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Large language model-based code completion has demonstrated excellent performance, but still encounters challenges
in capturing domain-specific knowledge for more precise completion within specific domains, i.e., domain-specific code
completion. Prior work has studied fine-tuning techniques or retrieval-augmented techniques for this task. Nevertheless, it
requires a lot of computational resources to fine-tune large language models (LLMs), and the cost can increase quadratically with
the model size. Retrieval-augmented techniques face difficulties in accurately and adaptively retrieving relevant information.
Moreover, considering that code completion tools work in real time, how to utilize large language models more efficiently
poses challenges.

To tackle these challenges, in this paper, we first conduct preliminary experiments and observe that the code completion
results of a small model fine-tuned within a specific domain complement those of a large model. Building on this insight, we
propose a collaborative framework to effectively combine large and small models for better domain-specific code completion.
Specifically, we fine-tune a small code model instead of a large model with the PEFT method, reducing the overhead of
fine-tuning. We utilize a well-designed classifier to facilitate the adaptive combination of distinct completion results. The
classifier relies on features in various dimensions, such as the similarity between the completed code and the context, and is
used to adaptively determine how to combine the tokens predicted by the large and small models for better code completion.
Evaluation results show that our approach achieves an average improvement in the exact match of 7.42% and 4.67% over
the state-of-the-art baselines in the intra-project and intra-domain code completion scenarios, respectively. Furthermore,
compared to the state-of-the-art domain-specific code completion approach FT2Ra, the inference speed of our approach is
1.40 times faster, and the average space requirement drops from 25.98G to 13.69G. These advantages make our approach much
more accessible and efficient.

CCS Concepts: » Software and its engineering — Automatic programming.
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1 INTRODUCTION

Trained on extensive code sources, large language code models such as Deepseek-Coder [15], StarCoder [26,
32], CodeLlama [39], among others, have demonstrated strong capabilities and gained significant success in
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code completion tasks. However, the performance of these code models notably lags when completing code
within specific domains, i.e., domain-specific code completion, compared to general-purpose code completion
scenarios [8], as large code models struggle to capture and learn complex code patterns and dependencies within
specific domains [22].

Recent researches introduce fine-tuning [41, 58] and retrieval-augmented (RAG) techniques [17] to domain-
specific code completion tasks. Fine-tuned with code within the corresponding domain, the code models can
acquire sufficient domain-specific knowledge to perform the domain-specific code completion tasks effectively.
However, the conventional full fine-tuning technique requires updating all model parameters, resulting in a
substantial computational burden that scales quadratically with the size of code models [28]. RAG techniques aid
in domain-specific code completion by retrieving information that potentially contributes to better completion.
Retrieved information involving domain-specific knowledge is either provided as prompts to the code model,
with the expectation that the model will utilize these prompts to improve code completion/[8, 10, 43, 51] or
combined with the code models’ output to improve accuracy [16, 45]. However, RAG techniques face difficulties
in accurately and adaptively retrieving relevant information to guide code models effectively. Furthermore,
some existing RAG methods are sensitive to manually selected interpolation parameters [23] and require a large
database for retrieval, incurring significant storage overhead and non-negligible retrieval costs [45]. Moreover,
considering that code completion tools work in real time, how to utilize large language models more efficiently
poses challenges.

To tackle the above challenges, in this paper, we propose a collaborative inference framework that simultane-
ously utilizes a large model and a fine-tuned small model for domain-specific code completion, incorporating the
speculative decoding algorithm [25, 52]. We first conduct empirical experiments and observe that the outputs of
a fine-tuned small model can effectively complement those of the large models. Building upon the finding, we
leverage both a large model and a fine-tuned small model for domain-specific code completion. We fine-tune
a relatively small code model with the PEFT method [35], to further mitigate the overhead of the traditional
fine-tuning process of a large model. During code completion, we employ a well-designed classifier to effectively
and adaptively combine the completion results from the large and small models, without manually selecting
interpolated weights to combine the outputs of the models. The classifier relying on features in six dimensions,
involving the probabilities and logits generated by the code models and retrieved information such as the occur-
rence frequencies and similarities of the currently completed code within the code context and corpus, helps
combine the tokens predicted by the large and small models adaptively and effectively.

To demonstrate the effectiveness of our approach, we select the state-of-the-art domain-specific code completion
methods kKNM-LM [45] and FT2Ra [16] as baselines. We construct a new benchmark for intra-project and intra-
domain line-level code completion, without using datasets from previous studies, tackling potential data leakage
issues, as the large code models may already encounter the data during pre-training. The evaluation results on our
benchmark demonstrate that our approach outperforms the baseline methods on intra-project and intra-domain
code completion tasks. Specifically, our approach achieves an average exact match improvement of 7.42% and
4.67% compared to FT2Ra, and 9.13% and 5.57% compared to the large code model in intra-project and intra-
domain code completion tasks, respectively. We further evaluate the time and space overhead of our approach
and compare it with the SOTA method FT2Ra. The experiment results indicate that our approach achieves an
approximately 1.67 times faster inference speed than FT2Ra, and also exhibits a substantial reduction from 24G
to 1.3G of the space overhead. In addition, we perform an ablation study on the features selected for the classifier,
revealing that all the features are rational and effective, contributing to the accuracy.

In summary, our main contributions are as follows:
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Table 1. Results of Line-level Code Completion on Exact Match (EM) on Intra-Domain Datasets (%). Large denotes the base
Deepseek-Coder-6.7b model, Small denotes the fine-tuned Deepseek-Coder-1.3b-GPTQ model, Both denotes both the large
and small models complete the line correctly, Either or Both denotes either the large model, the small model, or both,
complete the line correctly, and Upper Bound denotes the upper bound of accuracy of combining the large and small models
at token-level.

Models Django Flask Spring Android
Large 4590 4595 4844 54.85
Small 40.66  43.57 42.40 48.32
Both 33.77  36.19 3854 44.59

Either or Both | 52.79 53.33 5230 58.58
Upper Bound 56.72 5690 55.94 60.45

e We propose a novel collaborative inference framework, which simultaneously incorporates the speculative
decoding algorithm and a well-designed classifier to enhance the performance of code completion. The
replication package can be found in our repository’.

e We introduce various features relevant to code completion tasks to facilitate the classifier to effectively
and adaptively integrate completion results from models.

e We construct a new line-level code completion benchmark, enabling the evaluation of intra-project and
intra-domain code completion across multiple programming languages-and domains.

e Experiments on both intra-project and intra-domain line-level code completion demonstrate that our
approach enhances the accuracy of code completion by effectively combining the completed code from
large and small models. In the meantime, our approach significantly reduces the inference time and space
overhead. Compared with the SOTA method, our approach achieves better performance with much less
time cost and space usage, enabling users to efficiently use LLMs for domain-specific code completion.

2 MOTIVATION

Fig. 1 presents a line-level completion case from Campus project within Spring domain. As the figure illustrates,
we need to complete the code to invoke the API of DictUtils. To implement this, we select deepseek-coder-
6.7b-base [15] as the large model and fine-tune deepseek-coder-1.3b-base-GPTQ [1] with the code corpus of
the corresponding project as the small model. We utilize the models to complete the line of code starting with
DictUtils, respectively. The completion results indicate that both the large model and FT2Ra [16], one of the
state-of-the-art code completion methods, generate incorrect API invocations, i.e., clearDictCache. The small
model, although correctly completing the setDictCache API, generates incorrect function parameters. However,
we find that if the correct API setDictCache is concatenated after the original code to be completed, the large
model can correctly complete the function parameters. Inspired by the motivating example, we hypothesize that
the large and small models have complementary capabilities in domain-specific code completion. For example,
the large model may not be able to accurately recommend domain-specific APIs, while the small model fine-tuned
with domain-specific data may be prone to overfitting.

To further verify the effectiveness of combining large and fine-tuned small models to improve accuracy, we
conduct preliminary experiments. In detail, we construct domain-specific line-level code completion datasets (see
details in Section 4.1) and evaluate the performance of both the large model and the fine-tuned small model. The
experimental results shown in Table 1 indicate that the 6.7b large model and the fine-tuned 1.3b-GPTQ small
model exhibit different performances in domain-specific code completion. Nevertheless, we can observe that the

Uhttps://github.com/skeetyu/Domain-Specific-Code-Completion
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Code to be completed:
@ Service

public class SysDictTypeServicelmpl implements SysDictTypeService {

@ Override
public int insertDictType ( SysDictTypeEntity dictType ) {
int row = dictTypeMapper . insert ( dictType )
if (row ><NUM_LIT>) {
DictUtils [to be completed]

Ground Truth: . setDictCache ( dictType . getDictType (), null ) ;

Large Model: . clearDictCache () ;

Small Model: . setDictCache ( dictType . getDictType () , dictDataMapper . selectDictDataByType ( dictType .
getDictType ()) ) ;

FT2Ra: . clearDictCache ( dictType . getDictType () ) ;

Code to be completed: (the setDictCache API is provided)

DictUtils . setDictCache [to be completed]

Ground Truth: (dictType . getDictType (), null ) ;
Large Model: (dictType . getDictType (), null ) ;

Fig. 1. Code Completion Examples

performance of the models complements each other. For instance, on the Django dataset, the proportion of cases
where both the large and small models make correct predictions is 33.77%. However, the proportion of cases
where either the large model, the small model, or both, correctly complete the code, reaches 52.79%, significantly
surpassing the EM achieved using a single model for completion. In other words, if we can select the correct
completion between the large and small models’ predicted results for each case, we can achieve substantial
improvement in completion accuracy. Moreover, by dynamically leveraging the complementary strengths of
both models at each token generation step, we can potentially achieve a higher upper bound of the EM metric.
For instance, we may tend to select the predicted results of the large model for general tokens and choose the
predicted results of the small model for domain-specific API tokens. As the experiment results present, if we can
achieve optimal token-level selection during code completion, it will yield an EM score of 56.72%.

In summary, the example and priliminary experiments demonstrate the complementarity between the large
and small models in code completion, encouraging us to explore how to combine their inference capabilities
during token-by-token completion efficiently. Therefore, we propose a collaborative inference framework that
concurrently leverages two models for code completion, incorporating a specialized classifier to combine the
predicted tokens of the models.

ACM Trans. Softw. Eng. Methodol.
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Fig. 2. The Primary Workflow of QOur Approach
3 APPROACH
Our work focuses on line-level code completion, which aims to predict the next line of code or complete the
current line of code given-a known code context ¢; = (x1, X2, ...,x;—1). During generation, the code model

generates x; based on ¢;, and then concatenates x; to form c;41, which in turn generates x;;. This process
continues iteratively until the completion of a line of code.

For domain-specific code completion, we fine-tune a small model for learning domain knowledge and combine
the small model’s predictions with the large model. The primary workflow of our approach is illustrated in Fig. 2.
We propose a collaborative inference framework based on the speculative decoding framework [24, 25] with a
large model and a small model, and train a domain-specific classifier to decide which model’s predicted token to
select.

Our approach consists of training and inference phases.

o In the training phase, we fine-tune a small model with domain knowledge (Section 3.1) and train the
domain-specific classifier (Section 3.2).

e During the inference phase (Section 3.3), we predict tokens of code using both the fine-tuned small model
and large model following the procedure of speculative decoding. Then, we utilize the outputs of both the
large and small models to invoke the classifier, which helps retrieve the final code completion.

ACM Trans. Softw. Eng. Methodol.
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3.1 Step 1. Fine-tuning small model

We fine-tune the small model using code within each domain to enhance its performance in completing line-level
code specific to the particular domain. The overhead associated with fine-tuning a smaller model with fewer
parameters is significantly lower compared to fine-tuning a large-scale code model [28].

Specifically, we utilize code from the training set (c.f. Section 4.1) to construct a fine-tuning dataset. We build
the fine-tuning dataset D = {(input,, output,), ..., (input,, Outputy)} (N denotes the total number of training
samples) by randomly splitting each code into input = ¢; = {x1,x2, ..., x;} and output = {Yrs1, Y42, - - -, Ys+L}-
The input is the code context, the output is the code to be completed based on the input, and L represents the total
number of tokens to be completed. We fine-tune the model with the next-token prediction task, where the next
token y,4; is predicted based on the existing token sequence, i.e., x1, X2, . .., X, Yps1s - - - » Yp41—1. The fine-tuning
objective is to minimize the cross-entropy loss:

N L
L0 == D5 D g oyl )
where Py denotes the probability distribution parameterized by the neural network with trainable parameters 6.

In addition, to further reduce the cost of fine-tuning, we choose to fine-tune the small model using the LoRA
(Low-Rank Adaptation) method [19], which is one of the state-of-the-art PEFT (Parameter-Efficient Fine-Tuning)
methods [35, 59]. Instead of full fine-tuning on all pre-trained model parameters, whose cost is very high and
expands as the size of pre-trained language models grows, PEFT methods enable efficient adaptation of large
pre-trained models to various downstream applications by only fine-tuning a small number of model parameters.
Previous studies have found that, compared with full fine-tuning, the PEFT methods do not affect the code
model’s performance much and may achieve comparable or higher performance than standard full fine-tuning in
several code-related tasks [28].

3.2 Step 2. Training Domain-Specific Classifier

We concurrently employ both the large model and the fine-tuned small model for inference to complete code
snippets. In cases where the completion results from the large and small models differ, we leverage the outputs of
both models to extract relevant information and features, which are then fed into a well-designed classifier to
determine which model’s predicted tokens to trust.

In this part, we first discuss the construction of training data for the classifier (Section 3.2.1. Then, we will
delve into the features extracted as inputs for the classifier (Section 3.2.2).

3.2.1 Data Collection. Before discussing our construction of the classifier’s training data, we define two distinct
events associated with predicting the next token using the large model and fine-tuned small model:

Event E: The fine-tuned small model predicts the next token correctly, and the large model predicts the next
token incorrectly.

e Set notation:

E = {arg max(ps(ys|c;)) = x; and argmax(p;(yile;)) # xi}

e Description: The predicted token ys with the highest probability from the fine-tuned small model matches
the ground truth x;, and the predicted token y; with the highest probability from the large model does
not match the ground truth x;.

Event E’: The fine-tuned small model predicts the next token incorrectly, and the large model predicts the next
token correctly.

ACM Trans. Softw. Eng. Methodol.
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Table 2. Features Collected in Our Approach

Dim Feature Definition
Probability PT The output probabilities of tokens generated by both the large and small model at
the position
Type ™ The type of word generated by the model at the position
Length LEN The length of both the currently completed line and the line preceding it
Frequency FW The frequency of occurrence of the currently generated word within the code context
FL The frequency of occurrence of both the currently completed line and the snippet
consisting of the preceding line and the currently completed line, within the code
context
Similarity ~ SIM The similarity of both the currently completed line and the snippet consisting of the
preceding line and the currently completed line, to the code context
Retrieval ~ RF The frequency of occurrence of both the currently completed line and the snippet
consisting of the preceding line and the currently completed line within the code
corpus
RS The similarity of both the currently completed line and the snippet consisting of the

preceding line and the currently completed line, to the code corpus

e Set notation:

E' = {argmax(p,(ys|c;)) # x, and arg max(p;(yi|c;)) = x;}

e Description: The predicted token ys with the highest probability from the fine-tuned small model does
not match the ground truth x;, and the predicted token y; with the highest probability from the large
model matches the ground truth x;.

The inputs for our procedure of data collection are various contexts like ¢;. We respectively utilize the large
and fine-tuned small models to accomplish code completion tasks, predicting the next token x; given the code
context c¢;. For tokens belonging to event E, we assume that the fine-tuned small model has acquired relevant
domain-specific knowledge, enabling it to complete accurately. For tokens belonging to event E’, considering that
the fine-tuned small model cannot correctly predict these tokens, while the large model can, we should strictly
follow the predictions from the large model when predicting these tokens. We ignore the examples where the
large and small models predict both correctly or incorrectly because these cases will not affect the correctness of
the final predictions. In cases where both models output correct results, there is no need to invoke the classifier
for decision-making. If both models predict incorrectly, generating subsequent tokens based on these errors,
regardless of which model’s prediction we accept, would be meaningless.

For each completion case that satisfies event E or event E’, we gather relevant information to form the output.
Specifically, we label one for those belonging to event E and zero for those belonging to event E’. We store
embedding, i.e., the input of the last layer in model architecture following [45], [16], which is considered to
contain useful information about the current completion. Furthermore, we extract various features based on the
outputs from both models (see details in Section 3.2.2) to help the classifier decide which token to choose. So far,
we construct the training data {(embeddings, features, label) } for our domain-specific classifier.

3.2.2 Studied Features. We extract features only when either the large model or the fine-tuned small model
predicts the next token correctly, utilizing the outputs from each model. These features reflect the model’s
confidence in the current prediction to some extent, helping us decide which model’s prediction to trust.

ACM Trans. Softw. Eng. Methodol.
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Overall, we analyze features related to code completion from six dimensions, which are Probability and Type
of the predicted token output by the code model, Length of the model’s generation or the code context, the
Frequency of occurrence of the currently completed results within the code context, and Similarity between
the currently completed results and the code context. In addition, we define a Retrieval dimension feature that
involves retrieving corresponding frequency and similarity values from the code corpus. Table 2 summarizes all
the features we investigate.

We investigate Probability feature, as the probability value provides insights into the model’s confidence in
its current predictions [55] and helps the classifier consider which model’s predicted token is more reliable. We
postulate that the higher the probability of the model output, the more likely that the predicted token will be
correct. Note that we collect not only the probability of the token generated by the corresponding model itself,
but also the probability of the token predicted by another model.

Regarding the Type feature, we classify the types of tokens generated by the models, considering that the
models exhibit different inference capabilities on tokens associated with different types [45]. For instance, previous
studies have demonstrated that code in specific domains follows unique naming conventions [5], which presents
a significant challenge in domain-specific code completion [22, 40]. In this circumstance, we assume that the
fine-tuned small model has a higher probability of successfully predicting such tokens, as the model has learned
sufficient knowledge. In detail, we classify tokens into six types, namely the empty type, numeric type, keyword
type, punctuation type, identifier type, and a special type. Specific tokens such as <EOS> (end-of-sentence) and
<EOL> (end-of-line), and tokens that can not be directly regarded as other types are classified as the special type.
Specifically, for each subtoken, we determine its type based on the type of the word formed by it. We determine
the type of each word as follows: we classify the words that are empty or start with numeric or punctuation
subtokens as empty, numeric, or punctuation, respectively. Each word starting with a letter is classified as either
a keyword or an identifier.

The last three dimensions of features, Frequency, Similarity, and Retrieval, measure the correlation between the
current completion and code within the domain. The intuition for investigating these features is that the code
to be completed often has some presence in the preceding code context, such as commonly used variables. The
higher the frequency and similarity of the completions within the preceding context, the more likely it is to be
the correct completion. Besides, a lot of research [29, 31, 51] has demonstrated the effectiveness of retrieving
similar code snippets to assist code completion models, allowing the code model to learn and mimic these similar
snippets for effective completion: Therefore, we measure the correlation between current completed results and
code within the domain, assuming that a higher frequency of occurrence or a higher similarity with the code in
the domain’s code corpus.indicates a higher likelihood of accuracy for the current code completion. In detail, for
the Frequency feature, we calculate the frequencies of occurrence for the currently generated subtokens, words,
and statements composed of all the current predicted words. Particularly, since a word may be composed of
multiple subtokens, when calculating the occurrence frequencies, we not only conduct a complete character
match for the entire word but also perform prefix matching based on the subtokens. Words that begin with the
target subtoken will be incorporated into the frequency calculation. For instance, when calculating the occurrence
frequency of the subtoken "Dict”, words such as "Dict” and “DictType” will all be included in the calculation.

For the Similarity feature, we utilize the BM25 similarity algorithm [38] to measure the relevance between the
current completion and the code context. In addition, we combine the last line of code context and the current
completion as one code snippet, calculating their frequency of occurrence and similarity with the code context.

According to the Retrieval feature, we extract features by retrieving from code in the training set, using
the current completion itself, as well as the combined code snippet with the preceding context. Specifically,
we calculate the occurrence frequencies and Jaccard similarity [21] scores with similar code snippets in the
code corpus to measure the similarity between the current completion content and the code corpus. It is worth
noting that different similarity predicates have varying strengths [57]. We use BM25 to more precisely measure

ACM Trans. Softw. Eng. Methodol.
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the similarity between the current completion results and the code context while utilizing Jaccard for a more
comprehensive retrieval within the corpus [4].

We also collect the Length of the content already generated by the model as an additional feature. The Length
feature reflects other features to some extent. For example, when the length of currently generated content
equals one, i.e., each model only outputs one token, the occurrence frequency feature of the currently generated
statements is the same as that of the generated tokens, resulting in redundancy.

3.2.3 Classifier Training. We train a multi-layer MLP neural network as the classifier using data collected
following the procedure described in Section 3.2.1. Specifically, for features like frequency, similarity, and retrieval,
we calculate the difference between the corresponding features from the large and small models and incorporate
them as inputs into the classifier. And for the embeddings and features of type and length, we directly feed them
into the classifier model because subtracting values of features like type is meaningless.

It is worth noting that our classifier will only predict which model’s predicted token to trust based on the
embeddings and features, and will not output the actual code. Therefore, even training a shared classifier for all
domains will not cause cross-domain code recommendation problems and is expected to improve generalization.

3.3 Step 3. Inference Phase

During the inference phase, we leverage the speculative decoding method to complete the predictions. Algorithm 1
generalizes the procedure to generate tokens from position ¢ to ¢ + [ — 1'at once.

In detail, we first utilize the fine-tuned small model to predict tokens autoregressively, given the context ¢; =
(x1,%2,...,x:-1). The small model outputs {(output,, y;),..., (output,;;_;, Yz+—1)} Where output, represents
the embedding (mentioned in Section 3.2.2) and logits output by the model; and y, denotes the token predicted by
the model.

Then we employ the large model to output in parallel based on tokens predicted by the small model, i.e.,
{(output;, y3),..., (output, ;, ., y; , )} Itis worth noting that here, the large model generates outputs simulta-
neously at [ positions, significantly enhancing the model’s inference speed compared to sequential generation.

After generation, we compare the predicted results of the large and small models and combine them with
the help of the classifier to choose which model’s predicted token to accept at each position. In detail, for each
position i, the small model outputs (output;, y;) and the large model outputs (output;, y;). When the small and
large models predict the same token, i.e., y; = y;, we naturally accept the token. Inversely, when the small and
large models output different tokens, we invoke the classifier to decide which model’s predicted token to trust.

Specifically, we first invoke a feature retriever, which takes output;, output}, the preceding code context, and
the code corpus as inputs to extract all the features mentioned in Section 3.2.2. We do not invoke the feature
retriever for every token, but only when the large and small models disagree on token predictions. Besides,
we do not execute the feature retrieval process in parallel, because some features depend on the verification
results of the prior tokens. After feature retrieval, the domain-specific classifier will make decisions based on the
embeddings and all the extracted features and output the corresponding label.

o If the label equals 1, we trust the small model’s prediction y;. Then we move on to the next position i + 1.

e Conversely, if the label equals 0, we reject the small model’s predicted token y; and accept y;. Then, we
discard all the remaining tokens to end the iteration, for all the remaining tokens [y, | k > i] are predicted
based on the rejected token y;.

Finally, we end up with all accepted tokens as the output of this iteration and repeat this process until the model
completes a line of code or the output length reaches the maximum limit.

Fig. 3 further depicts a running example of our code completion procedure. In this example, the small model
first generates tokens of <old>, <D>, <ict>, <Type>, and <=> autoregressively. Then the large model generates
tokens of <sys>, <D=, <ict>, <=>, and <=> in parallel, based on the input code context and the small model’s

ACM Trans. Softw. Eng. Methodol.
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Algorithm 1 Code Completion Procedure

Inputs: The small model M;, the large model M;, code context ¢; = (x1, xz, . .., X;—1), maximum draft length [,
the classifier M,
> 1. Sample [ tokens(y;) using M autoregressively
fori=ttot+I—-1do
output;, y; < Ms(x|c;)
Cr—cr+y;
end for
> 2. Sample [ tokens using M; in parallel
[output], yi|t < i <t+1I] & My(x|x1, ..., Xt-1,Yts - -, Yrei-1)
> 3. Verify tokens to get final outputs with classifier
fori=ttot+!—-1do
ify; =y then
> Accept the same token
continue
else
> Invoke classifier to decide which model’s predicted token to select
> Retrieve features when the large and small models predict different tokens
fi. f{ « feature retriever (output;, output;)
label < M.(f;, f)
if label = 1 then
> Accept y; predicted by the small model, then verify tokens of the next position
continue
else
> Accept y; predicted by the large model, then end current iteration
return [y;,...,yi—1] +y;

end if
end if
end for
> If all tokens generated by the small model are accepted
return [ys,. .., Yrs-1]

predictions. After generation, we invoke the classifier to verify the tokens on which the large and small models
disagree.

As Fig. 3 presents, we extract features and invoke the classifier for the first token, as the small model generates
<old> while the large model generates <sys>. Here, we accept <old> generated by the small model because the
classifier outputs a label of 1. Then we proceed to conduct verification on the subsequent tokens until we choose
the predicted token from the large model for the fourth token. At this point, we opt to accept <=> generated by
the large model and terminate this iteration. The final output obtained from this round of generation is “oldDict

»

4 EXPERIMENTAL SETUP
To assess the efficacy of our approach, we formulate the following research questions:

e RQ1: How does our approach perform in intra-project code completion?
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: : : End .
<old> <D> <ict> % <=> oo > Generated code: oldDict =
: 4 L
Label =1 : 3 Label =0
@ invoke classifier . Classifier
to make selection T : : T
features, features,
: i . ® retrieve features
Code — Feature Retriever
Database when y; #y';
y1:<01d> .::.A \3:<D> 7.=<ic 4 )/4:<TYP€>
¥ y'y=<D> y=<=
A
T T i
[ |
yi=<old> = y,=<D>  yy=<ict> y;~<Type> = ys=<=> yi=ssys> YL, 78 D=0y =Sie Y == Y=
output;  output, % output; | output, : outputs output, output', output's output', output's
Small Model Large Model
(finetuned) (w/o finetuned)
<s> V<old> L <D> L <ict> L <Type> ---fer---------moev > <s> <old> <D> <ict> <Type>
VoA VoA VoA LA
,' L \ . L J
Y
© generation autoregressively @ generation in parallel

Fig. 3. Running Example of Our Code Completion Procedure Described in Algorithm 1

e RQ2: How does our approach perform in intra-domain code completion?
e RQ3: How isthe time and space efficiency of our approach compared to the baselines?
e RQ4: How much does each feature contribute to the accuracy of the classifier?

4.1 Benchmark

To evaluate the performance of our approach in domain-specific code completion, we construct four intra-domain
and twelve intra-project code completion datasets by collecting open source projects on GitHub using the GitHub
Rest API [2]. We do not directly use the datasets constructed in previous works like [16], because the large
language models may have already encountered the data in these datasets during pre-training. The datasets’
statistics are displayed in Table 3, 4.

Projects Collection. To collect open source projects belonging to different domains, we select four domains, two
in Java and two in Python. For the Python language, we select Django and Flask, which are the most popular web
development frameworks. For the Java language, we choose Spring, as well as Android, which are both widely
recognized in the Java community. Spring is renowned as a popular web development framework, while Android
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Table 3. Statistics of Our Intra-Domain Code Completion Dataset

Domain #Projects Train Valid Test

Django 13 487 55 55
Flask 16 560 59 59
Spring 10 1863 215 215
Android 15 743 86 86

1 Numbers in the Train, Valid, and Test columns refer to
the number of code files in the corresponding set.

Table 4. Statistics of Our Intra-Project Code Completion Dataset

Project Train Valid Test Project Train = Valid = Test
Django-ninja-crud 50 6 6 CoinExchange 324 36 36
Django-vue3-admin 48 6 6 Ddd-boot 296 37 37
Falco 47 5 5 Eladmin-mp 196 21 21
Applio 57 6 6 WaEnhancer 81 10 10
Claude2-PyAPI 46 5 5 BiliSendCommAntifraud 72 8 8
Feedi 42 5 5 Accord 63 7 7

! Numbers in the Train, Valid, and Test columns refer to the number of code files in the corresponding set.

is recognized as a leading mobile development framework, each boasting a rich ecosystem of notable open-source
projects.

For each domain, we search and filter projects belonging to that domain. Specifically, for each domain, we
search for all corresponding projects where the domain keyword appears in either the name, description, topics,
or file of readme. Furthermore, we validate these projects from various perspectives to ensure they are reliable
projects within each specific domain.

e We manually inspect the code from each project to ensure that these projects use the relevant domain-
specific libraries.

e We filter out the projects created before February 1, 2023, ensuring the code selected has not been
previously learned by code models like DeepSeek-Coder, to mitigate potential data leakage.

e We exclude projects with fewer than 100 stars to filter out potentially low-quality projects.

e We remove projects with either too few or too many source code files, as projects with too few code files
do not provide sufficient domain-specific code dependencies [30], while projects with too many code files
may introduce bias and dominate the dataset [43].

We further remove the bottom 25% and top 25% of the projects based on the number of files within each domain,
aiming to balance the size differences among projects and mitigate bias.

Data Process. After collecting the projects, we process the code in each project and construct the corresponding
line-level completion test sets. First, we acquire non-empty Python or Java files from each project within different
domains. Code files of each project are partitioned into train, validation, and test data in approximately a ratio of
80:10:10 following prior work [34]. Specifically, we calculate the Jaccard similarity between code files within
the same project. If one code file in the test set has a Jaccard similarity of over 70% with another code file in the
training set, we consider them excessively similar and thus repartition them.
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To evaluate intra-project code completion, we select the top three projects with the highest number of files
within each domain, assuming that projects with a larger number of files and lines of code are more likely to
encompass more domain-specific knowledge. To evaluate intra-domain code completion, we combine the training,
validation, and test sets of each project in each domain to form the training, validation, and test sets specific to
each domain. Finally, we construct the line-level code completion test sets for each project or domain, following
instructions in prior work [3, 34].

4.2 Baselines

We compare our approach with the large and fine-tuned small models themselves, as well as the state-of-the-art
domain-specific code completion approaches FT2Ra and kNM-LM.

e FT2Ra [16]: It develops a retrieval-based method aiming to mimic genuine fine-tuning by adopting a
paradigm with a learning rate and multi-epoch retrievals.

o kNM-LM ([45]: It utilizes the in-domain code to build the retrieval-based database decoupled from the
code model and then combines it with the code model through Bayesian inference to complete the code.

Furthermore, since our approach implements a speculative decoding pipeline and employs-a trained classifier
to verify the sampling results of both large and small models, we also compare our work with other speculative
decoding approaches that utilize different verification strategies.

o Raw-SD [25]: The state-of-the-art speculative decoding studies employ probabilistic acceptance for small
model’s outputs. The method will accept predictions from the small model with a certain probability
calculated based on the discribution calculated by the large and small models. Once outputs generated by
the small model are rejected, the method will calculate a residual distribution based on the probability
distribution from the large and small models for resampling.

o Bild [24]: The Bild framework introduces fallback and rollback policies to leverage the large and small
models for collaborative inference. Its fallback mechanism determines when to employ the large model
for inference, and the rollback verification strategy rejects small model outputs when their distance from
the large model exceeds a predefined threshold.

4.3 Metrics

We evaluate our approach and the baselines on two metrics, EM and ES, following [16], which are widely used to
evaluate the performance of line-level code completion [9, 44]. Exact-Match (EM) counts the fraction of exactly
correct predictions and can most intuitively reflect the accuracy of different approaches. Edit Similarity (ES)
is a kind of edit distance and measures the similarity between the model’s prediction and the correct code. In
many cases, even if the code.model only predicts an approximate line of code, developers are willing to adopt the
prediction with modest edits.

4.4  Implementation Details

We choose Deepseek Coder [15], with a wide range of code models of different sizes, all capable of supporting code
completion tasks, as our base model. Specifically, we use the Deepseek-Coder-6.7b-base model as our large model
and fine-tune Deepseek-Coder-1.3b-base-GPTQ (Generative Pre-trained Transformer Quantization) version [1]
as our small model.

During the training phase, we fine-tune the small model deepseek-coder-1.3b-base-GPTQ on the train data for
each domain (for RQ1) or project (for RQ2), enabling the model to learn sufficient domain knowledge. In detail,
we use the LoRA method, one of the state-of-the-art PEFT methods, to fine-tune the small model. When training
the classifier, we use a two-layer MLP (Multilayer Perceptron) neural network as the classifier model.
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Table 5. Results of Intra-Project Line-Level Code Completion (%). large denotes the base Deepseek-Coder-6.7b model and
small denotes the fine-tuned Deepseek-Coder-1.3b-GPTQ model.

Large Small Raw-SD Bild kNM-LM FT2Ra Ours
Datasets EM ES EM ES EM ES EM ES EM ES EM  ES EM  ES
Django-ninja-crud 5437 8226 5340 81.74 4854 8049 5631 83.04 5534 8241 57.28 84.60 5825 84.74
Django-vue3-admin  36.26 75.82 3846 75.19 34.07 7422 3736 78.54 3626 7621 3846 7678 40.66 75.80

Falco 25.71 71.49 28.57 72.83 17.14 68.26 2571 7194 2571 72.00 2857 7137 3143 75.11
Applio 36.67 7531 38.89 74.58 28.89 7033 41.11 7627 3889 7652 40.00 7626 44.44 77.29
Claude2-PyAPI 38.97 77.29 4191 7591 41.18 74.01 4191 7572 3897 7657 36.03 7409 42.65 77.17
Feedi 2692 71.87 21.79 67.03 2692 6791 29.49 7181 2692 7138 2821 71.05 29.49 72.86
CoinExchange 48.03 83.67 47.64 81.18 44.09 79.47 50.00 83.60 48.03 83.82 47.64 84.21 50.79 84.15
Ddd-boot 43.68 81.62 36.02 7439 36.02 7697 44.06 80.80 43.68 81.61 44.44 81.77 46.74 82.95
Eladmin-mp 55.61 87.08 44.86 82.12 50.93 83.73 5748 87.02 56.07 87.17 57.48 8796 58.88 88.90
WaEnhancer 45.83 82.02 37.50 7581 3333 76.00 41.67 7811 4583 82.06 46.67 80.08 48.33 82.56
BiliSendCommAntifraud 47.66 83.19 39.25 79.36 4299 79.59 47.66 8130 48.60 83.99 45.79.  82.66 48.60 84.26
Accord 54.81 8298 38.46 7377 48.08 77.33 5192 80.36 55.77 82.96 49.04 82.50 55.77 83.13
Avg 42.88 79.55 38.90 76.16 37.68 75.69 43.72 79.04 4334 79.73 4330 79.44 46.34 80.74

To enable comparison with domain-specific code completion baselines; we utilize the existing code provided
by FT2Ra [16], with necessary adaptations to accommodate the Deepseek-Coder models. It is worth noting that
the implementation of KNM-LM leverages a GPU to accelerate retrieval, while FT2Ra does not. To conduct a fair
comparison with FT2Ra, we also use FT2Ra with GPU acceleration. As for the speculative decoding baselines,
we reimplement the verification strategies based on the algorithms described in these works. Specifically, for
Bild [24], to ensure higher generation quality, we set the fallback threshold to 0.6 and the rollback threshold to 2
according to the empirical findings in its paper.

5 EVALUATION RESULTS
5.1 RQ1 Intra-project code completion

In real-world software development, the intra-project code completion scenario is prevalent, assisting developers
in efficiently completing code within a specific project. In this research question, our goal is to evaluate the
performance of our approach in intra-project code completion and demonstrate the positive impact achieved by
fine-tuning smaller models to learn domain-specific knowledge and combining the sampling results of the large
and small models through our classifier.

Table 5 presents the performance of our method along with various baselines in intra-project code completion.
From the results, we can observe that our approach outperforms all the selected baselines in terms of EM,
demonstrating the effectiveness of our strategy in combining the sampling results of large and small models. On
average, our approach achieves a 9.13% improvement in the exact match (EM) compared to the large model and a
7.42% improvement compared to FT2Ra.

From the results, we can also observe that the performance of different methods varies across different datasets.
One possible reason may be attributed to the code structure within each project. With fewer code files in a
single project, the dependencies and connections between different code files are weaker, which in turn may
negatively impact the performance of retrieval-based methods. In contrast, our approach maintains a certain level
of accuracy by balancing the sampling results of large and small models through the utilization of our classifier.
Besides, our approach outperforms existing speculative decoding baselines that prioritize speed over accuracy.
Unlike their verification strategies, which typically favor the large model’s outputs, our method achieves higher
precision through our classifier-driven mechanism that balances different models’ outputs.
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To better illustrate that our approach can help the

large and small models complement each other, we Large Model Small Model
draw the Venn diagram of the number of test samples 0

that each approach can correctly handle in Fig. 4. For 13 53
convenience, we refer to the test samples that only the

large model or small model can correctly complete (i.e., 546

exact match) as potential samples. It can be observed

that our approach can correctly handle 76.3% (212/278) 164 48
of the samples and achieves better performance than

the large and small models. In addition, our approach 16

can correctly complete 16 samples that both the large

and small models fail to handle, bringing additional Our Approach

accuracy improvement. In these cases, the large and
small models both incorrectly predict some tokens,
but there is no overlap between the two token sets. By
accurately identifying the appropriate tokens predicted by the two models, our approach effectively addresses
these cases.

Furthermore, we calculate the average number of tokens generated by the large and small models to show
that the large and small models are complementary. In detail, we count the instances where token predictions
differ between large and small models, which therefore require classifier intervention. Specifically, we focus only
on the cases where either large or small models make correct predictions. Ultimately, we collect a total of 780
instances across all intra-project code completion datasets: In these cases, the large model correctly predicts
535 tokens, while the small model accurately predicts 245 tokens, further demonstrating the complementarity
between the large and small models.

Case Study. In Fig. 5, we present an illustrative example showing the advantages of our approach that combines
predictions of the large and small models. We can observe that only our approach completes the correct line,
effectively combining predictions from the large and small models with the assistance of the classifier. Additionally,
Fig. 6 depicts a scenario in which the large model and our approach complete the line. Despite this, both the
fine-tuned model and the FT2Ra method struggle with accurately completing the line due to training data bias
associated with the product_create function. In contrast, our method utilizes predictions from the large model,
supported by the classifier, toensure the correct completion of the line.

Analysis of Edit Similarity. In addition, in our evaluation results, an increase in the exact match does not
always imply an increase in edit similarity. This is because line-level code completion requires correctly predicting
multiple tokens. In cases where the base model fails to make successful predictions, our approach may rely on
the sampling of tokens from the small model at a certain position through the utilization of our classifier. The
subsequent completion is then based on this trusted token, which may deviate from the sampling results of the
base model, resulting in a decrease in edit similarity. However, this situation does not affect the exact match,
because the original completion results from the base model are already incorrect.

Fig. 4. Venn Diagram of the Exact-Match on Overall
Intra-project Code Completion

RQ1 Our approach outperforms the base model and selected baselines on datasets from various projects,
demonstrating that our approach, which combines the sampling results of the fine-tuned small model and large
model through a classifier, enables us to achieve superior performance.
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Code to be completed:
private String resolvePlaceholder ( String placeholder ) {
if (! placeholder . startsWith (PLACEHOLDER PREFIX ) && ! placeholder . startsWith ( SPEL_PREFIX ) ) {
return null ;
}
if (! placeholder . endsWith (PLACEHOLDER _SUFFIX )) {

return null ;

}

if [to be completed]
Ground Truth: (placeholder . length () <= PLACEHOLDER_PREFIX . length () + PLACEHOLDER SUFFIX . length ()) {
Large Model: ( placeholder . startsWith ( SPEL_PREFIX ) ) {
Small Model: ( placeholder . length () <= PLACEHOLDER_PREFIX . length () ) {
Our Approach: (placeholder . length () <= PLACEHOLDER PREFIX . length () + PLACEHOLDER SUFFIX . length ()) {
FT2Ra: ( placeholder . startsWith ( SPEL_PREFIX ) ) {

Fig. 5. Case Study for Code Completion on Spring-Ddd-boot Dataset

Code to be completed:

def product list ( request : HttpRequest ) :
products = Product . objects . all ()
template_name = "<STR_LIT>" if request . htmx else "<STR_LIT>"
return TemplateResponse ( request , template_name , context = { "<STR_LIT>" : paginate queryset ( request , products ) } ,)

def [to be completed]

Ground Truth: product_detail (request : HttpRequest , pk : int ) :
Large Model: product_detail ( request : HttpRequest , pk : int ) :
Small Model: produet_create ( request : HttpRequest ) :
Our Approach: product_detail ( request : HttpRequest , pk : int ) :
FT2Ra: product create ( request : HttpRequest ) :

Fig. 6. Case Study for Code Completion on Django-ninja-crud Dataset

5.2 RQ2 Intra-domain code completion

In this RQ, we evaluate the performance of our approach in intra-domain code completion. To achieve this, we
utilize datasets of domains introduced in Section 4.1 and construct line-level code completion datasets using
the test set from each domain, using the same method as in RQ1. Specifically, we select a fixed number of test
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Table 6. Results of Intra-Domain Line-Level Code Completion (%). large denotes the base Deepseek-Coder-6.7b model and
small denotes the fine-tuned Deepseek-Coder-1.3b-GPTQ model.

Large Small Raw-SD Bild kNM-LM FT2Ra Ours
Datasets EM ES EM  ES EM  ES EM  ES EM  ES EM  ES EM ES
Django 4590 7732 4033 75.10  38.03 72.03 4230 77.89  46.23 77.65  46.23 7754  49.84 79.22
Flask 4595 78.17 4333 7758  38.10 7427 4571 77.83  46.19 7828  47.14 7861 49.29 80.00

Spring 48.44 83.80 42.19 81.25 43.44 80.65 47.81 83.46 49.17 84.12 50.00 84.98 51.04 84.69
Android 54.85 85.43 48.88 82.18 48.13 82.06 52.80 84.44 55.04 85.50 53.17 84.79 55.41 85.59
Avg 48.79 81.18 43.68 79.03 4193 77.25 47.16 80.91 49.16 81.39 49.14 81.48 51.40 82.38

cases for each project in each domain to balance the proportion of test cases across different projects within each
domain.

The evaluation results are shown in Table 6. From the table, we can observe that our approach demonstrates
better performance than each baseline in each domain’s dataset. For example, our approach achieves (49.29, 80.00)
on Flask domain, while the pre-trained large model, kKNM-LM and FT2Ra<achieve scores of (45.95,78.17),
(46.19,78.28) and (47.14,78.61) respectively. On average, compared to FT2Ra, our approach achieved an av-
erage improvement of 4.67% of edit match on the test sets across the four domains, as well as a 5.57% improvement
compared to the base large model.

It is worth noting that the domain-specific code completion baselines do not consistently outperform the base
large model across all datasets. For instance, results on Android domain suggest that the EM score of FT2Ra
exhibits a slight decrease when compared to the base large model. The possible reasons for this are consistent
with our analysis in Section 5.1. Besides, this may be attributed to the substantial variations in code among
different projects within the Android domain, which may cause interference with the retrieval-based methods.
However, our approach effectively mitigates this issue by leveraging the sampling results from the large model
through the utilization of the classifier, ensuring base-level accuracy while achieving a slight improvement by
incorporating the sampling results from the small model.

RQ2 Our approach demonstrates remarkable performance in domain-specific line-level code completion tasks
by leveraging smaller models to enhance performance while maintaining base accuracy, outperforming the
base model and baselines significantly.

5.3 RQ3 Overhead Comparison

In this research question, we evaluate the overhead of our approach from both the time and space dimensions
and compare it with the state-of-the-art domain-specific code completion methods FT2Ra and kNM-LM. Our
evaluation does not include Raw-SD and Bild methods, because these approaches employ speculative decoding
that inherently trade off accuracy for faster inference speeds and do not employ retrieval augmentation. And
retrieval introduces non-negligible costs. Specifically, we conduct evaluations on the datasets from the four
selected domains and record the average time and space overhead. For consistency, all experiments are conducted
on a single NVIDIA A800 GPU.

Our evaluation results on the time overhead are shown in Table 7. To gain insights into each component’s
time costs, we evaluate our approach’s inference time breakdown, including latencies of the large model, the
small model, retrieval, and the classification model. As presented, our approach achieves a 1.4x faster average
inference speed compared to FT2Ra. Notably, our collaborative inference framework, incorporating speculative
decoding, achieves over 2x faster large-model inference compared to FT2Ra and kNM-LM, enabled by the parallel
generation of multiple tokens. Consequently, despite introducing non-trivial overhead from the small model’s
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Table 7. Time Overhead Comparison of Our Approach, FT2Ra and kNM-LM

Inference Breakdown / Case(s)
Large Model Small Model Retrieval Classifier

Approach | Train (min) Infer / Case(s)

Ours 41.8 1.06 0.7 0.27 0.002 2.03
FT2Ra 12.8 2.39 / 0.46 / 2.85
kNM-LM 14.0 2.43 / 0.28 / 2.71

Table 8. Space Overhead Comparison of Our Approach, FT2Ra and kNM-LM

A h Space (GB)
pproac Large Model | Small Model Classifier Datastore Overall
Ours 12.6 0.86 0.23 / 1.09
FT2Ra 12.6 / / 13.38 13.38
kNM-LM 12.6 / / 1.97 1.97

inference costs, our approach achieves overall superior inference speed compared to the selected baselines. Future
optimization of the model’s inference speed can further reduce the overall overhead.

Despite a faster inference speed, our approach requires a moderately longer training time. This demonstrates a
trade-off where we accept marginally longer training overhead to achieve improved inference efficiency compared
to FT2Ra and kNM-LM. However, we argue that model training is a one-time cost. Considering inference occurs
significantly more frequently than training, our approach’s faster inference speeds are beneficial in real-world
usage.

Table 8 presents our evaluation results on the space overhead. Our comparison focuses on disk storage costs,
including the storage costs of the small model and the classifier in our approach, and the storage cost of the
retrieval datastore constructed by FT2Ra and KNM-LM. We assume that the large model is deployed in the cloud,
given that 7B-scale or larger models require significant hardware resources for inference, and cloud deployment
of large models has emerged as the standard approach for efficiency and responsiveness [54]. Beyond that, our
approach requires only marginal storage for both the fine-tuned small model and the classifier model, resulting
in significantly lower storage overhead than FT2Ra, which requires storing a huge data store for retrieval.

RQ3 In comparison to the state-of-the-art domain-specific code completion baselines, our approach has an
advantage in inference time. Although the training overhead is higher, the infrequency of training makes this
overhead aceeptable. Moreover, our approach significantly outperforms FT2Ra in terms of space overhead.

5.4 RQ4 Ablation study of classifier

In this section, we conduct ablation experiments on each dimension of the classifier’s features to demonstrate the
effectiveness of our chosen features. Specifically, we select datasets from the four domains and construct the
classifier’s training and validation data using the respective training and validation sets within each domain. The
construction procedure follows the methodology described in Section 3.2.1.

To conduct the ablation experiments, we systematically remove one dimension of features at a time. We then
retrain the classifier based on the rest of the features using the collected training data and evaluate the accuracy
of the validation data.
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Table 9. Performances of the Features of Our Classifier

Features ours -PT -TW -LEN -FW -FL -SIM -RF -RS
Accuracy(%) | 78.31 76.67 76.84 77.75 76.89 75.05 77.37 77.15 77.89

Features -EMB -EMB-PT -EMB-TW -EMB-LEN -EMB-FW -EMB-FL -EMB-SIM -EMB-RF -EMB-RS
Accuracy(%) | 74.76 65.38 70.79 74.03 71.20 70.45 72.79 71.02 70.95

The results of the ablation experiments on our classifier are shown in Table 9. We record the average accuracy
of the classifier across all domains. From Table 9, we observe that each selected dimension of features makes
a certain contribution to the classifier. As presented, our classifier achieves an average accuracy of 78.31% in
the validation data of each domain, and removing any of these features results in a perceptible decrease in the
accuracy.

Among all the features, the removal of the EMB feature results in the largest decrease in the classifier’s average
accuracy, dropping from 78.31% to 74.76%. This is because the embedding feature constitutes a substantial portion
of the classifier’s input and carries rich, semantically processed information derived from the underlying code
model. Moreover, the synergistic integration of diverse features may yield substantial performance improvements
for the classifier. For instance, the embedding feature and the retrieval feature may exhibit complementarity, as
the embedding feature captures implicit semantic information, whereas the retrieval feature emphasizes explicit
similarities.

To verify the hypothesis and mitigate the dominant effect of the embedding feature, we conduct additional
ablation experiments by simultaneously removing both the embedding feature and the selected dimensional
feature. The experimental results in the second row of Table 9 demonstrate that simultaneously removing both
the embedding and specific features leads to a greater decrease in accuracy compared to removing only the
embedding feature, confirming that these features contribute positively to the performance of the classifier.
Specifically, the removal of both embedding and probability features results in a substantial accuracy decline,
with the classifier’s average accuracy dropping from 78.31% to 65.38%.

These results indicate that distinct feature dimensions exhibit varying degrees of contribution to the classifier’s
accuracy across different domains. Based on overall accuracy performance and cross-domain applicability, we
select these feature dimensions for our final implementation.

RQ4 Our classifier achieves.a notable level of average accuracy on the validation data. The ablation experiments,
where each feature is systematically removed, provide further evidence that our selected features are effective
and reasonable.

6 DISCUSSION

In this chapter, we primarily assess the effectiveness of our approach and suggest possible limitations of our
approach to domain-specific code completion based on our findings.

Model Selection. The selection of the large and small code models remains restricted, as our approach is based
on token-by-token completion, and the tokenizer’s vocabulary of the selected small and large models needs to be
consistent. In further research, we will aim to overcome this limitation and choose code models from different
families as small and large models.

We employ Deepseek-Coder-6.7B as the large model and do not select larger code models like Deepseek-Coder-
33B for experiments. Although larger models excel in general-purpose code completion, their performance in
domain-specific completion remains limited due to insufficient domain-specific knowledge [8]. Thus, the small
models fine-tuned on domain-specific datasets could also be complementary to large models, and our approach can
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Fig. 7. Average Retrieval Time and Count under Different Sequence Lengths on Spring Dataset

also be applied to larger models. On the other hand, employing larger models would either significantly increase
the inference latency [18] or require significantly more computation resources for deployment. Considering the
effectiveness-efficiency trade-off, the model with approximately 7B parameters is usually a good choice for code
completion [31]. Therefore, we argue that our model selection is reasonable. Future work may investigate the
effectiveness of our approach with larger code models, as well as investigate optimal integration strategies to
enhance overall code completion accuracy with an acceptable computational overhead.

Feature Selection. In our current approach, we have explored effective features from various dimensions to assist
the classifier in making decisions. Our ablation experiments (Section 5.3) have also demonstrated the effectiveness
of the selected features. However, during the experimental process, we discover that the contributions of different
features vary across datasets for different programming languages. Therefore, we may further explore and design
more useful features customized to the characteristics.of different' programming languages in future work.
Scalability Issue. Our approach retrieves various features based on the current completion during the token
verification stage and may encounter potential scalability issues when the sequence lengths for code completion
increase. Specifically, when the length of the current completion increases, the time cost of feature retrieval
may also increase accordingly. To investigate such scalability issues, we conduct experiments on the Spring
dataset, calculating the average feature retrieval time under different sequence lengths. The results are shown in
Fig. 7. As presented, the average retrieval time exhibits a linear growth trend with increasing sequence length. In
addition, the growth rate is relatively small, and the overall average retrieval time remains within an acceptable
range between 0.20s and 0.30s. Moreover, we count the frequency of feature retrieval operations across different
sequence lengths. As illustrated by the pink bars in Fig. 7, feature retrieval predominantly occurs at shorter
sequence lengths, with its invocation frequency decreasing as sequence lengths increase. Therefore, we believe
that as the sequence lengths increase, the total number of feature retrieval operations remains relatively stable,
and the overall time overhead for feature retrieval will not increase substantially. In summary, the experimental
results confirm that our approach maintains stable feature retrieval costs despite increasing sequence lengths
and is applicable in long-sequence completion scenarios.

7 THREATS TO VALIDITY

Internal validity. The internal threats to validity concern the implementations of baseline methods. For the
implementation of domain-specific code completion baseline methods FT2Ra and kNM-LM, we utilize the source
code provided by FT2Ra [16]. However, since the original implementation is incompatible with Deepseek-
Coder models, we slightly adjust the code to accommodate our chosen code model. As for the speculative
decoding baseline methods Raw-SD [25] and Bild [24], we implement their verification strategies within our
collaborative inference framework. We have double-checked the implementations of the baselines and inspected
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their experimental results to confirm the correctness of our modifications or implementations. Moreover, we
have provided their implementations in our repository for being inspected by other researchers.

External validity. One of the external threats is the selection of the base pre-trained code model. We choose the
Deepseek-Coder model, which has demonstrated excellent performance in code completion tasks [15], for our
experiments and evaluations. Although our framework can be easily extended to other pre-trained code models,
we cannot claim that our results are generalizable to arbitrary pre-trained code models. In future work, we plan
to investigate the effectiveness of our approach with other pre-trained models.

Another external threat is related to the generalizability of our method, considering the selection of datasets,
as there are differences between different datasets. To mitigate this threat, we select four distinct domains from
two different languages, Python and Java, following recent works [16]. However, our approach is independent of
specific programming languages, making it easily applicable to code completion tasks in other programming
languages.

8 RELATED WORK
8.1 Code Completion

The application of machine learning technology to accomplish various tasks in software engineering is increasingly
prevalent. Among these tasks, code generation tasks, including code completion tasks, stand out as a trendy
area [37, 50]. Code completion tasks aim to complete the subsequent code based on the existing code context,
closely simulating the daily work scenarios of software developers, and can effectively and significantly enhance
the development efficiency of software engineers. Currently, a lot of LLMs designed for code-related tasks, such
as CodeGeeX [56], StarCoder [26, 32], CodeLlama [39], Deepseek-Coder [15], etc., show strong code reasoning
abilities and have gained great success in code completion tasks. More specifically, code completion can be divided
into token-level code completion, which involves predicting the next token, and line-level code completion,
which requires completing an entire line of code with contextual information [37]. Line-level code completion
puts forward higher requirements for model reasoning ability, necessitating a higher accuracy for token-level
prediction. Many researchers have put forward different methods on line-level code completion [14, 20, 33, 36].
Compared to these works, our work focuses more on domain-specific code completion than general-purpose
code completion, focusing on domain-specific tokens that general code models can not predict correctly.

8.2 Domain-Specific Code Completion

Though LLMs perform excellent general code generation tasks, their performance degrades in domain-specific
code completion tasks due toa lack of domain-specific knowledge during the completion stage [8, 12]. The
conventional approach to adapting code models to specific domains is fine-tuning models. Shen et al. [40]
construct a specific dataset where variable names are transformed into semantic descriptions for training code
models, incorporating variable-related domain knowledge into code models. Ding et al. [11] and Shrivastava et
al. [42] fine-tune code models with both code context and relevant code snippets retrieved, which contain the
domain knowledge. These methods require meticulous task design to integrate domain-specific knowledge into
the model effectively.

In addition to traditional fine-tuning methods, retrieval-augmented generation techniques are widely applied to
domain-specific code completion tasks in various research studies. As code models have demonstrated excellent
performance in code comprehension, many methods [8, 29, 33, 51] leverage the proficiency of code models to
incorporate domain-specific knowledge retrieved for code completion as prompts, thereby achieving domain-
specific code completion. Chen et al. [8] train an external API knowledge inquirer to acquire potentially utilized
APIs, and Liu et al. [29] generate potential APIs through retrieval in an additional import statements generation
phase. Despite this, the code models still struggle to precisely extract useful information from prompts, which
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hinders accurate intervention in the model’s output through prompts. Compared to these works, our approach
does not rely on retrieved information as prompts but rather condenses the retrieved information into features to
assist our classifier in making decisions.

Furthermore, retrieval-augmented techniques have also been utilized to directly combine the retrieved content
with the output of the model for domain-specific code completion tasks [16, 23, 45]. Tang et al. [45] propose a
retrieval-augment kNM-LM framework based on kNN-LM [23], predicting domain-specific tokens by combining
the probability distribution from both the model’s output and that obtained through retrieval from an additional
datastore. Guo et al. [16] adopt a retrieval-based mechanism with multi-iteration retrievals to mimic genuine
fine-tuning for code completion. These methods require significant space overhead to store the datastore and
time overheads for retrieval, and are sensitive to manually selected interpolated weights. Compared to these
works, our approach employs a well-designed classifier to combine predictions from two distinct code models.
Our approach does not require complex interpolated weight settings and enables precise intervention in the
models’ outputs.

8.3 Collaborative Decoding

Collaborative decoding of large and small models leverages the strengths of both model sizes to improve
efficiency and effectiveness [53]. Recent studies [25, 48, 52] introduce the speculative decoding approach as a
collaborative decoding technique, aimed at enhancing efficiency. This method involves sampling draft tokens
from a small model and performing parallel verification of these tokens by a larger model. In the verification
process, traditional strategies tend to favor the inference capability of the larger model, either completely trusting
the larger model [52] or trusting it with a certain probability [7, 25, 49]. However, the traditional verification
strategy does not guarantee the highest generation quality, as the outputs of the larger model are not always
superior to the draft tokens generated by the smaller model [13, 47]. In response to the limitation, researchers
have started exploring alternative verification strategies. For instance, Kim et al. [24] devise the fallback and
rollback strategies, selectively choosing the sampling results from the smaller and larger models based on the
cross-entropy of their probability distributions. Unlike these traditional speculative decoding approaches that
merely rely on probability distribution alignment between large and small models for generation selection, our
approach implements a more comprehensive verification strategy through a well-designed classifier to enhance
the overall accuracy of code completion.

Recent researchers are also starting to complete tasks in the field of software engineering through collaborative
decoding. Liu et al. [27] propose an acceleration scheme through speculative decoding with semantic adaptive
tokens, enhancing the generation speed while maintaining nearly unchanged accuracy on code generation
tasks. Chen et al. [6] introduce a novel model cascading strategy, reducing computational costs while increasing
accuracy on code completion tasks. Different from these works, our approach focuses on domain-specific code
completion tasks and uses a classifier to orchestrate the collaborative decoding process of models. We do not
directly compare our approach with these works because [27] employs specifically configured adaptive tokens,
which cannot be directly transferred to our chosen DeepSeek-Coder model for fair comparison, and [6] requires
tests to guide the model collaboration, which does not apply to line-level code completion. Wang et al. [46] utilize
a local code completion n-gram model to compensate for code models’ domain adaptability with a classifier.
However, their classifier only takes into account the probability information from the model outputs, whereas
our classifier is designed based on various features specific to code completion tasks.

9 CONCLUSION

In this paper, we propose a collaborative inference framework incorporating the speculative decoding algorithm to
effectively combine the completion results of large and small code models with a well-designed classifier, for better
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domain-specific code completion tasks. The classifier utilizes various features from different dimensions, involving
probabilities and logits yielded by the models, occurrence frequencies, and similarities of the current completion,
among others, to facilitate decision-making to combine the completion results of code models adaptively and
effectively. We construct a new line-level domain-specific code completion benchmark to conduct evaluations.
The experimental results demonstrate that our approach outperforms existing state-of-the-art methods in both
intra-project and intra-domain line-level code completion by effectively combining the completed code from large
and small models. Furthermore, compared with the state-of-the-art domain-specific code completion method
FT2Ra, our approach achieves better performance, with a faster inference speed and significantly less space
overhead, making our approach much more accessible and efficient. The ablation study also reveals that all
extracted features for our classifier are reasonable and effective.
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