
Domain Adaptive Code Completion via Language
Models and Decoupled Domain Databases

Ze Tang1, Jidong Ge1∗, Shangqing Liu2∗, Tingwei Zhu1, Tongtong Xu3, Liguo Huang4, Bin Luo1

1National Key Laboratory for Novel Software Technology, Nanjing University, China
2Nanyang Technological University, Singapore

3Huawei Software Engineering Application Technology, China
4Department of Computer Science, Southern Methodist University, USA

{zetang, tingweizhu33}@smail.nju.edu.cn, {gjd, luobin}@nju.edu.cn, liu.shangqing@ntu.edu.sg,
xutongtong9@huawei.com, lghuang@lyle.smu.edu

Abstract—Large Language Models (LLMs) have demonstrated
remarkable performance in code completion. However, due to
the lack of domain-specific knowledge, they may not be optimal
in completing code that requires intensive domain knowledge
for example completing the library names. Although there are
several works that have confirmed the effectiveness of fine-tuning
techniques to adapt language models for code completion in
specific domains. They are limited by the need for constant fine-
tuning of the model when the project is in constant iteration.

To address this limitation, in this paper, we propose kNM-LM,
a retrieval-augmented language model (R-LM), that integrates
domain knowledge into language models without fine-tuning.
Different from previous techniques, our approach is able to
automatically adapt to different language models and domains.
Specifically, it utilizes the in-domain code to build the retrieval-
based database decoupled from LM, and then combines it
with LM through Bayesian inference to complete the code.
The extensive experiments on the completion of intra-project
and intra-scenario have confirmed that kNM-LM brings about
appreciable enhancements when compared to CodeGPT and
UnixCoder. A deep analysis of our tool including the responding
speed, storage usage, specific type code completion, and API
invocation completion has confirmed that kNM-LM provides
satisfactory performance, which renders it highly appropriate for
domain adaptive code completion. Furthermore, our approach
operates without the requirement for direct access to the language
model’s parameters. As a result, it can seamlessly integrate with
black-box code completion models, making it easy to integrate
our approach as a plugin to further enhance the performance of
these models.

Index Terms—domain adaptive code completion, retrieval-
augment language model

I. INTRODUCTION

Large language models (LLM) [1]–[5], have achieved state-
of-art performance in code completion, and some of them have
been successfully used as the auto-completion plugin (e.g.
GitHub Copilot [6] and ChatGPT [7]) in modern Integrated
Development Environment (IDE). Nevertheless, code in IDE
has distinctive domain-specific features, such as imported
third-party libraries and intra-project references. These fea-
tures can vary significantly across domains and are con-
tinuously updated. Thus, LLMs, which are developed for
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completing general code, may not perform well when applied
to new domains such as personal projects, as noted in prior
works [8]–[10].

A standard practice to adapt a pre-trained model to a new
domain (i.e., domain adaptation) is model fine-tuning [11].
By fine-tuning a language model on a new domain, the
model’s performance on that domain can be improved without
having to retrain the entire model from scratch. Nevertheless,
fine-tuning can be infeasible for large language models. For
instance, language models such as GPT-3 or GPT-4, are
often deployed as black-box systems. The black-box limita-
tion renders the parameters inaccessible to users, thereby
preventing them from fine-tuning. More importantly, domain-
specific features in code are subject to frequent changes.
This is due to the continuous development of projects and the
incessant updates of third-party libraries utilized in the code.
Consequently, the employment of fine-tuning for domain-
intensive code completion may not be a feasible option.

In recent years, a series of retrieval-augmented language
models (R-LM) [12]–[15] have emerged to address this chal-
lenge. The key ingredient of R-LMs is their ability to utilize
the domain database at test time without having to rely on
the information encoded in the model’s weights only. In these
models, the retrieval component first searches for nearest
neighbor examples in an external datastore (e.g., code from the
same project); then, the base model references these examples
during the prediction. One prominent example of such a
retrieval-based model is k-nearest neighbors language model
(kNN-LM), which predicts a token by linearly interpolating
the base LM’s output with a non-parametric nearest neighbor
distribution. This distribution is constructed by searching for
the k-nearest neighbors (kNN) in the datastore and weighing
them according to their distance to the current test context.
Notably, kNN-LM requires a large datastore that stores each
token in the domain and is sensitive to the manual-selected
interpolated weight for soft voting, making them challenging
to apply to code completion. Developers may not have the
resources or patience to find suitable hyper-parameters for their
own code.

In this paper, we introduce a plug-and-play auto-completion
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solution that does not need careful configuration, the k-nearest
mistakes language model (kNM-LM). Unlike prior R-LMs,
kNM-LM retrieves information from a separate database that
is decoupled from the language model. This is because the
weights in the language model already contain some content
knowledge about the program language, such as grammar and
built-in methods. Thus, storing this information redundantly in
the database would be both wasteful and meaningless. To over-
come this challenge, we split the domain knowledge into two
subsets: what the language model knows and what it doesn’t.
The latter is saved as a decoupled database, which is a subset
of the domain database that stores only tokens that cannot
be correctly predicted by the language model (i.e., mistakes
collection). Decoupling offers two primary benefits. Firstly, the
decoupled database requires less storage and search resources.
Secondly, the decoupled database and language model are
two distinct and non-intersecting systems. As a result, we do
not need to manually select the interpolated weight but can
leverage statistical approaches, such as Bayesian inference, to
automatically combine the database and language model from
a statistical perspective.

Specifically, we start by creating a datastore at the to-
ken level. This datastore only contains code tokens that the
language model fails to predict correctly. We then retrieve
tokens from the datastore that are most like the code being
completed and normalize them into a distribution. Next, we
adopt the error rate of the language model on the original
domain database as the prior probability and assess whether
the language model can predict the code tokens prior to the
completion position as new evidence (likelihood probability).
The posterior probability is then calculated and utilized to
merge the distributions obtained from the datastore and the
language model.

We conducted an evaluation of kNM-LM on intra-project
and intra-scenario code completion, revealing the performance
improvement in both CodeGPT and UnixCoder through our
proposed approach. We further performed validation on three
key aspects that could affect the user experience when using
kNM-LM as a code completion plugin. These included com-
pletion speed and space utilization, the performance in com-
pleting specific code types and completing specific API calls
from third-party libraries. Our experimental results demon-
strate that kNM-LM outperforms several baseline models
and is better suited for domain adaptive code completion
than other R-LMs. Additionally, kNM-LM does not require
access to the language model’s weights, making it suitable
for situations where only black-box access to the language
model is available. In summary, the primary contributions of
this paper are as follows:

• We propose kNM-LM, a retrieval-augmented language
model (R-LM), that can be used for domain adaptive
code completion without fine-tuning. All code, data, and
results can be found at our anonymous repository1.

1https://github.com/zetang94/ASE2023 kNM-LM

• Different from previous R-LMs, kNM-LM retrieves from
a decoupled database and uses Bayesian inference to
interpolate between the database and language model.

• Experimental results on intra-project and intra-scenario
code completion demonstrate that kNM-LM improves the
performance of both CodeGPT and UniXcoder.

• We also investigate potential issues that may impact user
experience when using kNM-LM as a code completion
plugin. Our results indicate that kNM-LM performs sat-
isfactorily across all considered factors.

II. BACKGROUND

A. k-Nearest Neighbors Language Model

k-Nearest Neighbors Language Model (kNN-LM) [15] is
a retrieval-augmented language model (R-LM), in which uses
a nearest neighbor retrieval mechanism to augment the pre-
trained language model, without any additional fine-tuning.
Given a sequence of tokens ct = (x1, x2, . . . , xt−1), autore-
gressive language models, such as GPT-3, estimate pLM (y|ct),
the probability distribution over the next token.
Datastore. Let fe(·) be the encoding function that maps a
context ct to a fixed-length vector representation computed
by the pre-trained language model. First, kNN-LM generates
the key-value datastore by running the encoding function
fe(·) over a corpus D. Typically, each key kt is the vector
representation fe(ct) of the context ct, and each value vt is
the next token xt for the context ct, as:

(K,V ) = {(fe(ct), xt)|(ct, xt) ∈ D} (1)

Inference. At test time, given the input context ct, the pre-
trained language model generates the probability distribution
over the next token pLM (y|ct) and the context representation
fe(ct). kNN-LM queries the datastore to retrieve k-nearest
keys according to a vector distance function d(·, ·). Then, the
model computes a softmax over the (negative) distances, which
gives a distribution over the next token:

pkNN (y|ct) ∝
∑

(kt,vt)∈D

1y=vt exp(−d(kt, fe(ct))) (2)

The prediction is then interpolated with the prediction from
the language model:

p(y|ct) = λpkNN (y|ct) + (1− λ)pLM (y|ct) (3)

where λ is a hyper-parameter that ranges from 0 to 1 and
needs to be carefully selected.

B. Bayesian Inference

Bayesian inference is a fundamental concept in probability
theory that allows us to update our beliefs about an event
considering new evidence or information. It states that the
probability of a hypothesis or event (A) given some observed
evidence (C) can be calculated using Bayes’ rule:

p(A|C) ∝ p(A)× p(C|A) (4)

where p(A) is the prior probability of A, p(C|A) is the proba-
bility of observing C given that A is true (the likelihood), and

https://github.com/zetang94/ASE2023_kNM-LM
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Fig. 1. The primary workflow of our proposed kNM-LM. A grey box indicates that this part needs to access the (black-box) language model.

p(A|C) is the posterior probability of A given C. Bayesians
consider θ = p(A) and use p(θ) to describe the distribution of
p(A). Specifically, if p(θ) = Beta(a, b), and event C indicates
that A occurs α times in N new observations. Then we have
the following conclusions:

Likelihood: p(C|θ) = θ(α−1)(1− θ)(N−α−1)

Posterior: p(θ|C) = Beta(a+ α, b+N − α)

Expectation: p(A|C) = E(p(θ|C)) =
(a+ α)

(a+ b+N)

(5)

III. APPROACH

The code completion task aims to predict the next token
or the next line of code given a known code sequence
ct = (x1, x2, . . . , xt−1). For domain-adaptive code comple-
tion, we assume that some in-domain code can be obtained
(e.g., code already written in current project or code from
other projects that are developed for the same application
scenario). Retrieval-augmented language models (R-LMs) can
be employed to enhance the performance of general (black-
box) LMs for completing domain-intensive code. The primary
workflow of our proposed method, k-nearest mistakes lan-
guage model (kNM-LM), is illustrated in Fig. 1.

Initially, we analyze the R-LMs from a statistical per-
spective (section III-A), discovering that manual selection of
combination coefficient in previous R-LMs can be avoided by
decoupling the retrieval module and LM. Next, we discuss the
construction of the decoupled retrieval database (section III-B).
During the inference phase, we separately predict the next
token probability using the LM (section III-C) and the retrieval
module (section III-D). Finally, we employ Bayesian inference
to combine the inferences (section III-E).

A. Analysis of R-LM from a Statistical Perspective

We initiate our discussion by defining two distinct events
associated with predicting the next token using LM:

Event E: The LM correctly predicts the next token of ct.
leftmargin=*

• Set notation: E = {xt| argmax(pLM (y|ct)) = xt}
• Description: The predicted token y with the highest

probability matches the ground truth xt.
Event E′: The LM incorrectly predicts the next token of ct.
leftmargin=*

• Set notation: E′ = {xt| argmax(pLM (y|ct)) ̸= xt}
• Description: The predicted token y with the highest

probability does not match the ground truth xt.
The primary goal of retrieval-augmented approaches is to
enhance the base LM’s performance through error correction.
Ideally, for tokens belonging to Event E, the retrieval module
should not impact the final prediction, allowing the predictions
from the LM to be utilized directly. Conversely, for tokens
belonging to Event E′, the retrieval module aims to “correct”
the erroneous prediction by searching for previously similar
mistakes made by the LM and using the corresponding ground
truths as predictions. The idea is similar to the way that
humans use a “collection of mistakes” to remind themselves
not to make the same mistake twice. We can use the total
probability theorem to formulate the retrieval-argument pro-
cess, as:

p(y|ct) = p(y|ct, E′ ∪ E)

= p(y|ct, E′)p(E′|ct) + p(y|ct, E)p(E|ct)
= pRetrieval(y|ct)p(E′|ct) + pLM (y|ct)p(E|ct)

(6)

From Equation 6, it is essential to decouple the retrieval
module’s abilities from the LM, as they predict tokens that
belong to distinct events. Previous R-LMs do not decouple
the retrieval module from the LM, necessitating the use of an
ensemble strategy [16] to combine their strengths. However,
the ensemble strategy requires manual and empirical determi-
nation of the combination coefficient. Inappropriate coefficient
may even lead to a decline in performance. By decoupling



the retrieval module, the combination coefficient p(E′|ct) can
be computed mathematically. Moreover, p(E′|ct) is associated
with both the domain-specific context and the LM, facilitating
the adaptation of code completion tasks with different LMs
across various domains. In the subsequent section, we will
discuss the construction of the decoupled database.

B. Step 1. Decoupled Database Construction

Given the known in-domain code D, we build the decoupled
database M as a key-value store. The values consist of tokens
associated with event E′, while the corresponding keys are the
embedded vectors of their preceding contexts:

M = {(fe(ct), xt)|(ct, xt) ∈ D, xt ∈ E′} (7)

Here, fe(·) denotes a function that maps a code sequence to
a fixed-length representation with dimension d. In CodeGPT,
for example, fe(·) might be the output of the last self-
attention layer. It is worth noting that the decoupled database
is considerably smaller than the one constructed in kNN-LM,
which saves storage space and search time. The reduction ratio
is inversely proportional to the LM’s error rate err in D, as:

p(E′) = err =
||M||
||D||

(8)

|| · || signifies the set size. Importantly, the error rate also rep-
resents the probability of event E′ occurring in D. Assuming
that the code to be completed are independent and identically
distributed (i.i.d.) with code in D, we can use the error rate
as the prior probability p(E′) at inference time.

C. Step 2. Inference with LM

Language models are treated as a black-box system in
our approach, as we do not need to access their parameters.
We input the code context ct into the LM and obtain the
probability of the next token pLM (y|ct). Additionally, we need
to acquire the embedded context vector fe(ct). All of this
can be achieved by utilizing the corresponding APIs provided
by the LM. For example, GPT-3 offers APIs that support
embedding context [17] and obtaining the probabilities of
next tokens based on the context [18]. After obtaining the
embedded code context, we use it as the key to search the
database.

D. Step 3. Inference with DB

We follow Khandelwal et al. [15] to generate the probability
of the next token from the datastore. With the embedded
context vector fe(ct) generated by the LM, the retrieval
module searches for keys similar to fe(ct) in the datastore
using k-nearest neighbors search. Similarity is defined by the
vector distance d(·, ·) (we employ Euclidean distance in our
experiments). The model then computes the distribution over
the retrieved results as follows:

pkNM (y|ct) ∝
∑

(ki,vi)∈M

1y=vi exp(−d(ki, fe(ct))) (9)

1 is an indicator function, which aggregates probability mass
for each vocabulary item across all its occurrences in the
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Fig. 2. Calculation of p(ct|E′). As the code context to be completed is
known, we leverage the LM to make predictions for each token within the
context and determine if the predictions are accurate. These new observations
can be used to calculate likelihood probability and to update the combined
beliefs of the LM and retrieval module. Noted that for decoder-only models
like GPT-3, this process does not incur additional computational costs.

retrieved targets, and probabilities for items not appearing in
the retrieved targets are set to zero.

E. Step 4. Combination of Inference Results

Combination of inference results from the LM and database
is achievable by utilizing Equation 6. Nevertheless, calculat-
ing p(E′|ct) directly poses challenges, as it represents the
probability about the subsequent token of ct, which remains
unknown. We employ Bayes’ rule to solve this, as:

p(E′|ct) ∝ p(E′)× p(ct|E′) (10)

The prior probability, denoted as p(E′), has been computed
using Equation 8. The likelihood probability p(ct|E′) repre-
sents the probability of observing ct given the event E′. This
likelihood probability indicates that the combination coeffi-
cient is also influenced by the code context being completed.
Given that we already know ct, for each token xi ∈ ct, we
can predict the token yi by inputting the context x0:i−1 into
the language model. If yi = xi+1, we label it as event E,
otherwise, it is classified as event E′. Bayesian analysis treats
these newly occurring events as new observations, and they
are utilized to update the prior probability.

In the context of parallel computing, our focus is on the
latest N − 1 observations within ct (can also be viewed as
N-gram assumption). For illustration, as depicted in Fig. 2,
we utilize yt−N−1:t−2 as the newly considered observations.
Assuming that event E′ occurs α times, then event E occurs
N − α times. The computation of the likelihood probability
p(ct|E′) is expressed as follows:

p(ct|E′) ≈ p(xt−N−1:t−2|E′) = p(E′)α(1− p(E′))N−α

(11)
From the perspective of Bayesian inference, p(E′) is not a
fixed number but a distribution represented by θ = p(E′).
Given that the distribution’s expectation equals to err (Equa-
tion 8), it is reasonable to consider p(θ) ∼ Beta(err ·N, (1−



err) ·N)2. With the new evidence on ct, we can deduce that
the conditional distribution p(θ|ct) ∼ Beta(err ∗N +α, (1−
err) ∗N +N −α). As a result, the calculation of p(y|ct) can
be formulated as:

p(y|ct) = λpkNM (y|ct) + (1− λ)pLM (y|ct)

λ = p(E′|ct) =
1

2
(
α

N
+

||M||
||D||

)
(12)

Equation 12 incorporates two hyper-parameters: k and N . In
this context, k is employed for the k-nearest neighbor search
to compute pkNM (y|ct), while N represents the number of
observations utilized for calculating the likelihood probability.

The values of α, ||D||, and ||M|| in Equation 12 are
determined by three key components pertaining to the com-
pletion process: the code context to be completed, the specific
language model utilized, and the chosen database. Specifically,
when the error rate of the LM on the database and code
context ct is elevated, λ is correspondingly large, leading the
combined approach to favor the prediction outcome of the
retrieval module. In contrast, when the model’s error rate on
the database and code context ct is low, λ is reduced, and
the combination strategy tends to rely more on the prediction
results generated by the LM.

IV. EXPERIMENTAL SETUP

To assess the efficacy of kNM-LM, we have formulated two
research questions: leftmargin=*

• RQ1: What is the performance of kNM-LM for intra-
project code completion?

• RQ2: What is the performance of kNM-LM for intra-
scenario code completion?

Furthermore, in relation to RQ1, we have explored the abil-
ity of kNM-LM to complete specific types of code. Regarding
RQ2, we have investigated the effectiveness of kNM-LM in
completing lines that involve Android API calls, along with
an ablation study.

A. Baselines

As our proposed kNM-LM is a retrieval-augmented frame-
work, for code completion, we choose two state-of-art pre-
trained models as the base model: leftmargin=*

• CodeGPT [1] is a GPT-based pre-trained model trained on
the CodeSearchNet dataset [20] for code completion and
generation tasks. Specifically, we use CodeGPT-small-
java-adaptedGPT2 for Java code and CodeGPT-small-py-
adaptedGPT2 for Python code.

• UniXcoder [2] is also pre-trained on the CodeSearchNet
dataset and utilizes cross-modal content from code. It
applies mask attention matrices with prefix adapters to
control the model behavior. As UniXcoder is a cross-
language model, we use UniXcoder-base for both Java
and Python code.

2The choice of the Beta distribution is informed by its flexibility and
suitability for modeling probabilities between 0 and 1 [19]. Additionally, we
assume equal significance of prior beliefs and new observations, leading us
to utilize the same N for the Beta distribution.

We also compare kNM-LM with other competitive retrieval-
augmented frameworks, including: leftmargin=*

• BM25 [14] is a block R-LM. It saves domain code
as a document datastore, then searches the datastore
to find code like the code to be completed based on
the BM25 [21] algorithm. Finally, the search results are
concatenated with the unfinished code and jointly fed into
the language model.

• ReACC [13] is also a block R-LM. Different from BM25,
it uses GraphCodeBERT [22] to train a retrieve model,
and then encodes the domain code into a fixed length
vector to store. ReACC only published their fine-tuned
retrieval model on Python language, we only use it for
Python language.

• Hybrid (BM25+ReACC) [13] is an ensemble approach
based on BM25 and ReACC. It combines search results
from both BM25 and ReACC, then uses the re-ranked
results to generate the next code token. Due to the need
of using ReACC, we only use it for Python language.

• kNN-LM [15] is a token R-LM, which saves each token
in the domains code into a key-value datastore, and use
kNN algorithm to retrieve similar code tokens.

B. Implementation Details

In order to enable comparison with model fine-tuning
(section VII-B), we employ the pre-trained Code-GPT and
UniXcoder models as the base models, rather than relying
on the black-box GPT-3 model. We utilize Elasticsearch for
BM25 algorithm. ReACC is implemented using the released
“microsoft/reacc-py-retriever” as the retriever model. Hybrid
uses the combination weight 0.9 from their original paper. In
the case of kNN-LM and kNM-LM, we set k (the number of
retrieved nearest neighbors) to 8 for RQ1 and 1024 for RQ2
and employ L2 distance as the distance function for neighbor
retrieval. We set λ to 0.1 and window size N to 8. In kNM-
LM, we let the retrieval module to participate in computing
the likelihood probability, if yi can be both correctly predicted
by the LM and the retrieval module, we just ignore this token.
Faiss-gpu [23] is used for accelerated k nearest neighbors
search, same as Khandelwal et al. [24].
Metrices Accuracy, representing the ratio of correctly predict-
ing the next token, serves as the evaluation metric for token
completion, while the metric for line completion involves
Exact Match accuracy (EM) and Levenshtein Edit Similarity
(ES) [25]. To ensure fairness in the analysis of time and
space complexity, all experiments are performed on a machine
equipped with 2 NVIDIA 3090Ti-24GB GPU cards.

V. RQ1: INTRA-PROJECT CODE COMPLETION

A. Study Design

Auto code completion plugins are widely used in projects
to streamline the coding process, with other files in the project
often containing helpful information for code completion.
Consequently, we have developed the intra-project code com-
pletion task. In this research question, we utilize Git commit
history to determine the creation time of various methods in



TABLE I
STATISTICS OF INTRA-PROJECT COMPLETION DATASET. (·) INDICATES

THE PROJECT’S COMMIT ID. THE TEST SET CONTAINS METHODS CREATED
FROM THE OLD COMMIT TO THE LATEST COMMIT.

Repo Name Database Test
Froyo Email 2.4M (56e48) 388K (56e48 → 508c9)
dropwizard 2.2M (04c45) 388K (04c45 → ad30b)
AmazeFileManager 1.9M (d01c5) 292K (d01c5 → 5c3cd)
rest-assured 1.8M (0c8f0) 274K (0c8f0 → 246ba)
logging-log4j1 1.4M (0d9e1) 353K (0d9e1 → e5c56)
feign 1.3M (6989b) 140K (6989b → d42fc)
requery 1.3M (a3f71) 164K (a3f71 → 1d6fa)
eureka 1.2M (22528) 184K (22528 → fc4e0)
galaxy 1.2M (0ed70) 166K (0ed70 → 8fcc6)
interview 1.1M (ed0d5) 164K (ed0d5 → 94be5)
android-priority-jobqueue 592K (0287d) 69K (0287d → f807c)
lottie-android 541K (c32f1) 88K (c32f1 → 42b48)
xUtils3 472K (0d10d) 35K (0d10d → 4f3c3)
Fragmentation 408K (0e972) 59K (0e972 → d5e79)
VirtualAPK 308K (e6174) 15K (e6174 → 01b73)
spring-boot-starter 181K (f0951) 16K (f0951 → a634e)
DiscreteScrollView 147K (49671) 15K (49671 → 9d979)
flow 108K (489b2) 18K (489b2 → 06eb0)
hover 259K (7e95c) 14K (7e95c → 03e44)
StickyHeaderListView 117K (00265) 6K (00265 → b871c)

the project. We then select the project snapshot at a specific
commit as the basis for the written code used to build the
database. Methods created after that commit serve as a test
set to evaluate the performance of different approaches.

B. Dataset

We compile an intra-project code completion dataset by
collecting 10 large projects (over 1M in size) and 10 small
projects (under 1M in size) from the test set of Java-mid [26].
The dataset’s statistics are displayed in Table IV-B. Following
the approach of Bogomolov et al. [9], we gather the Git history
for each project and extract all method creation commits using
Miner [27]. These methods are sorted by commit time, and we
select the commit at which the first 80% of methods have been
created. The project snapshot at this commit is used to build
the database, while the remaining 20% of methods serve as
the test set. Then, we separately evaluate the performance on
each project.

C. Results

Token Completion Accuracy. As illustrated in Fig. 3, our pro-
posed approach, kNM-LM, exhibits a significant improvement
for all projects in the dataset. kNM-LM achieves the most
substantial improvement on the “hover” project, with a 26.67%
and 35.99% increase with CodeGPT and UniXcoder, respec-
tively. The trend of the curve indicates that larger projects
benefit more from using kNM-LM. This may be because large
projects contain more code in the database, making it more
likely to find useful information from the database. We also
observe that the performance boost gained by using the prompt
method (BM25) is inconsistent across different projects. In
some cases, it may be worse than the base model, such as with
CodeGPT on the “android-priority-jobqueue” project, where
it decreases from 52.03% to 51.84%. This discrepancy may
arise due to the absence of code in the database that closely
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Fig. 3. Token completion accuracy on intra-project dataset. The abscissa is
the project name, ordered from large to small based on the project size.

resembles the code requiring completion. When we merge the
retrieved result with the input and feed them into the language
model, there is a potential to introduce irrelevant noise that
does not contribute to the accurate completion.
Analysis of Completing Different Code Token Types. Lan-
guage models often face greater difficulties when dealing with
certain code token types. For instance, predicting identifiers
(such as variable or function names) is more challenging than
predicting keywords (like “if” or “for”). However, developers
primarily utilize code completion plugins to finalize intra-
project APIs [28]. Hence, we follow previous works [29]
to investigate the performance of models when predicting
different types of tokens. Results are presented in Table II.
From the results, we observe that all retrieval-augmented
models can enhance the code completion performance of the
base model in intra-project contexts, with kNM-LM showing
the most significant improvement. Specifically, for complet-
ing punctuation, which is related to programming language
syntax, kNM-LM improves the base models with increases
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TABLE II
TOKEN COMPLETION ACCURACY OF DIFFERENT CODE TYPES ON INTRA-PROJECT DATASET. NUMBERS ARE SHOWN IN PERCENTAGE(%).

Types Percent CodeGPT +BM25 +kNN-LM +kNM-LM UniXcoder +BM25 +kNN-LM +kNM-LM

Large Projects

All 100.00 54.59 56.12 58.69 69.66 53.11 59.16 57.46 68.96
Punctuation 34.56 64.97 66.74 68.10 86.07 67.24 73.40 70.70 84.90
Identifier 30.63 38.37 40.72 41.48 47.68 38.43 46.69 41.42 47.33
Operator 19.51 70.02 70.66 71.39 77.05 64.84 69.74 66.29 81.08
Keyword 8.02 49.96 51.17 53.82 56.97 28.96 34.46 32.21 46.51
Literals 7.28 39.87 38.67 59.08 76.54 41.36 42.01 63.87 75.86

Small Projects

All 100.00 53.71 55.10 56.59 66.70 51.00 56.92 54.05 64.19
Punctuation 37.30 63.86 65.39 67.38 85.57 64.77 71.70 68.01 85.05
Identifier 32.06 37.76 39.11 40.29 44.48 35.96 42.49 38.47 40.10
Operator 17.54 69.83 70.86 70.46 73.48 63.05 66.79 64.41 76.12
Keyword 10.55 48.92 50.12 50.00 55.62 32.01 37.19 35.09 43.19
Literals 2.56 27.44 29.84 48.26 74.59 30.09 30.96 45.87 72.29

TABLE III
STATISTICS OF INTRA-SCENARIO COMPLETION DATASET (API-BENCH).

PL Domain
#num of projects #num of functions
Database Test Database Test

Java

Android 292 85 53,646 29,211
ML 38 14 27,962 10,435

Security 42 16 14,202 4,698
Test 41 14 16,439 5,341

Python

DL 191 116 24,546 12,778
ML 165 159 23,990 20,533

Security 95 47 10,823 4,527
Test 57 22 4,761 3,303

ranging from 17.66% to 21.71%. For completing identifiers
and literals, which are project-specific components, the base
models are subpar. This supports our assumption that general
code completion language models lack domain-specific knowl-
edge. Using kNM-LM, the accuracy of completing identifiers
exhibited improvements of 9.31% and 8.90% in large projects,
and 6.72% and 4.14% in small projects, respectively. This
notable enhancement can be attributed to kNM-LM’s use of
project code as the retrieval database, allowing domain-specific
knowledge, such as custom functions and objects within the
project, to be incorporated into the LM.

▶RQ1◀ Results indicate that utilizing historical project
code with R-LMs improves intra-project code completion,
with kNM-LM exhibiting the most substantial improvement
across all projects compared with baselines.

VI. RQ2: INTRA-SCENARIO CODE COMPLETION

A. Study Design

Completing code across different scenarios necessitates
specialized knowledge, primarily manifested in understanding
and utilizing the specific third-party libraries. For instance,
mobile development code uses the Android library, while deep
learning code depends on the PyTorch library. However, large
language models may lack insight into the usage of these third-
party libraries, due to their proprietary or frequently updated
nature. In this research, we leverage projects that use the
same third-party libraries to build the code scenario database.
These projects contain scenario-specific knowledge, including

distinct API usage patterns. Then, we explore the potential
advantages of using this scenario database for intra-scenario
code completion. Furthermore, we evaluate the effectiveness
of completing lines of code that involve Android API calls.

B. Dataset

We utilize the API-Bench dataset [30] to facilitate code
completion within specific scenarios. This dataset encom-
passes four distinct code scenarios, involving both Java and
Python. In each of these scenarios, we employ the train set to
construct a datastore and then evaluate token completion using
the corresponding test set. For a comprehensive overview of
the dataset’s statistics, refer to Table III.

In addition, we curate an extra test set designed to evaluate
the effectiveness of completing lines containing Android API
calls. To achieve this, we leverage JavaParser3 to extract the
object type associated with the method call, filtering out API
calls from the Android library. Subsequently, we utilize the
code context preceding the API call to facilitate completion
of the entire code line, encompassing the API name and input
parameters. This dedicated test set comprises 49,344 lines
featuring Android API usage. Notably, the database employed
for this task is identical to the one used for token completion
within the Android dataset.

C. Results

Token Completion Accuracy. Results in Table IV suggest that
R-LMs do not consistently outperform the base LMs in intra-
scenario completion task. For example, in Java, BM25 has
a negative impact on Android, ML, and Security. Similarly,
in Python, both BM25 and ReACC perform worse than the
base LMs across all four scenarios. While the Hybrid and
kNN-LM models show some improvement, their performance
gains are smaller than those observed in the intra-project
completion. This is mainly because code within the same
project is more similar than those in the same scenario [8],
making it harder for the retrieval-augmented approaches to find
useful code. On the other hand, kNM-LM shows a significant
performance improvement of approximately 6-12% compared
to the base LMs. This improvement can be attributed to the

3https://github.com/javaparser/javaparser

https://github.com/javaparser/javaparser


TABLE IV
TOKEN COMPLETION ACCURACY ON INTRA-SCENARIO DATASET (API-BENCH). NUMBERS ARE SHOWN IN PERCENTAGE(%). kNM-LM W/O BAYESIAN

USES THE MANUALLY SET λ LIKE kNN-LM [15], AND kNM-LM W/O NEW OBSERVATIONS USES p(E′) AS λ.

Models
Java Python

Android ML Security Test DL ML Security Test
CodeGPT 66.77 64.98 65.4 64.74 51.71 51.81 52.77 50.09
+BM25 66.75 64.28 63.92 64.08 49.96 49.94 50.27 47.14
+ReACC - - - - 49.92 49.98 50.45 47.71
+Hybrid - - - - 52.16 52.32 52.94 50.37
+kNN 69.88 67.68 68.14 67.12 53.65 53.76 56.83 53.98
+kNM 72.34 71.00 71.40 70.54 59.50 59.27 64.85 60.87
+kNM w/o Bayesian 69.38 67.45 67.86 66.90 53.46 53.58 56.59 53.66
+kNM w/o new observations 72.17 70.90 71.30 70.36 59.49 59.26 64.68 60.73
UniXcoder 67.75 67.65 66.80 65.65 59.53 59.77 63.01 60.30
+BM25 67.59 66.51 65.60 64.88 56.99 56.66 61.49 56.90
+ReACC - - - - 56.30 56.29 59.32 56.53
+Hybrid - - - - 56.10 56.41 59.76 57.20
+kNN 69.83 71.28 69.20 67.63 62.30 62.59 69.86 65.88
+kNM 74.86 76.08 74.84 73.12 67.03 67.02 75.56 70.09
+kNM w/o Bayesian 69.76 71.22 69.15 67.55 62.24 62.55 69.88 65.84
+kNM w/o new observations 74.83 76.10 74.70 73.07 67.07 67.07 75.56 70.09

decoupled database construction. Traditional R-LMs retain
all data when constructing the database, leading to the code
that use the specific API call not being retrieved due to
the few samples problem. In contrast, kNM-LM constructs a
decoupled database that only retains code that the LM cannot
predict accurately. This strategy increases the ratio of those
specific API calls that cannot be correctly predicted by LM in
the datastore, thus improving performance.

Ablation Study of kNM-LM. Table IV also includes an
ablation study on the use of Bayesian inference. Specifically,
two variants of the kNM-LM are evaluated: kNM-LM w/o
Bayesian, which relies on a manually set λ value, and kNM-
LM w/o new observations, which sets the prior probability
of p(E′) as λ. The results indicate that manually setting the
combination coefficient has the least favorable effect, while
employing Bayesian inference has the most favorable effect in
most cases. This is primarily because determining the optimal
λ value for different scenarios and LMs can be challenging,
while Bayesian inference can take into account the impact of
both the scenarios and LMs and dynamically adjust λ based
on the code text being completed.

Performance of Completing Lines that involve Android
APIs. Table V presents an experimental evaluation of complet-
ing lines containing Android API. The results show that the
performance of the basic LM is not satisfactory, as indicated
by the EM metrics of 5.99% and 2.74% for completion
of lines that contain Android API calls. However, the EM
metrics of kNM-LM are significantly improved, increasing
by 7.75% and 8.94%, respectively. Moreover, we utilize the
Venn diagram [31] to examine the precision of each model’s
completion on a per-method basis. The analysis demonstrates
that kNM-LM outperforms other models in terms of accuracy,
with 4,245 more accurately predicted code lines than all other
models combined.

TABLE V
PERFORMANCE OF COMPLETING LINES THAT CONTAIN ANDROID APIS.

CodeGPT UniXcoder
ES EM ES EM

Base 44.38 5.99 42.87 2.74
+BM25 44.65 6.02 42.77 2.71
+kNN-LM 48.48 7.91 44.79 3.40
+kNM-LM 54.10 13.74 49.59 11.68

TABLE VI
COMPARISON OF RESOURCE USAGE IN kNN-LM AND kNM-LM.

Model

Large projects Small Projects
Speed DB size Speed DB size

(tokens/s) (MB) (tokens/s) (MB)
CodeGPT 3063.40 - 1773.92 -
+kNN-LM 1242.25 780.48 990.71 156.78
+kNM-LM 1282.68 391.12 953.27 79.17
UniXcoder 2730.87 - 1625.89 -
+kNN-LM 1175.03 713.76 937.06 142.42
+kNM-LM 1252.48 428.96 948.49 86.85

▶RQ2◀ Utilizing code from the same scenario can improve
intra-scenario code completion, with kNM-LM exhibits
maximum enhancement. Also, Bayesian inference is impor-
tant in determining the optimal combination coefficient.

VII. DISCUSSION

In this chapter, our primary focus is on assessing the
effectiveness of kNM-LM from three key angles. As kNM-
LM is an improvement over kNN-LM, we begin by discussing
the distinctions between these two methods. Following this,
since the aim of kNM-LM is to enable domain-specific code
completion without the need of fine-tuning, we proceed to
compare it with fine-tuned models. Lastly, we conduct case
studies to provide concrete examples that validate the efficacy
of our proposed approach.



4

9 310

3543

0

24

2

1

0

10

1

0

653

00

359

5

0

5

00

11

000

2554

0000000000000000000000000000000000000

CodeGPT

+BM25 +kNN-LM

+kNM-LM

0

3 51

4245

0

7

8

1

0

3

2

0

266

00

104

1

0

31

00

18

000

1199

0000000000000000000000000000000000000

UniXcoder

+BM25 +kNN-LM

+kNM-LM

Fig. 4. Venn diagram of completing lines that contain Android APIs. It shows
the number of samples that are completed correctly.

A. Compared with kNN-LM.

Speed and Space Usage Analysis. Table VI demonstrates
that both kNN-LM and kNM-LM have a negative impact
on completion speed. However, even with the worst-case
scenario, the completion of 937.06 words can be achieved
within 1 second. As developers typically anticipate receiving
the completion results within 200 milliseconds [32], we think
that the impact on completion speed is not significant. Storage
space consumption, on the other hand, is a more signifi-
cant consideration. Both models require database storage, but
kNM-LM uses considerably less space than kNN-LM. In large
projects, kNM-LM saves 284.83MB and 389.36MB compared
to kNN-LM, while in small projects, it saves 55.57MB and
67.61MB. Given the significant performance gain from kNM-
LM, the additional storage space required is acceptable.
Influence of Hyper-parameters. We compare the perfor-
mance of kNM-LM and kNN-LM with varying hyper-
parameter settings for intra-project code completion. Results,
shown in Fig. 5, indicate that hyper-parameters have a sig-
nificant impact on the performance of kNN-LM. In contrast,
kNM-LM is less sensitive to hyper-parameters and achieves
good performance for most settings. Therefore, kNM-LM is
more suitable for domain adaptive code completion task, as
it can provide satisfactory results without the carefully hyper-
parameters configuration.

B. Compared with Fine-tuning.

We compared kNM-LM and fine-tuning on intra-scenario
code completion task, as presented in Fig. 6. We found that
fine-tuning is more effective than kNM-LM, but using kNM-
LM after fine-tuning can still lead to some improvement. It is
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Fig. 5. Influence of hyper-parameters settings in kNN-LM and kNM-LM.
The base LM is CodeGPT and the task is intra-project code completion. The
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combination coefficient λ, and kNM-LM needs to set the window size N .
The above two sub-figures are the results on large projects, and the below
two are results on small projects.

worth noting that fine-tuning may not be a practical solution
for domain adaptive code completion due to the continuously
updated domain features and the black-box constraint of LM.
In contrast, kNM-LM may be more suitable for individual
users to obtain personalized code completion service.

C. Qualitative Analysis.

In this study, we conducted a qualitative analysis on com-
pleting lines that contain Android API calls, presented in
Fig. 7. The study also included three examples that demon-
strated the capabilities of the models used. For instance, Ex-
ample ID=3877 showed that kNM-LM accurately completed
complex API names, which a general model without Android-
specific knowledge would fail to predict accurately. Example
ID=40542 demonstrated that kNM-LM accurately predicted
the API name and correctly filled in the corresponding in-
put parameters. On the other hand, the BM25 and kNN-
LM models failed to correct the API name and also incor-
rectly completed additional input parameters. Lastly, example
ID=45427 verified that kNM-LM can ignore irrelevant code
and accurately complete the intended code. In contrast, other
models were affected by irrelevant code, including file writing
semantics in the completed code.

VIII. THREATS TO VALIDITY

The first threat is related to the base LMs selected for the
experiment. To mitigate this threat, we chose two state-of-the-
art pretrained LMs, CodeGPT and UniXcoder, for the code
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completion task. We want to compare our proposed method
with fine-tuning, hence we do not use black-box LM systems,
such as Codex or ChatGPT. However, in section III-C, we
introduced how to use our approach in GPT-3 through API
calling. The second threat is related to the setting of the
domain database and test set on intra-project code completion,
as both use code from the same project. To mitigate this threat,
we use the Git commit history to split the code for building
the database and the code for testing, ensuring that the code
in the test set were developed after those in the database. The
third threat is related to the fact that we did not verify the
effect of ReACC and Hybrid on the Java language, as the
authors only released their pretrained models on Python. To
mitigate this threat, we chose to compare our approach with
BM25, which has similar performance compared to ReACC
and Hybrid as reported in their paper. Lastly, in the context
of intra-project code completion, our choice of the commit
point at which 80% of the code is already written introduces a
potential concern. This choice does not always reflect practical
scenarios, we intend to investigate the impact of varying the
size of the intra-project database in our future work. To ensure
transparency and enable verification by other researchers, we
open-sourced all our code, data, and experimental results.
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completion task. We want to compare our proposed method
with fine-tuning, hence we do not use black-box LM systems,
such as Codex or ChatGPT. However, in section III-C, we
introduced how to use our approach in GPT-3 through API
calling. The second threat is related to the setting of the
domain database and test set on intra-project code completion,
as both use code from the same project. To mitigate this threat,
we use the Git commit history to split the code for building
the database and the code for testing, ensuring that the code
in the test set were developed after those in the database. The
third threat is related to the fact that we did not verify the
effect of ReACC and Hybrid on the Java language, as the
authors only released their pretrained models on Python. To
mitigate this threat, we chose to compare our approach with
BM25, which has similar performance compared to ReACC
and Hybrid as reported in their paper. Lastly, in the context
of intra-project code completion, our choice of the commit
point at which 80% of the code is already written introduces a
potential concern. This choice does not always reflect practical
scenarios, we intend to investigate the impact of varying the
size of the intra-project database in our future work. To ensure
transparency and enable verification by other researchers, we
open-sourced all our code, data, and experimental results.

TABLE VII
QUALITATIVE EXAMPLES.

ID: 3877

// the ability of completing the complex API name.
public void setUpTheme ( ) {

Utils.setUpPopupTheme(context,settings);
actionBar=getActionBar();
actionBar.

UniXcoder: setupTheme(context, settings);
+BM25: setupTheme(context, settings);
+kNN-LM: . . . . . . ;
+kNM-LM: setDisplayHomeAsUpEnabled(true);
Ground Truth: setDisplayHomeAsUpEnabled(true);

ID:40542

//the ability of filling arguments.
private void drawBackground (Canvas canvas, float

fromX, float toX){↪→
int count = canvas.save();
canvas.clipRect(
fromX, (canvas.getHeight()-mStrokeWidth)/2,
toX, (canvas.getHeight()+mStrokeWidth)/2);

mBackgroundDrawable.

UniXcoder: drawBackground(canvas);
+BM25: drawBackground(canvas, fromX, toX);
+kNN-LM: drawBackground(canvas, count);
+kNM-LM: draw(canvas);
Ground Truth: draw(canvas);

ID: 45427

//the ability of ignoring long useless codes.
void createVideoThumbnail(String

thumbnailSaveDir,↪→
String originalPath,

int scale){↪→
Bitmap bitmap =

ThumbnailUtils.createVideoThumbnail(↪→
originalPath,

MediaStore.Video.Thumbnails.MINI_KIND);↪→
...
fileOutputStream = new

FileOutputStream(targetFile);↪→
bitmap.

}

UniXcoder: encode(fileOutputStream);
+BM25: write(fileOutputStream);
+kNN-LM: writePixels(0, 0, originalImageWidth);
+kNM-LM: recycle();
Ground Truth: recycle();

IX. RELATED WORK

A. Code Completion

Code completion can be divided into three categories based
on the code type to be completed: API name completion [33],
[34], variable name completion [35], [36] and arbitrary token

Fig. 7. Qualitative examples.

IX. RELATED WORK

A. Code Completion

Code completion can be divided into three categories based
on the code type to be completed: API name completion [33],
[34], variable name completion [35], [36] and arbitrary token
completion [29], [37]–[39]. API name completion aims to
complete API calls from a specific third-party library by
extracting API call sequence [40]. Variable name completion
recommends variable references from declared variables, using
data-flow graphs [36] or pointer network [35]. Arbitrary token



completion aims to complete arbitrary tokens in the code
sequence or the abstract syntax tree (AST) of code, using Tree-
based NN [41], [42], Graph NN [36], [43] or Transformer [44].
For example, CodeFill [29] improves GPT-2 [25] by predicting
the code type when completing the next token, while Gramm-
former [37] generates code completions with “holes” inserted
in places where the model is uncertain. Our approach belongs
to completing arbitrary token in code sequence.

Nowadays, many works begin to focus on code completion
in specific domains, such as test code [45], [46] or repository
level code completion [9], [47]. Our approach focuses on
domain adaptive code completion, which is a generic approach
that can adapt to different domains by switching the database.
It does not require access to the parameters of the LM, hence
can be used with black-box LLMs like GPT-4.

B. Retrieval-augment Language Model

Retrieval-augmented language models (R-LMs) utilize
retrieval-based techniques to improve the performance of LMs
and can be divided into two main categories: block R-LMs
and token R-LMs. Block R-LMs [12], [13], [48] are similar
to one-shot or few-shot learning [49], where one or a few
examples are retrieved from a database instead of being
randomly selected. Token R-LMs [15], [24], [50] retrieve
tokens from database and then combine the retrieved results
into the LM. Compared with block R-LMs, token R-LMs can
update retrieval results at the same time of generating new
tokens, hence our approach uses the architecture of token R-
LM. However, token R-LMs suffer from high storage costs and
require hyper-parameters selection to combine the inference
results from the database and language model.

Various approaches have been proposed to address the
limitations of token R-LMs. For example, kNN-Adapter [51]
uses a trained network to determine the combination weights.
To reduce the search cost, RetoMaton [52] uses the automaton
states to save search time, while AdaptRet [53] uses a trained
network to decide whether to use the retrieval module. GNN-
LM [50] selects similar texts and builds a contextual graph to
incorporate into the language model. In contrast, our proposed
approach does not require training or the addition of an
additional module. By decoupling the datastore and language
model, we can save the storage cost and utilize Bayesian
inference to select suitable hyper-parameters at the same time.

X. CONCLUSION

In this paper, we propose kNM-LM for domain adaptive
code completion. By utilizing the in-domain code to construct
the retrieval database, the language model can adapt to com-
plete code in target domain without fine-tuning. Specifically,
kNM-LM builds a decoupled domain database (saving only
tokens that the langauge model cannot predict correctly) and
employs Bayesian inference to combine the results from the
language model and the database. Experiments have shown
that kNM-LM achieves the best results on intra-project and
intra-scenario code completion tasks. Notably, our approach
does not require access to the weights in the language model,

nor does it require adding any additional neural network
modules, making it feasible for leveraging the black-box
language models on other domain-intensive code-related tasks,
such as code summarization [43], [54], bug identification [55],
localization [56] and repair [57]. To these ends, we make all
our code, data, and models publicly available.
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