original models.

Considering all the above factors, out of many model
compression options, we are able to identify a compression
recipe with negligible processing cost and preserved accuracy
with a specific subcategory of quantization methods, i.e.,
Post-Training Quantization (PTQ).

Quantization is a compression technique where the weights
and activations of an ML model are converted to and com-
puted with integer data types such as int8 instead of com-
monly used float-point data types such as fp32. As data is
represented with lower-bits (e.g., 8 or 4) the model would be
much smaller in size. Also, most hardware types (either CPU
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or GPU) perform integer operations (e.g., multiplication) at
a much faster speed; the quantized model would also likely
to enjoy reduced computational cost and latency.

Code-aware Quantization. In order to quantize the model
for code domain, we observe the activation ranges and cal-
ibrate the quantization step sizes that minimize the mean
square error on the code data. Properly designed PTQ meth-
ods would require none or a relatively small amount of code
data for post-training calibration, and experimental results
show that this approach is highly effective on multiple code
specific tasks. This means one can get all the compression ben-
efits (e.g., latency/memory/storage/carbon emission) with
negligible cost while retaining the generation power of the
full-precision model.

Our contribution can be summarized as follows:

(1) We recognize the importance of model compression in
the context of code generation and identify the adequacy
of post-training quantization for this purpose. To our
best knowledge, this is the first attempt at compressing
a state-of-the-art code generation model. For example,
the quantized model with 16B parameters could run on
a personal laptop with only CPUs, and generate a 20-
token long prediction within 25 seconds (as opposed to
70 seconds by the corresponding full-precision model).

(2) We perform an extensive empirical study on multiple
code generation models with their quantized variations
on both NL-to-code and code-to-NL tasks. We observe
comparable accuracy across multiple model types and
sizes with the proposed quantization techniques. Even
for the extremely large CodeGen-16B, we can preserve
accuracy with quantization. We also experiment in differ-
ent ablation settings to provide guidelines for properly
employing quantization.

(3) We present an in-depth empirical analysis on the layers,
activations, and weights of the state-of-the-art code gen-
eration models to gain deeper insights on the effect of
quantization. This helps us understand why certain quan-
tization methods perform better than others, for code
generation task.

(4) Beyond accuracy, we also investigate the impact of quan-
tization on model robustness, which is often overlooked
by the existing code generation literature. We show that
properly designed quantization recipe would have no ad-
verse impact on model robustness.

Relevance to Software Engineering. We identify the impor-
tance and requirements of model compression techniques for
a typical development environment. We then adapt quantiza-
tion, a light-weight compression technique, for code domain.
We empirically establish that such approach can be signifi-
cantly greener without loosing power of code generation in
both CPU and GPU environments. To this end, this is the
first systematic study to show that a specially crafted code-
aware quantization technique can democratize gigantic pre-
trained code generation models such that even a regular soft-
ware development environment with 16GB laptop can utilize
their power.
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Figure 2: Transformer structure and multi-head attention cell. The
feed-forward layer and all linear layers inside multi-head attention are
colored in green. We quantize all these linear layers in the network.

2 BACKGROUND & RELATED WORK
2.1 Code Generation with Transformers
Recently, applying transformer-based Pretrained Language
Models (PLMs) to the source code generation task, have
drawn considerable attention and set overwhelmingly strong
state of the arts in this field [3, 6, 7, 12, 22, 30]. The goal is
to generate complete code or code fragments given natural
language or partial code as prompts. To achieve this goal,
large language models are trained on humongous code cor-
pora, typically curated from open-source code archives like
GitHub, Stack Overflow, etc.

The PLMs typically use decoder-only (e.g., GPT [32])
or encoder-decoder architectures (e.g., BART [23]/T5 [33]).
For code generation tasks, decoder-only models (e.g., Code-
Gen [30] and InCoder [12]) take some pre-encoded code rep-
resentations and learn to decode, i.e., synthesize next token
sequences. Typically, these models use causal language mod-
eling, i.e, generate the tokens conditioned on the previous
token sequences. Thus, decoder-only models are a natural fit
for code completion tasks where the previous code context is
given, and the model is expected to generate the next tokens.
In contrast, encoder-decoder based code generation models
like PLBART [1] and CodeT5 [43] are typically trained to
learn to reconstruct the original code sequence that is cor-
rupted using an arbitrary noise function. Therefore, such
models do not naturally fit the code completion tasks but are
found effective when finetuned for code generation or sum-
marization tasks.

2.2 Model Compression
The large transformer models use billions of parameters and
may require trillions of operations for generating code. Model
compression tackles this high costs of large models to enable
their wider and easier adoption. Model compression is a class
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Figure 3: Toy example for quantizing the typical floating-point
weight matrix (a) into int8 matrix using (b) per-tensor v.s. (c) per-
column quantization.

of techniques designed to reduce model size (i.e., bytes re-
quired to represent the model) and improve generation la-
tency while maintaining minimum accuracy (i.e., ability to
generate useful and correct code) degradation. Some repre-
sentative techniques include:

(1) Knowledge distillation. A small student model is trained
on the outputs of a larger teacher model that we want
to compress [39, 42].

(2) Pruning. It constitutes a class of techniques that make
the weight matrices sparse to reduce the number of
parameters as many of the matrix entries will now be
zeros [18, 21, 44, 45].

(3) Quantization. This technique uses fewer bits to repre-
sent the weights of parameterized functions [4, 46, 47,
50].

Most model compression techniques are often associated
with large training costs. For example, distillation requires us
to train a new model from scratch, and pruning requires mul-
tiple cycles of finetuning. Training or finetuning large trans-
former models requires access to the training data and large
compute resources. This is often not an option for many users
who typically use fundamental models that are pretrained
on large training corpus by others. Therefore, we study post-
training quantization (PTQ) for model compression as this
does not require us to train or finetune a pretrained model.

We particularly limit to 8-bit and 4-bit integer quantization
as the hardware accelerators such as GPUs/TPUs support
and compute faster with this precision that the floating point
alternatives such as 16-bit Float.

2.3 Quantization for model compression
Here we describe the process of quantizing a tensor and
discuss different model-quantization techniques.

2.3.1 Quantization operation. Quantization refers to the con-
version of a full-precision (or floating-point) tensors to ten-
sors with integer values. An example of the quantization op-
erations is depicted in Figure 3. Given a matrix 𝑊 , a basic

quantizer 𝑄· uses scale and rounding operations to get the
quantized version of the matrix:

𝑄𝑊 =
𝑊𝑞

𝑠𝑊
, where 𝑠𝑊 =

2𝐵−1

𝛼𝑊
and 𝑊𝑞 = 𝑟𝑜𝑢𝑛𝑑𝑠𝑊 𝑊

Here, 𝛼𝑊 is the quantization range, and 𝐵 is the bitwidth
(which is 8 in case of int8), 𝑊𝑞 is the quantized integer ma-
trix, 𝑠𝑊 is the quantization scale, and 𝑄𝑊 is the quantized
approximation of the matrix 𝑊
Quantization Noise. We assess the quality of quantization by
estimating the relative quantization noise 𝑞𝑎, defined as [36]:

𝑞𝑎 =
||𝐴 − 𝑄𝐴||2

||𝐴||2
≈

Δ2
𝐴

12||𝐴||2
≈ 1

12𝑠2
𝐴||𝐴||2

(1)

where ||𝑥||2 is the the 𝐿2-norm of the vector 𝑥, and Δ𝑊 =

1𝑠𝑊 quantization step size. The quantization noise increases
with Δ𝑊 (or decreases with 𝑠𝑊 ), as the approximation of
the full precision parameters becomes coarser.

parameter 
distribution

quantization 
step (Δ)

−𝛼 𝛼

−127 127

mapping to 
integers

0

clipped 
outliers

Figure 4: Illustration of quantization operation showing, quantiza-
tion step, clipping, scaling, and mapping.

Quantization Range and Scale Factor. The quantization range
𝛼𝑊 is the value that will be mapped to the largest rep-
resentable integer (127 in the case of int8). Typically we
set 𝛼𝑊 = maxabs𝑊 , consequently setting the scale factor
𝑠𝑊 = 2𝐵−1maxabs𝑊 . However, having a large outlier in
𝑊 will increase 𝛼𝑊 and therefore increase the quantization
noise. To avoid that, some choose to clip the data by choos-
ing 𝛼𝑊 < maxabs𝑊 (see Figure 4), where the matrix ele-
ments are clipped the 𝑠 before the quantization operation;
i.e., matrix elements > 𝛼𝑊 are set to 𝛼𝑊 and those < −𝛼𝑊
are set to −𝛼𝑊 .

2.3.2 Quantization techniques. Model quantization techniques
can be classified based on the following:
Methods to obtain quantized network. This can be broadly

classified into
∙ Post-Training Quantization (PTQ): PTQ derives a quan-

tized (e.g., int8) network from an existing full-precision
network without any training or finetuning with additional
data. Since the model is not originally trained to perform
inference with quantized parameters and activation, mod-
els quantized by PTQ tend to be more susceptible to quan-
tization noise. However, the low costs associated with PTQ
make it a very popular choice for obtaining quantized mod-
els.
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Figure 5: Toy example on quantizing activations with dynamic quan-
tization v.s. static quantization.

∙ Quantization-Aware Training (QAT): QAT requires train-
ing the model from scratch with additional simulated quan-
tization operations during training process to ensure the
learned parameter values are quantization-friendly. This is
expensive due to the potentially huge cost of training but
would lead to models that potentially have higher accuracy
than a PTQ model.

Methods to choose the activation scale. Here we choose the
ranges and the values of the activations change for each
example. There are various options to choose the quantization
scale parameters for activations that can be classified into
(see Figure 5):

∙ Dynamic quantization: Here we determine the clip
range (𝛼) and scale parameter (𝑠) on the fly for activa-
tions, in order to minimize quantization noise where
possible. One could typically use the maximum (abso-
lute) value of the activation tensors as the clip range
for each input. However, determining the clip range
dynamically would incur an additional scanning cost
to find the max value.

∙ Static quantization: Here we use the same pre-determined
scale through so-called calibration on samples by mini-
mizing certain loss (e.g., MSE/Entropy) between origi-
nal activation and quantized activations. Static quan-
tization might be susceptible to higher quantization
noise though it would lower computational cost during
inference.

Quantization Granularity. As we discussed in the Section 2.3.1,
choosing a large clip range (accordingly, small scales 𝑠𝐴)
due to outliers can lead to a large quantization step which
adds to quantization noise. To avoid outliers, column-wise
quantization scales can be used where the scales are selected
based on the max value of each column instead of the entire
matrix. We can classify quantization techniques based on
the granularity of the quantization scales into 1) per-tensor
scales where the entire tensor uses a single scale 𝑠𝐴, and 2)
per-column where each column uses a different scale.

Figure 3 illustrates the differences between the two scal-
ing options. Here, we are choosing scale values based on the
maximum absolute value of the block. Choosing per-column
scales avoids tensor-wide outliers and allows for finer quanti-
zation steps than per-tensor scales.

In the rest of the paper, we will primarily use PTQ as this
has minimal post/re-training cost. We examine the accuracy
of the models with dynamic and static quantization and
discuss the impacts of choosing per-tensor and per-row scales.
We will use int8 precision for quantization as it is widely
supported across all major CPUs and GPUs that are used
today.

3 METHODOLOGY
The goal of this work is to provide an empirical and concep-
tual analysis of quantization techniques, originally developed
as a core ML technique, in the context of large code gener-
ation models. To do that, we analyze the characteristics of
the models using different dimensions of quantization tech-
niques, as discussed in Section 2.3.2. This section discusses
our study methodology in detail.

3.1 Quantized Model Preparation
3.1.1 Schemes for Quantization. For quantization techniques,
we investigate both schemes of quantization (dynamic and
static) described in previous sections and prepare the quan-
tized models as follows.
∙ Dynamic quantization: For implementation, we use the

native PyTorch Quantization 4 API and convert all the
weight matrices in Feed Forward Network (FFN) and Self-
Attention to int8. As explained in the previous section, the
min/max bound of each layer’s activation is determined in
a dynamic manner depending on the input during infer-
ence. The processing time needed for this scheme is mini-
mal, which typically takes < 1 minutes for 2𝐵 models and
< 4 minutes for 6𝐵 models.

∙ Static quantization: Static quantization needs to determine
the clipping range for activations before inference, and
such ranges are typically obtained from calibration by min-
imizing the quantization noise. We perform the activation-
bound calibration with a tiny fraction (5k samples) from the
CodeSearchNet (Python) training set. In preliminary exper-
iments, we find MSE (Mean Squared Error) based loss to be
most effective, so we minimize the MSE between the quan-
tized activations and full-precision ones as the calibration.

4https://pytorch.org/docs/stable/quantization.html
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Table 1: Details of models under investigation.

Models #Parameters Training Cost Architecture
#Steps / #Epochs Data (approx.) Compute Resources

PLBART 140M / 406M 100k / - 250 GiB 8 NVIDIA GeForce RTX 2080 Ti Encoder-Decoder
Code-T5 60M / 220M / 770M - / 150 25 GiB 16 NVIDIA A100 GPUs Encoder-Decoder
InCoder 1.3B / 6.7B - / 1 216 GiB 248 NVIDIA V100 GPUs Decoder-only
CodeGen 350M / 2B / 6B / 16B 650k / - 1812 GiB Google’s TPU-v4 Decoder-only

3.2 Study Subjects
Studied Models. We leverage the state-of-the-art and repre-
sentative code generation models that have open sourced
model checkpoints available, to study the efficacy of different
calibration techniques. We aim to cover models with differ-
ent sizes and backbone architectures. In particular, we focus
on CodeGen [30], as they open sourced models with different
sizes {350M, 1B, 6B, 16B} and different language support
(mono v.s. multi-language generation). Additionally, we also
include InCoder [12] to further confirm the patterns we ob-
serve with CodeGen models. We also studied two more mod-
els Code-T5 [43] and PLBART [1] for code summarization
task. The statistics of these models are summarized in Ta-
ble 1. These models represent the set of all publicly available
state of the art models code-generation models at the time
of writing this paper.

Studied Tasks. In this paper, our main focus is code generation
task (NL-to-code). Further, to stress test the effectiveness
of quantization on other generative tasks, we study code
summarization task for models’ accuracy evaluation (RQ4).
Thus, we study the following two tasks:

∙ NL-to-code generation: Here we evaluate the models’ code
generation ability. A user gives a natural language prompt
as input. These are loosely defined specifications. The
model is expected to generate the corresponding code frag-
ments. The generated code is tested by running the test
cases. Figure 1 shows an example.

∙ Code-to-NL generation: We further evaluate a generative
model’s capability on code summarization task, where given
the function signature and body, the model generates an
NL description of the function.

Studied Dataset: We use HumanEval [6] and MBPP [3] for
evaluating the functional correctness of generated programs.
The MBPP dataset [3] contains 974 short Python functions
with their textual descriptions and test cases to evaluate cor-
rectness (see Figure 1). HumanEval [6] is a similar dataset
released by OpenAI, which is widely used in evaluating code
generation tasks. It contains 164 hand-written Python pro-
grams, associated with their natural language descriptions
and test cases.

Evaluation Metrics: Generative models in NLP domain tra-
ditionally use some form of textual matching (exact or fuzzy

match) between the generated text and ground truth and of-
ten report BLEU scores. Such textual similarity is problem-
atic for evaluating code generation tasks, as the same func-
tionality can be implemented in many ways. To overcome
this, recent papers on code generation task [5, 20, 35] rec-
ommend to evaluate functional correctness by running the
generated code against test cases. Here we follow a similar
evaluation criterion.

Each sample in our studied dataset is equipped with mul-
tiple test cases, as shown in Figure 1. The generated code
needs to pass all provided tests to be considered as “pass”.
Following [5, 20], we report pass@k to estimate the model’s
ability to generate code that will “pass”. Pass@𝑘 measures
the fraction of examples that are “pass” by at least one of
the 𝑘 solutions that the model generates. However, given the
ML model is probabilistic, we expect pass@𝑘 to have a high
variance. To address this, a standard practice is to generate
𝑛 > 𝑘 solutions and estimate the statistical mean of pass@𝑘
from these 𝑛 samples, i.e., estimate the fraction of times we
“pass” if we randomly pick 𝑘 samples from 𝑛. In this paper,
we use pass@1 and pass@5 as a metric for evaluations, which
is estimated by generating 10 samples per problem in the
dataset. The reported accuracy (pass@𝑘) is averaged on all
samples generated for all programs in each dataset.

To evaluate the code summarization models, we use smoothed
BLEU score [26] following prior works [1, 43].

4 RESULTS
We evaluate the effect of quantization across three dimen-
sions: greener, accuracy, and robustness for code generation
tasks. To evaluate generalizability, we further evaluate quanti-
zation techniques for code summarization tasks, as code sum-
marization is a popular code-related generative task where a
different modality, i.e., text, is generated. In particular, we
aim to answer the following four research questions:

∙ RQ1. How effective are quantization techniques for greener
code generation models?

∙ RQ2. Can quantized models maintain the prediction power
of the corresponding full-precision models?

∙ RQ3. How robust are quantized models compared to the
corresponding full-precision models?

∙ RQ4. Are quantization techniques effective for other code
related generative tasks such as code summarization?
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4.1 Quantization for Greener Code Generation
(RQ1)

Motivation. The heart of this paper lies on this RQ, i.e.,
whether a quantized model can be substantially greener than
its full precision counterpart. Here by green, we mean less
resource usage and less carbon footprint. Our use case is
to facilitate a regular development environment that can
benefit from such large models. Thus, a full precision model
can be pretrained with larger resource (even at industry
scale). However, a developer will be using the model in an
environment which is either CPU-only or contain a smaller
number of GPUs. To this end, this RQ evaluates the model’s
resource usage and carbon footprint at inference time.
Experimental Setup. We aim to answer RQ1 by investigating
quantization from a model hosting perspective, with GPU
or CPU as the underlying hardware. We consider both on-
cloud and on-device settings as both can be important use
cases for code generation models. The environment used for
experiment is the following:
∙ On cloud: We use an AWS p3dn.24xlarge instance5 which

have both CPUs and GPUs available with NVMe-based
SSD storage.

∙ On device: We use a typical developer’s laptop, a MacBook
Pro which runs macOS Monterey (version 12.5), with 32
GB memory and M1 processor.

Metrics. We report inference latency and model storage size
as primary metrics for model hosting. Based on the latency
result and the specification of underlying hardware, we also
estimate (assuming sequential prediction) the potential cost6

(in US$) and carbon emission 7 (in 𝑔𝐶𝑂2𝑒𝑞) for evaluating
the impact in terms of green AI.

Table 2: Comparison on different hosting metrics between full-
precision and quantized (int8 dynamic) versions of CodeGen-2B,
CodeGen-6B and InCoder-6B.

CodeGen-2B CodeGen-6B InCoder-6B
On Cloud / Precision fp32 int8 fp32 int8 fp32 int8

Storage (GB) 10.7 3.5 27.1 7.9 25.4 7.6
Latency (s/pred.) 3.47 2.47 7.81 4.02 7.38 3.32
Est. gCO2eq (1k pred.) 1309 932 2940 1516 2783 1252
Est. pricing (1k pred.) $30.1 $21.4 $67.7 $34.8 $64.0 $28.8
On Device

Latency (s/pred.) 23.7 10.7 70.4 25.4 52.6 18

Observations. CPU-based results. In Table 2, we report (on
cloud and on device) hosting metrics of CodeGen-2B/6B
and InCoder-6B model for generating 20 tokens for each ex-
ample. As the quantization kernel in Pytorch only supports
CPU inference, we collect all the metrics on CPUs. For both

5More details on the hardware specification can be found at
https://aws.amazon.com/ec2/instance-types/p3/
6Based on estimate in https://www.instance-pricing.com/provider=aws-ec2/instance=p3dn.24xlarge
7https://engineering.teads.com/sustainability/carbon-footprint-estimator-for-aws-instances/

Table 3: Latency and memory usage of CodeGen models on a Nvidia
A100 GPU with context-lengths of 1792 tokens and generation lengths
of 256 tokens.

Model Size 2B 6B 16B

context encoding latency (ms)

fp32 173.9 ± 0.02 266.6 ± 0.69 N/A
fp16 97.8 ± 0.08 146.13 ± 0.36 290.43 ± 0.50
int8 89.5 ± 0.04 117.3 ± 0.27 221.5 ± 0.49

per-token generation latency (ms)

fp32 20.1 ± 0.021 38.6 ± 0.009 N/A
fp16 16.9 ± 0.017 23.1 ± 0.12 40.87 ± 0.003
int8 13.5 ± 0.024 19.6 ± 0.004 32.02 ± 0.01

peak memory usage (GB)

fp32 15.14 32.63 OOM
fp16 8.54 17.34 35.25
int8 6.45 11.69 22.11

CodeGen-6B and InCoder-6B, we observe that int8 quan-
tization reduces the model size to about 29% of FP32 coun-
terpart and also reduces latency significantly (e.g., by about
50% on ec2 instance and > 60% on laptop). As the carbon
emission and pricing are roughly linear w.r.t. the runtime,
using a quantized model would also contribute significantly
to green AI and reduced hosting cost. With the much less
stringent requirements on the underlying hardware, quantiza-
tion makes it possible to run large (e.g., 6B) code generation
models on a personal laptop within a reasonable latency con-
straint. Such capability can be helpful for developers to get
high-quality code recommendation/auto-completion in their
local environment.

GPU-based results. To assess the impact of using INT8
inference on GPUs, we developed an inference pipeline using
INT8 CUDA kernels from NVIDIA’s Cutlass library. Our end-
to-end latency measurements, with a 1792-token context and
256-token generations, are reported in Table 3 for CodeGen
models. By comparing the fp16 and int8 implementations,
we observed a reduction of up to 20% in both context encoding
latency and generation latency, along with a 30% decrease in
GPU memory usage. The gains in comparison to the fp32
implementation are approximately 2 to 2.5 times reduction in
latency and 2.5 times more memory-efficient. This effectively
results in a doubling of the inference speed and an halving
of the number of required GPUs for deployment.

Result 1: The quantized models have lower latency,
memory, and storage than the corresponding full pre-
cision model. It also has remarkably less carbon foot-
print. Thus, it is possible to fit even a 6B-parameter
model within a regular laptop.
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Table 4: Pass@k (%) accuracy on HumanEval and MBPP. Performance gains are in blue and drops in red.

Full-precision Dynamic Quant. Static Quant.
Dataset Model (per-tensor) (per-tensor) (per-column)

pass@1 pass@5 pass@1 pass@5 pass@1 pass@5 pass@1 pass@5

HumanEval
(Python)

InCoder-1.3B 7.13 8.98 5.55 (-1.58) 8.33 (-0.65) 5.85 (-1.28) 7.99 (-0.99) 6.71 (-0.42) 8.86 (-0.12)
InCoder-6.7B 8.11 9.70 8.23 (+0.12) 10.52 (+0.82) 8.41 (+0.30) 10.46 (+0.76) 9.27 (+1.16) 11.38 (+1.68)
CodeGen-350M 11.71 16.21 11.77 (+0.06) 14.70 (-1.51) 10.79 (-0.92) 14.90 (-1.31) 11.83 (+0.12) 16.66 (+0.45)
CodeGen-2B 20.91 27.75 18.48 (-2.43) 26.56 (-1.19) 17.87 (-3.04) 26.13 (-1.62) 22.50 (+1.59) 29.59 (+1.84)
CodeGen-6B 24.02 36.82 26.71 (+1.69) 34.27 (-2.55) 25.37 (+1.35) 34.02 (-2.80) 25.73 (+1.71) 33.74 (-3.08)

MBPP
(Python)

InCoder-1.3B 5.92 10.27 4.11 (-1.82) 7.87 (-2.40) 3.68 (-2.25) 7.06 (-3.21) 3.82 (-2.10) 7.22 (-3.05)
InCoder-6.7B 7.53 11.55 7.75 (+0.23) 11.79 (+0.24) 7.86 (+0.34) 12.30 (+0.75) 7.80 (+0.28) 12.37 (+0.82)
CodeGen-350M 16.99 25.39 15.32 (-1.67) 23.35 (-2.04) 15.32 (-1.67) 23.85 (-1.54) 15.87 (-1.12) 24.28 (-1.12)
CodeGen-2B 31.57 41.97 28.10 (-3.47) 38.24 (-3.73) 27.38 (-4.19) 39.04 (-2.93) 30.59 (-0.98) 40.93 (-1.04)
CodeGen-6B 34.00 51.97 34.49 (+0.49) 45.42 (-6.55) 34.74 (+0.49) 45.74 (-6.23) 37.35 (+3.35) 48.90 (-3.07)

4.2 Accuracy Evaluation for Code Generation
Task (RQ2)

Motivation. Although greener, a quantized model will be
mostly useful if it maintains the accuracy of the original
full precision model. In this RQ, we evaluate the functional
correctness of code generation models for full precision and
their different quantized variants.
Experimental Setup. We evaluate the code generation tasks
using CodeGen and InCoder quantized models with static
and dynamic activation quantization. We tested the models
with per-column scales and per-tensor scales while quantizing
the weights as well. We report both pass@1 and pass@5
accuracies.
Observations. Table 4 summarizes the results. We see accu-
racy gain for InCoder-6.7B models across all the quantization
settings, while InCoder-1B shows an average accuracy drop
of 0.84% on HumanEval and 2.47% on MBPP datasets. Code-
Gen models show < 2% average degradation with pass@1
metric on HumanEval and MBPP datasets with both Dy-
namic and Static quantization. However, we observe 3%-4%
and 2% average drop in accuracy in the pass@5 metrics with
dynamic quantization and static (per-tensor) quantization
respectively. With static (per-column) quantization the aver-
age pass@5 accuracy drop is < 2% for CodeGen models.

Overall, dynamic (per-tensor) quantization tends to out-
perform static (per-tensor) quantization by a small margin
and static (per-column) quantization outperforms static (per-
tensor) quantization. This is because:

∙ Weight Quantization. Weight distributions have a high vari-
ance within a kernel, accounting for outliers that result in
large quantization noise. This is particularly an issue with
increasing matrix sizes in larger models. Figure 6a shows
how the quantization noise increases with model sizes with
per-tensor scales, but not with per-column scales. This re-
duced quantization noise with per-column scales explains
why static (per-column) setting outperforms static (per-
tensor) one.

∙ Activation Quantization. The primary challenge in activa-
tion quantization is in choosing the quantization scales.
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(c) MSE/layer between activations from original vs. quantized
model. The error is estimated on a weight-only quantized
CodeGen-6B model generating a token on HumanEval.

Figure 6: Statistics impacting quantized model accuracy.
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Figure 7: Execution accuracy on HumanEval with CodeGen-2B and
CodeGen-350M (per-column static) when they are calibrated (MSE
loss) on different amounts of data (from 500 to 5k). Dotted lines
denote the pass@1 of corresponding full-precision models.

With static-quantization, we have to pick pre-determined
scales based on validation data. This pre-determined scale
is picked conservatively On the other hand, dynamic quanti-
zation allows us to adjust the scales for every input example
and for every token, thereby making it attractive to reduce
quantization noise. Dynamic quantization will be useful if
we observe high variance in the max-values across different
inputs/tokens. For example, Figure 6b shows the max value
of the activation across different layers in CodeGen-350M.

∙ Error Accumulation. Quantization noise accumulates with
depth, making deeper models more challenging to quan-
tization. Figure 6c shows the relative quantization noise
with model depth for CodeGen-6B model, showing quanti-
zation error growing with depth. We observe that a) per-
column quantization results in smaller accumulated error
with depth and b) the error tends to reduce in the last few
(4̃) layers of the model. The latter could be due to the in-
herent robustness of the model.

4.2.1 Ablation Study. To better understand the impact of
different design choices on the model, as discussed in Sec-
tion 3.1, we further investigated pass@1 scores for different
model variations on HumanEval.
Size of calibration set. Here, we study how the size of calibra-
tion data affects the performance of quantized models. Fig-
ure 7 shows that the execution accuracy (on both 2B and
350M models) is typically stable across different sizes of cali-
bration data. When using only 500 samples for calibration,
the quantized model can already learn a reasonable clipping
range (𝛼) and achieve comparable accuracy as full-precision
baselines. Such calibration cost (e.g., takes a few minutes on
a single CPU/GPU) is almost negligible compared to other
model compression options, such as distillation, which typi-
cally requires iterating over the whole training corpus and
takes weeks to finish.
Impact of precision. We experimented with using 4-bit pre-
cision instead of the 8-bits that we use in the rest of the
paper. The experiments with different precision settings on

CodeGen-2B models on HumanEval and the results are sum-
marized in Table 5. We use the static (per-column) quantiza-
tion setting for these experiments.

With 8-bit weights and activation (W8A8), we can meet the
accuracy of a full-precision model on HumanEval. However,
this accuracy drops by ≈ 4% with weights quantized with 4-
bits while activations remain quantized with 8-bits (W8A4).
We find that the model does not generate any meaningful
outputs when activations are quantized with 4-bits while the
weights remain quantized with 8-bits (W8A4), indicating
that the model is more sensitive to activation quantization
than those of the weights.

Table 5: Execution accuracy of CodeGen-2B model at different acti-
vation and weight precision settings on HumanEval. Here WxAy in-
dicates x-bit weights and y-bit activations.

pass@ 1 5

Full precision 20.91% 27.75%
W8A8 22.50% 29.59%
W4A8 18.54% 24.83%
W8A4 0.61% 1.39%

4.2.2 Quantizing Extremely Large Code Generation Models.
So far we have seen that appropriately designed quantization
techniques could preserve accuracy for models with medium
to large sizes (up to 6B parameters). Now we conduct an
extreme study with CodeGen-16B, one of the largest publicly
available code generation models.

From Table 6, one can observe that both dynamic and
static (per-column) quantization achieve competitive results
compared to the original model. For example, dynamic quan-
tized model (model size: 17 GB) could achieve similar pass@5
and slightly lower pass@1 compared to the significantly more
gigantic FP32 model (75 GB).

Result 2: Quantization models often suffer minimal
accuracy drop from the corresponding full precision
models making them potential design choices for im-
plementing Greener Code Generation models.

4.3 Robustness Evaluation (RQ3)
Motivation. It is well known that DL models are sensitive to
input perturbations [16, 19, 27, 41, 49]. In particular, a good
quantized model should not adversely impact the robustness
of a model, i.e., the original full-precision model’s robustness
should not decrease drastically after quantization.
Experimental Setup. To evaluate the effect of quantization on
a model’s Robustness, we evaluate both the original and the
quantized models on HumanEval [6] and MBPP [3] dataset
with perturbed inputs. In the NLP domain, researchers
propose different semantic preserving perturbations to in-
puts; e.g., mutating words with their synonyms [2, 9, 34]
or character-level mutations [13, 48]. We adapt similar tech-
niques in our context. In particular, we perturb the text in
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Table 6: Execution accuracy on CodeGen-16B and HumanEval.

pass@ 1 5

Full-precision 29.39% 39.02%
Dynamic Quantization 27.68% 39.63%
Static (per column) Quantization 26.40% 34.78%

Table 7: The percentage of the pass@1 drop on the datasets with
character-level (Ch), word-level (W), and sentence-level (S) pertur-
bations of prompt compared to the unperturbed ones.

HumanEval MBPP
Ch W S Ch W S

InCoder

1.3B
FP* 0.00 18.18 -9.09 30.00 35.00 8.33
D (T) 11.11 11.11 11.11 10.81 24.32 13.51
S (C) 0.00 18.18 0.00 40.00 30.00 7.50
S (T) 10.00 10.00 -10.00 31.58 23.68 15.79

6.7B
FP -7.69 30.77 7.69 24.68 25.97 10.39
D (T) 7.69 7.69 7.69 18.42 26.32 15.79
S (C) 0.00 7.14 14.29 9.59 19.18 -4.11
S (T) -7.14 14.29 -7.14 25.97 24.68 7.79

CodeGen

350M
FP 10.53 10.53 15.79 13.56 19.21 6.78
D (T) 15.79 15.79 5.26 17.72 13.92 7.59
S (C) 22.73 18.18 13.64 14.91 12.42 3.11
S (T) 33.33 23.81 14.29 13.16 14.47 5.26

2B
FP 12.82 15.38 20.51 7.99 9.27 6.39
D (T)) 29.73 32.43 27.03 6.79 11.79 -1.07
S (C) 13.16 23.68 18.42 10.03 15.53 7.12
S (T) 15.15 27.27 12.12 7.72 9.56 2.21

6B
FP 17.78 24.44 28.89 -0.85 4.55 0.28
D (T) 30.00 40.00 34.00 6.34 12.97 6.05
S (C) 20.93 20.93 16.28 6.96 8.36 -0.84
S (T) 15.56 28.89 20.00 6.10 9.01 2.62

*FP=Full-precision; D (T)=Dynamic (per-tensor); S(C)=Static
(per-column); S(T)=Static (per-tensor)

each prompt with three different types of perturbations re-
spectively (see Table 8):
(1) Character-level perturbations by changing randomly se-

lected characters to upper cases.
(2) Word-level perturbations by substituting randomly se-

lected words with synonyms from WordNet [28];
(3) Sentence-level perturbations by paraphrasing the whole

text with back translation [24, 38]. In specific, it trans-
forms the English docstring into German and then trans-
lates back to English.

For these three types of perturbations, we use the default
settings and implementations from a standard text perturba-
tion benchmark NL-Augmenter [8]. These perturbations are
designed such that the original semantics of the natural lan-
guage remains unaltered [15, 29, 51]. Then we measure the
average pass@1 with greedy sampling for each model on the
three perturbed datasets along with the unperturbed ones to
avoid randomness and better observe the robustness trends.

To measure the robustness of a model, we compute the
change in pass@1 results between perturbed and unperturbed

inputs. For each type of perturbation, we compute the per-
centage change across all the inputs in a dataset, as: %Δ =
pass@1unperturbed−pass@1perturbed

pass@1unperturbed
.

Table 7 reports the results. The lower the value of Δ, the
better the robustness of a model. A negative drop means the
model performs better with perturbed inputs.
Observations. The results show that, overall all the quantiza-
tion methods, including per-tensor dynamic, per-tensor static,
and per-column static, have comparable robustness perfor-
mance w.r.t. the corresponding full precision model. In cer-
tain cases, in fact, quantized models perform better (as shown
in red). On average across all model types and perturbations,
full precision, per-tensor dynamic, per-tensor static, and per-
column static quantized models have 13.27%, 15.92%, 12.91%,
and 13.33% percentage of the drops on MBPP and Hu-
manEval datasets. Models quantized with static per-column
overall have slightly better robustness performance compared
to the ones quantized with per-tensor quantized models.

We further compute per sample difference in pass@1 result
between a quantized and the corr. full-precision model using
Wilcoxon-Mann-Whitney test [10]—this confirms the differ-
ence between the two models is statistically insignificant.

Result 3: Quantization does not have any negative
impact on model’s robustness— a quantized model re-
acts to perturbed inputs very similarly as the corre-
sponding full-precision model.

4.4 Accuracy for Code Summarization (RQ4)
Motivation. Here we check whether the quantization tech-
niques studied so far are also applicable to other code-related
tasks. In particular, we chose code summarization, as it is
reversing the modality studied so far (NL for code).
Experimental Setup. Here, we use the finetuned PLBART and
CodeT5 models on the code summarization task (in Python)
released by the authors. Since CodeGen is not designed to
generate summaries given a code snippet, we do not use it
in the evaluation. In our early experiments, we evaluated
InCoder full precision models on this task based on the author
released code, but got very poor performance, therefore, we
do not pursue the model.
Observations: Table 9 shows the results. We observe almost no
drop in BLEU score for CodeT5 models with both Dynamic
and Static quantization. In comparison, while PLBART with
Dynamic quantization matches the full-precision performance,
we observe a performance drop with Static quantization. To
understand this performance degradation, we perform a quali-
tative comparison between these two settings. A few examples
are provided in Table 10. Overall, we observe that PLBART
with static quantization generates shorter summaries that af-
fect the BLEU score. However, the generated summaries are
semantically comparable to the full precision version.

Result 4: Quantized models behave comparably to the
corr. full-precision models for code summarization.
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Table 8: Example impact of word-level, character-level, sentence-level perturbations on full-precision and per-tensor dynamic quantized models.
The perturbed region is underlined.

Passing All TestsExamples Docstring Full-precision Dynamic (per-tensor)
Unperturbed Write a python function to determine whether all the numbers are different from each other are not. ✓ ✓

Character-level Write a python function to determine whetHer alL the numbers aRe different from each otheR are not. ✓ ✓

Word-level Write a python function to determine whether all the numbers are unlike from each other are not. ✓ ✓
S1

Sentence-level Write a Python function to see if all numbers differ from each other. ✓ ✓

Unperturbed Write a function to extract the index minimum value record from the given tuples. ✓ ✓

Character-level Write a function to extract the index miniMum vaLue record froM the given tuples. ✓ ✗

Word-level Write a function to extract the index minimal value record from the give tuples. ✓ ✓
S2

Sentence-level Write a function to extract the index minimum dataset from the given tuples. ✓ ✓

Unperturbed Write a function to print check if the triangle is equilateral or not. ✓ ✓

Character-level Write a function to print check if the triaNgle iS equilateral Or not. ✓ ✓

Word-level Write a function to print check if the triangle equal equilateral or not. ✗ ✓
S3

Sentence-level Write a function to check whether the triangle is equilateral or not. ✗ ✓

Table 9: Smoothed BLEU scores for code summarization.

Full- Dynamic Static Static
-precision (per-tensor) (per-tensor) (per-column)

PLBART 17.02 17.00 (-0.02) 14.96 (-2.06) 15.19 (-1.83)
CodeT5 19.50 19.44 (-0.06) 19.27 (-0.23) 19.30 (-0.20)

Table 10: Qualitative comparisons of summaries by PLBART in full-
precision and static quantization.

Full-precision Static (per-tensor)

Copy an entire table to a tempo-
rary file.

dump the contents of a table to a
temporary file

Recursively make all intermediate
directories and subdirectories.

helper function to make intermedi-
ate dirs

Downloads a video by its id and
title.

download by vid

Generate RST API documentation
for a module.

Generate the documentation for
the given module.

5 THREATS TO VALIDITY
The main threats to the validity of our conclusions are ex-
ternal, relating to the generalization of our findings, to both
other types of compression techniques and to other ML-
powered code related tasks. First, as discussed in Section 2,
quantization-based compression techniques are mostly suit-
able for usecase as a typical developer may not have resources
to retrain the model from scratch using other compression
methods. Second, we focus on mostly generative tasks, and
thus study code generation (NL-to-code) in detail. To evalu-
ate the generalizability of our findings, we also investigate the
effect of quantization on code summarization (RQ4). Finally,
we have other threats including studying each of these tasks
on two models and two dataset respectively. However, these
are state-of-the-art open source models and data widely stud-
ied in the literature. We further studied the different sizes of
these models. We evaluated on perturbed data (RQ3) which
also gives us confidence on the stability of our results. Be-
sides, all the other quantization-related parameters used in
the experiments are empirically evaluated. We also report

the most stringent measurement (pass@1) to reduce any mea-
surement bias.

6 CONCLUSION
Code Generation models based on large PLMs have set the
new state-of-the-art in generating functionally correct code
given natural language description. However, the sizes of
these models could be prohibitively large (e.g., billions of
parameters), which can cause problems for green AI and re-
sponsible AI. Therefore, developing approaches towards im-
proving model efficiency yet preserving their powerful gen-
eration capability is of great practical importance. In this
paper, we address this problem by developing a quantization-
based recipe for such models. We demonstrate the efficacy of
proposed methods in terms of greenness, accuracy, and ro-
bustness. As future work, we would like to investigate the ef-
ficacy of quantization for more code intelligence applications,
such as code search, code editing, and code translation.

DATA AVAILABILITY
The data presented in this paper is based on open-source
models and on publicly available datasets, and therefore
reproducible. The information required to reproduce the
results are in Section 3.2. The code used to generate the the
evaluation results is available at https://github.com/amazon-
science/recode/tree/fse_quantization.
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