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Abstract

Retrieval-Augmented Generation (RAG) en-
hances code generation by incorporating re-
trieved code examples into prompts, but the re-
sulting long-context inputs impose substantial
memory and computational overhead. Existing
prompt compression techniques are largely de-
signed for natural language and fail to account
for the structural and semantic properties of
code, while also lacking fine-grained control
over compression ratios. We propose CODE-
PROMPTZIP, a code-aware prompt compres-
sion framework for RAG that enables precise
length control while preserving critical infor-
mation. Motivated by type-aware ablation stud-
ies, CODEPROMPTZIP leverages static analy-
sis to rank code tokens by information gain
and applies a dynamic compression strategy
to retain the most informative tokens under a
given budget. For incomplete or unparsable
code snippets, CODEPROMPTZIP employs a
language-model-based compressor trained on
analyzable samples and augmented with a copy
mechanism to preserve key tokens. Extensive
experiments on three code-related tasks demon-
strate that CODEPROMPTZIP consistently out-
performs entropy-based and distillation-based
baselines, achieving improvements of 23.4%,
28.7%, and 8.7%, respectively, while providing
accurate control over compression ratios.

1 Introduction

Retrieval-Augmented Generation (RAG) for lan-
guage models (LMs) (Lewis et al., 2020; Izacard
et al., 2023; Xu et al., 2024) has demonstrated
strong performance on knowledge-intensive tasks,
especially in the coding domain (Nashid et al.,
2023; Chen et al., 2024; He et al., 2024), by in-
corporating retrieved code examples into input
prompts. However, these long-context prompts
often span thousands of tokens, posing significant
challenges due to substantial memory requirements
(e.g., VRAM) and the high cost of processing long

inputs with proprietary LMs like GPT-4 (e.g., $2.0
per million tokens).

Prompt compression provides a promising ap-
proach to optimize LM utilization by retaining
essential information while reducing the prompt
length (Chang et al., 2024). Existing research has
shown significant success across a variety of natu-
ral language (NL) tasks, including language mod-
eling (Xu et al., 2024; Chevalier et al., 2023; Mu
et al., 2023), question-answering (Jung and Kim,
2024), and summarization (Jiang et al., 2023a; Li,
2023). However, no compression method has been
tailored for coding tasks. Moreover, current ap-
proaches lack the ability to offer flexible control
over compression ratios without understanding the
hierarchical importance of tokens. To address this
gap, we propose CODEPROMPTZIP, a type-aware
framework designed to compress code examples
effectively. By preserving the most informative
tokens within a specified length constraint, CODE-
PROMPTZIP ensures the retention of the necessary
information for RAG-based coding tasks while pro-
viding precise control over compression ratios.

Firstly, we use static analysis tools to perform
ablation analysis on specific token types (e.g., iden-
tifiers) in the code prompt, measuring their in-
formation gain (IG) (Raileanu and Stoffel, 2004),
defined as the increase in predictive uncertainty
(i.e., perplexity) in the base LM when a token type
is removed. Based on the resulting IG rankings,
CODEPROMPTZIP applies a dynamic compression
(DC) strategy to generate compressed code exam-
ples that recursively preserve the most informative
tokens while adhering to a specified length con-
straint. However, DC cannot be applied directly
to the large proportion of incomplete code exam-
ples (Yang et al., 2016). For instance, as shown
in Table 1, 51% of the code examples in Asser-
tion Generation were unparsable for static analysis,
primarily due to reliance on strict syntax rules for
token type identification.



To address this limitation, we propose using a
small LM (i.e., CodeT5+ (Wang et al., 2023b)) as
a compressor to handle unparsable code examples.
The LM-based compressor treats a code snippet
as a sequence of tokens without being constrained
by strict syntax, making the framework applica-
ble to incomplete code. However, there are two
main challenges to train the compressor: @ lack of
compression datasets for coding tasks. Existing ap-
proaches often repurpose summarization datasets
(Roush and Balaji, 2020) or rely on dataset augmen-
tation using powerful LMs like GPT-4 (Xu et al.,
2024). These approaches typically lack diverse
compression ratios and fail to account for code-
specific characteristics, such as type information.
@ cxtractive compression, where the compressed
code must be fully derived from the original code.

To address @), we leverage parsable examples
compressed with the proposed DS approach as the
training dataset. This method retains critical tokens
under varying ratio constraints, creating a diverse
and task-relevant dataset. To address @, we en-
hance the base CodeT5+ architecture with a copy
mechanism (See et al., 2017), which introduces a
copy distribution over source tokens to guide to-
ken preservation during decoding. Furthermore,
we extend the vocabulary by incorporating special
tokens (e.g., [Ratio]), allowing the compressor to
condition on specified ratios and adaptively learn
to compress code at varying levels during training.

We evaluated CODEPROMPTZIP by compress-
ing code examples in three RAG-based coding
tasks, i.e., Assertion Generation (Nashid et al.,
2023), Bugs2Fix (Lu et al., 2021), and Code Sug-
gestion (Chen et al., 2024). CODEPROMPTZIP
demonstrates improvements over both entropy-
based (e.g., Jiang et al. (2023a)) and distillation-
based baselines (e.g., Xu et al. (2024)). CODE-
PROMPTZIP achieves an improvement of 23.4%,
28.7%, and 8.7% over the best baseline for three
coding tasks, Assertion Generation, Bugs2Fix, and
Code Suggestion, respectively.

We make the following contributions:

* We first observe that different types of tokens
of code examples have varying impacts on the
retrieval-augmented code generation.

* Based on our observation, we propose a novel
prompt compression framework designed for
compressing code examples for RAG.

* For unparsable code examples, we developed

a copy-enhanced LM as the compressor to
compress code examples effectively and allow
compression ratio control.

* Through evaluation, we demonstrated that our
approach achieves significant improvements
over SOTA baselines and demonstrates gener-
alization across different base LMs and tasks.
We also make our code public'.

2 Related Work and Background

2.1 Related work

Prompt compression methods can be classified into
two types: soft prompts and discrete prompt com-
pression (Chang et al., 2024). Soft prompts learn
embeddings that encode instructions (Mu et al.,
2023) or documents (Chevalier et al., 2023). For
example, Mu et al. (2023) condense prompt instruc-
tions into reusable “gist” vectors, while Chevalier
et al. (2023) compress long examples into learnable
context vectors. However, soft prompts face lim-
itations in cross-model compatibility and require
gradient access to base LMs, making them imprac-
tical for proprietary LM services.

Discrete prompt compression improves com-
patibility with black-box or proprietary LMs by se-
lectively retaining informative tokens from the orig-
inal prompt. Notable works include entropy-based
and knowledge distillation methods. Entropy-
based approaches, such as Jiang et al. (2023a,b),
use small LMs to estimate the information entropy
of tokens. However, they evaluate information of
prompt tokens by generating that prompt rather
than the impact on the task output. Knowledge dis-
tillation methods use proprietary LMs to produce
compressed summaries, which are then employed
to train smaller LMs as compressors. For exam-
ple, Xu et al. (2024) trained a TS using GPT-3.5
as a teacher model, while Pan et al. (2024) utilized
a RoBERTa encoder to classify tokens for extrac-
tive compression guided by GPT-4 (Achiam et al.,
2023). However, these approaches face challenges
in ratio control and involve high costs because of
their reliance on proprietary LMs.

Recent work by Yang et al. (2024a) focuses pri-
marily on the natural language components of cod-
ing task prompts (e.g., docstrings) rather than on
compressing the code itself. However, code ex-
hibits unique characteristics, such as type infor-
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mation (Zhang et al., 2024), with different token
types encoding distinct symbolic and syntactic in-
formation. Code simplification methods such as
Zhang et al. (2022) assess token importance based
on attention weights; yet these approaches are non-
RAG and rely on attention information that is only
accessible in open-source base LMs. To the best
of our knowledge, we are the first to implement
prompt compression for retrieval-augmented code
generation.

2.2 Problem Formulation

Referring to Jiang et al. (2023a), we adapt and
redefine code prompt compression. For a cod-
ing task 7T, the input prompt is represented as
x = (x§ode .. , x50 xaues) - where x$°% corre-
sponds to the i-th code example, NV is the num-
ber of examples, and x4"®* denotes the associated
question. The goal is to compress each code exam-
ple xlc-Ocle to minimize token usage while preserving

essential information.

Formally, the compression process, Comp(),
can be divided into two cases based on the parsabil-
ity of the code examples. For parsable code, we
apply a static-analysis-based dynamic compression
(DC) method, and for unparsable code, we leverage
an LM-based compressor (LM¢):

~code

x5°% = Comp(T, Teode, ¥5°%) (1)
DC(x5°% T, if x°% is parsable,
- {EMc(x§°de,T), otherwise.
(2)

where Teoge = 1 — [X5°%]/|x5°%] is the compres-
sion ratio for a code snippet, with 7 representing
specific task contexts to account for variations in
token importance across tasks. With compressed
code examples, the overall prompt is shortened as:

x = CODEPROMPTZIP(x) (3)
= ({C’omp(T, Tcode7x50de)}i]i1,xques)

where the overall ratio is given by 7 = 1 — X /x.
As code examples account for the majority of to-
ken overhead in the prompt, 7.o4. can be regarded
as approximately equivalent to 7. The base LM
(BLM) using the compressed prompt X is expected
to closely approximate its generation with the orig-
inal x.

3 Motivation: Type-aware Information
Rank

Effective prompt compression should prioritize the
preservation of the most informative tokens in con-
text (Yang et al., 2024b; Li, 2023). In retrieval-
augmented code generation, this raises a key ques-
tion: how can we identify which tokens in code
examples contribute most to the final generation?
We employ static-analysis tools to selectively ab-
late specific token types from the context and mea-
sure the resulting change in predictive uncertainty
(i.e., perplexity (Kuhn et al., 2023)) in the base LM
to estimate their Information Gain (IG) (Raileanu
and Stoffel, 2004). The removal of token types that
cause higher uncertainty in BLMs indicates that
these tokens carry higher IG. Understanding the 1G
of code tokens thus provides a basic foundation for
efficient and informed prompt compression.

3.1 Type Ablation Analysis

We categorize tokens in code examples into five
types, following the taxonomy proposed by Wang
et al. (2024a):

* Symbol: Tokens representing operators, de-
limiters, and other symbolic elements that de-
fine the structure of the code (e.g.,=, {, ;,).

* Signature: Tokens defining the decla-
ration and parameters of methods (e.g.,
calculate(int x)).

* Invocation: Tokens related to function or
method calls, capturing interactions and de-
pendencies within the code.

e Identifier: Tokens that serve as variable
names, class names, or other user-defined la-
bels.

* Structure: Tokens associated with loops, con-
ditionals, and other flow control statements,
which dictate the logical behavior of the pro-
gram (e.g., if, for, while).

We construct Abstract Syntax Trees (ASTSs) us-
ing JavaParser (JavaParser, 2019) to identify token
types. For each type, we remove all corresponding
tokens from the retrieved code examples and then
perform RAG with the type-ablated examples to
measure their impact on BLMs’ predictive uncer-
tainty. The IG of type C is defined as its effect on
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due to code incompleteness are classified as Un-
parsable. Due to resource constraints, we ran-

IG(C) = C] (log PPL(y | x \ C) — log PPL(y | x)) domly sample 2,000 instances from both the valida-
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where PPL(y | x \ C) denotes the perplexity of the
base LM’s output conditioned on the type-ablated
prompt x \ C. We normalize IG by the number of
tokens ablated |C| of the ablated type to enable a
fair comparison across types of different sizes. We
compute PPL as

|yl
1
PPL(y | x) = exp( — = log P(y; | y<;, X)>

vl =
&)
The defination of IG indicates that the absence of a
type C' that leads to higher perplexity increases the

model’s uncertainty, implying that such tokens are
more informative.

3.2 Setup of Downstream Coding Tasks with
RAG

To comprehensively assess the impact of different
types of tokens, we evaluated them across three
datasets.

Dataset: (i) Assertion Generation (Nashid et al.,
2023): The input is a focal method (the method
under test) and its partial unit test, while the outputs
are assertion statements verifying its correctness.
(i1) Bugs2Fix (Lu et al., 2021): The input is a buggy
method, and the output is a refined version of the
method with the bugs fixed. (iii) Code Suggestion
(Chen et al., 2024): The input consists of a method
header (a summary of a function), and the output
is a suggested code snippet for the developer based
on the header.

Task Knowledge Base (Parsable) Test Val
Assertion 144,112 (70,433) 18,027 18,816
Bugs2Fix 52,364 (48,903) 6,545 6,546

Code Suggestion 128,724 (89,014) 10,727 5,149

Table 1: Dataset statistics of different coding tasks.

In all tasks, we utilize the code RAG prompt
template (Chen et al., 2024; He et al., 2024; Nashid
et al., 2023) (see Figure 1), and craft task-specific
instructions in a one-shot setting.

As listed in Table 1, we follow the original split
of the dataset into Training, Validation, and Test
partitions. The training partition functions as our
knowledge base for retrieval. Note that some code
examples that yield parsing errors in JavaParser

tion and test sets for this ablation analysis. Queries
from the sampled validation set are used to study
example importance, while queries from the sam-
pled test set are used to evaluate compression per-
formance in the remainder of the paper.

D trations: D
[START]

### FOCAL METHOD:
{method under test}

Demonstrations:

[START]
### BUGGY CODE:

[START]
### METHOD HEADER:

### UNIT TEST: {buggy method} {header}

{test method}

### Assertion : ### FIXED CODE: ## WHOLE METHOD:
{assertion statement } {repaired method} {body}

[END]

Query [END] [END]

[START] Query Query

### FOCAL METHOD :
{tested method}

### UNIT_TEST :

{test method}

### Assertion :

[START]
### BUGGY_CODE:
{buggy method}

[START]
### METHOD HEADER:
{header}

### FIXED_CODE :

### WHOLE _METHOD:

(a) Assertion Generation (b) Bugs2Fix (c) Code Suggestion

Figure 1: The illustration of different RAG coding tasks
alongside their respective prompt templates.

Base LMs: The in-context learning capabilities
of BLMs enable them to exploit query-related ex-
amples for more instruction-aligned outputs. To
assess whether token-type influence remains con-
sistent across models, we evaluated our prompts
on GPT-40-mini and CodeLlama-13B with tem-
perature set to O for stable results. We also tested
CODEPROMPTZIP on Gemini-1.0-Pro in the re-
mainder experiment, but perplexity could not be
computed on this BLM.

Retrievers: According to empirical studies (He
et al., 2024; Wang et al., 2024b), BM25 is recog-
nized as a SOTA open-source and unsupervised
retriever for coding tasks. Moreover, BM25 is
commonly utilized in baseline methods such as
Jiang et al. (2023b), Pan et al. (2024), and Xu et al.
(2024). Therefore, we also adopted the BM25 for
retrieving examples.

3.3 Observation

Figure 2 shows the IG rankings of token types
in descending order. The more informative types
should be prioritized for retention during compres-
sion. Notably, the hierarchical order remains con-
sistent across different BLMs, underscoring the
cross-model transferability of type-aware compres-
sion.
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Figure 2: 1G of code token types: e.g., Symbol > Invo-
cation in Assertion Generation, and vice versa in Code
Suggestion. IGs are task-specific yet model-agnostic,
applicable to both GPT-40-mini and CodeLlama-13B.

4 Methodology

As shown in Figure 3, CODEPROMPTZIP operates
in two distinct phases. In the training phase, given a
type-aware IG ranking for a task 7, we apply a dy-
namic compression to recursively preserve tokens
with informative types. This process transforms
(x¢°%€ 7.04e, T) into J?dee.

Although Algorithm 1 can directly generate
compressed code, its implementation relies on
JavaParser-based token labeling, limiting its ap-
plicability to unparsable code in the knowledge
base. However, as shown in Table 1, unparsable

code examples are prevalent in coding tasks.

To enhance applicability of CODEPROMPTZIP,
we train LM on a dataset constructed from
parsable examples. By processing code sequences
as probabilistic relations (Xu et al., 2024; Pan et al.,
2024) rather than strictly adhering to exact syn-
tax, LM enables our framework to handle both
parsable and unparsable code examples while tol-
erating compile and parse errors (Yadavally et al.,
2024).

In the inference phase, given a query and the
retrieved code examples, the handling of code ex-
amples depends on their parsability. Parsable code
examples are processed using dynamic compres-
sion, while unparsable ones are handled by seq-
to-seq LM . The compressed examples are then
aggregated into a prompt and passed to BLM s to
produce the final output.

Algorithm 1 Dynamic Compression

code

Input: Original code snippet with L tokens x§ =
{z;}}—1,and IG {v1,v2,..., v}, and a capacity W =
Teode * L.

Output: Compressed Code ¥5°%.

1: Initialize a dynamic programming table dp of size (L +

1) x (W + 1) with all zeros.

for i = 1to L do

dpli][0] + 0
for w = 0to W do
dp)[z] [w] < max(dp[i — 1][w], dp[i — 1][w — 1] +
Vi
6: end for
7: end for
8: Initialize an empty set selectedTokens.
9: w<+W.
10: fori = L to1do
11:  if dp[i][w] # dp[i — 1][w)] then

12: Add token 7 to selectedTokens.
13: w <+ w — 1.

14: end if

15: end for

16: return X5°% « selectedTokens.

4.1 Dynamic Compression of Parsable Code
Examples

Code example compression can be modeled as a 0-
1 knapsack (Zhang et al., 2022): the token capacity
is W = 7,04e - L, and the original code snippet has
L tokens. Each token has the unit weight and a cor-
responding IG (i.e., contribution to the final output).
We can either include a token in the “knapsack” or
discard it. The goal is to preserve tokens selectively
to maximize the total information gain.

We derive the type-aware information ranking
in the Motivation section. For in-type tokens, their
values are determined by their frequency, as high-
frequency tokens carry less information, following
information theory (Shannon, 2001). For exam-
ple, in Assertion Generation, we reassign integer
values, ranging from 1 to 5, to represent the five
token types for easy ranking. Among these, signa-
ture tokens are assigned the highest type value of
5. To incorporate frequency, if a signature token
appears with a frequency of 0.2, its value is calcu-
lated as the type value (5) plus the complement of
its frequency (1 - 0.2 = 0.8), resulting in a value
of 5.8. Conversely, another signature token with a
higher frequency of 0.8 would have a lower overall
value of 5.2. This approach enables a hierarchical
ranking that prioritizes tokens of informative types
while accounting for their token frequency.

To avoid prematurely discarding critical tokens,
tokens that belong to multiple types (e.g., method
signature tokens always include (), which serve as
both symbol and signature tokens.) are assigned
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Figure 3: Framework of CODEPROMPTZIP.

the highest value among their categories. For out-
of-type tokens (e.g., return), which do not belong
to any predefined category, we assign them a value
of max(values) + 1. This ensures that these tokens
are treated as the most critical and removed last
during the compression process.

To address the knapsack for code compression,
we adopt a dynamic compression approach (Algo-
rithm 1) using dynamic programming (dp) (Pfer-
schy, 1999) as follows: Initialization (Line 1): A
dynamic programming (dp) table is created to store
all intermediate solutions. dp|i][w] represents the
maximum information that can be obtained using
the first ¢ tokens within a capacity w. Recursive
Calculation (Lines 2-7): For each token ¢ and ca-
pacity w. The algorithm computes the recursive
solution by determining whether to include or ex-
clude the token. If included, dp[i][w] = dp[i —
1][w — 1] +v;. If excluded, dp[i][w] = dp[i — 1][w].
The optimal subsolution is the maximum of these
two choices. Backtracking to Select Tokens (Lines
8-13): An empty set selected’okens is initial-
ized to track the preserved tokens. Starting from
the last token, the algorithm includes the token
¢ if it contributes to the maximum value, updat-
ing selectedT okens accordingly. Output: The
compressed code example is constructed from the
selectedT okens.

4.2 L M_c-based Compression of Unparsable
Code Examples

To effectively compress unparsable code examples,
we adopt CodeT5+ (Wang et al., 2023a) as our
base model and introduce two key architectural
modifications. First, we extend the input vocabu-
lary with task-indicative tokens such as [ASSER-

TION], [BUGS2FIX], and [SUGGESTION], which
are prepended to the input sequence to explicitly
specify the task context. Second, to enable LM to
condition on flexible compression ratios 7,qe, We
introduce special tokens [Ratio], [/Ratio], [ Com-
press], and [/Compress]. These tokens guide the
compressor to generate code snippets tailored to
the given compression ratio and task requirements.

In addition, we integrate a copy mechanism (See
et al., 2017; Zhang et al., 2021) into the model
architecture. This mechanism allows the model
to directly copy tokens from the input sequence,
which aligns with the extractive nature of code com-
pression where outputs are derived largely from the
original code. Notably, these modifications are gen-
eral and can be applied to both encoder—decoder
and decoder-only transformer architectures beyond
CodeT5+.

We leverage cross-attention to estimate the copy
probability of source tokens. Specifically, attention
weights a are computed as:

-
o = softmax (Qde\cf{?m> 6)

where Q4. and K., are the query and key matri-
ces of the decoder and encoder, and d is the hidden
dimensionality. The resulting o guides the decoder
to focus on salient input tokens. The context vector
h* is then computed as:

h=a- Vene @)

where V., is the encoder’s value matrix. This
context vector dynamically summarizes relevant
input content at each decoding step. To decide
between copying and generating, we concatenate
h* with the decoder input z 4. and feed the result



into a linear copy layer to compute the generation
probability pgen:

DPgen = U(Wgen[h*; xdec] + bgen) (8)

where o is the sigmoid function, and Wy, bgen
are learnable parameters. Here, pye, denotes the
probability of generating a token from the vocab-
ulary, while 1 — pge, denotes the probability of
copying a token from the source using .

The final output distribution is then computed
as:

P(y) = pgenpvocab(y) + (1 - pgen)Pcopy (y)
©))
where P,ocqp 18 the vocabulary distribution and
Popy corresponds to the attention-based copy dis-
tribution. This mechanism not only directs the
decoder’s focus to informative tokens but also
enhances robustness in handling rare or domain-
specific identifiers.
The compressor is trained using the standard
cross-entropy loss:

T
L==> yilog(t), (10)
t=1
where y; is the ground-truth token at step ¢ and ¥
is the predicted probability of that token.

To construct fine-tuning data, we apply dynamic
compression to parsable code examples in the
knowledge base, generating compressed snippets
at varying ratios (7.oge from 0.1 to 0.9). Each ex-
ample is paired with its compressed counterpart,
and the dataset is split into training, validation, and
test sets in an 8:1:1 ratio.

5 Experimental Setting

5.1 Baselines

We compare our approach with four state-of-the-art
prompt compression baselines from two major fam-
ilies, as introduced in the Related Work section. 2.1:
(1) Entropy-based methods - LLMLingua (Jiang
et al., 2023a) and LongL.LMLingua (Jiang et al.,
2023b); and (2) Knowledge-distillation methods
- LLMLingua-2 (Pan et al., 2024) and RECOMP
(Xu et al., 2024).

5.2 Datasets and Metrics

We evaluated the performance of CODE-
PROMPTZIP on the same three coding tasks
described in the Motivation section with the
same prompt template. Assertion Generation is

measured by the Exact Match rate. Bugs2Fix is
evaluated using CodeBLEU (Ren et al., 2020),
consistent with the CodexGLUE benchmark (Lu
et al., 2021). Code Suggestion is also evaluated
using CodeBLEU.

5.3 Base LMs

CODEPROMPTZIP, a discrete prompt compression
approach, offers the advantage of generalization
across different BLMs (Xu et al., 2024; Jung and
Kim, 2024). Although our main experiments are
conducted on GPT-40-mini, we further evaluate its
generalization by testing on two additional BLMs:
CodeLlama-13B (Roziere et al., 2023) and the
proprietary Gemini-1.0-pro (Team Gemini et al.,
2024).

5.4 Implementation Details

To ensure consistent outputs, we set the tempera-
ture and top-p of BLM s to 0. The LM is trained
using the AdamW optimizer with a batch size of
16, a learning rate of 5 x 107>, and 1,000 warmup
steps over 10 epochs. All other settings follow the
default CodeT5+ configuration. All experiments
were conducted on a Linux server equipped with
four Nvidia RTX 3090 GPUs and 24 CPU cores.

6 Results

6.1 Comparisons with NL-specific Baselines

CODEPROMPTZIP consistently outperforms
baselines across the studied coding tasks. Table 2
summarizes the results of different approaches for
compressing retrieval-augmented prompts across
three coding tasks, evaluating metrics such as to-
ken count, 7 (overall compression ratio), and task
performance, with the best results reported. The
baseline approach without retrieved code examples
(w/o retrieval) or removing random tokens perform
significantly worse than approaches with retrieval,
highlighting the importance of RAG in enhanc-
ing BLM performance on coding tasks. CODE-
PROMPTZIP demonstrates improvements over both
entropy-based and distillation-based baselines, im-
proving by 23.4%, 28.7%, and 8.7% over the best
baseline for Assertion Generation, Bugs2Fix, and
Code Suggestion, respectively. Although uncom-
pressed prompts achieve the highest quality metrics
overall, they come at a substantial token cost.



Assertion Generation Bugs2Fix Code Suggestion
Approach #tokens 7(%) Exact Match(%) #tokens 7(%) CodeBleu(%) #tokens 7(%) CodeBleu(%)
w/o retrieval 334 46.6 239 122 66.3 41.7 29 82.6 14.2
Random 440 29.7 25.2 262 27.4 40.3 121 27.5 16.8
Entropy-based
LLMLingua 482 229 338 286 20.9 419 125 25.1 21.8
LongLLMLingua 474 24.2 34.1 287 20.6 42.1 126 24.1 21.2
Knowledge Distillation
LLMLingua-2 469 25.1 21.2 282 21.9 48.1 134 19.3 21.7
RECOMP 465 25.6 234 268 25.9 453 132 20.9 21.0
Ours, Setting T.,q.-0.3, 1-shot
CODEPROMPTZIP w/o Copy 447 28.5 40.9 267 26.2 56.7 131 21.7 20.5
CODEPROMPTZIP 440 29.7 42.1 262 274 61.9 121 27.5 23.7
w/o Compression 626 0.0 50.5 362 0.0 81.4 167 0.0 24.7

Table 2: Results on three coding tasks using GPT-40-mini as the BLM. To ensure fair comparison with baselines
that lack a specified compression rate, we set CODEPROMPTZIP’s compression rate to 0.3, keeping it similar to or
higher than the baselines. Note that higher metric values indicate better performance, while a higher 7 (%) reflects a

greater proportion of tokens removed from the prompt.

=== Target O w/ocopy m]

110.7 1 /lZI 0.7 1 ,7JZI
’/,0 4 ',/0
g |05 7 0.5 R
PRAS, Vi 0 S,
7 e 7,
1 7 0.31 (}-—g{—e 0.3 e

// / //{,G

2 odg’  oadB
0.1 0.3 0.5 0.7 0.1 0.3 0.5 0.7 0.1 0.3 0.5 0.7
Setting Tcode Setting Tcode Setting Tcode

w/ copy

e e
wooQ

Actual Teoge
f=]
W

o
=

(a) Assertion Generation (b) Bugs2Fix (c) Code Suggestion

Figure 4: Compression ratio control.
6.2 Compression Ratio Control

Our dynamic compression strictly enforces length
constraints, while the LM-based compressor lever-
ages an extended vocabulary and accepts T.oqe as
input, enabling adaptive compression of unparsable
code examples to meet the desired ratio. As shown
in Figure 4, the specified 7.4 closely matches the
actual achieved values. The dotted line (Target) in-
dicates the ideal outcome, and CODEPROMPTZIP
(w/ copy) aligns closely with this benchmark.

In contrast, baselines such as LLMLingua?2 strug-
gle with ratio control. Since prompts distillated
from GPT-4 always ignores length constraints (Pan
et al., 2024), the generated examples often deviate
significantly from the target. As reported in Table 2,
when configured for a ratio of 0.3, LLMLingua2
produced examples with an actual ratio of 0.251.

6.3 Ablation Study of Copy Mechanism

The copy module in LM introduces a copy dis-
tribution over source tokens, enabling the model to
directly preserve tokens from the input sequence
instead of generating them from the entire vocab-
ulary. This mechanism significantly benefits the
extractive learning of compression, improving both
effectiveness and ratio control.

As shown in Tables 2, the ablation study (w/o
copy) underscores the consistent contributions of

the copy mechanism to enhancing LM¢. For in-
stance, integrating the copy mechanism improves
Exact Match by 1.2% for Assertion Generation
and boosts CodeBLEU by 5.2% for Bugs2Fix and
3.2% for Code Suggestion, compared to the LM
of original CodeT5+.

In terms of ratio control, Figure 4 demonstrates
that compressors based on the original CodeT5+
architecture struggle to generate outputs that align
with the desired compression ratio. This results
in outputs that often deviate from specified ratio
settings and yield lower effectiveness.

7 Conclusion

This paper presents CODEPROMPTZIP, a novel
framework to compress retrieved code examples
before integrating them into prompts. First, we pro-
posed an approach to compress parsable examples
via dynamic compression. This method preserves
informative tokens across different compression ra-
tios while maintaining code semantics. Moreover,
for unparsable code examples, we develop a copy
augmented CodeT5+ as a compressor, allowing the
compressor to directly select and preserve essential
tokens from the original code example end-to-end.
We also introduced special tokens (e.g., [Ratio])
to enable ratio-conditioned compression. Experi-
mental results on three coding tasks demonstrate
that CODEPROMPTZIP improves the efficiency of
retrieval-augmented LMs while maintaining mini-
mal performance degradation and consistently out-
performs SOTA baselines, achieving improvements
of 23.4%, 28.7%, and 8.7%, respectively. Further-
more, CODEPROMPTZIP provides flexible control
of compression ratio, which is important in practice.
Note that our framework is not limited to RAG, it
could be applied to any prompt that contains code
examples.



8 Limitations

Need for Extra LM Training for New Coding
Tasks: This study focuses on learning code com-
pression for three method-level coding tasks. Sim-
ilar to other task-aware compressors (e.g., (Jiang
et al., 2023b)), the importance of tokens in our ap-
proach depends on the downstream coding task. If
CODEPROMPTZIP is to be applied to other coding
tasks, such as repository-level tasks (Ding et al.,
2024), where information gain of different types
may differ. Although the token value is easily ad-
justed in dynamic compression, additional training
of the compressor LM is required; our framework
can be easily applied to any downstream tasks. Fur-
thermore, as shown in Figure 1 of the original pa-
per, while information rankings are task-specific,
certain patterns emerge consistently. For example,
Structure tokens exhibit a higher value than Iden-
tifier tokens across all tasks. We also show the
cross-domain capability of CODEPROMPTZIP by
a cross-task experiment and even in such a setting,
our approaches still outperform the baselines in
most of the cases. More importantly, we develop a
framework that enables us to optimize the compres-
sor for downstream tasks, thereby achieving more
effective and task-aware compression.

8.1 Threats to validity

Threats to external validity This study focuses
exclusively on Java and three coding tasks. Our
findings might not be generalized to other program-
ming languages and tasks. However, our approach
can be easily replicated on other programming
languages like Python also have static-analysis
tools and other tasks. Future research could ex-
tend this work to other tasks and languages. Our
experiments utilized GPT-40-mini, Gemini, and
CodeLlama-13b. We encourage further studies to
explore additional base LMs and a broader range
of programming languages and coding tasks.

Threats to internal validity The ranking of
type information is derived from the entirety of
the training dataset, making it highly dependent
on the representativeness and diversity of the train-
ing samples. If the training dataset lacks sufficient
variety, the resulting token information rankings
may fail to generalize effectively to unseen exam-
ples. Consequently, for specific code examples,
the generalized overall ranking may lead to subop-
timal token removal strategies, thereby adversely
affecting generation effectiveness.

9 [Ethical Considerations

The implementation of this work is conducted with
transparency, providing full disclosure of all tech-
nical details, limitations, and potential issues to the
relevant stakeholders. The work avoids any false or
misleading claims and ensures no data is fabricated
or falsified.

In the interest of public benefit, the authors sup-
port reasonable and ethical uses of their intellectual
contributions. Both the source code and data are
released as free and open-source software and are
made available in the public domain.
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A Appendix

A.1 Qualitative Analysis

To demonstrate why CODEPROMPTZIP outper-
forms the baselines, we present a case study from
Bugs2Fix comparing compressed code examples
generated by CODEPROMPTZIP and LLMLingua2
(Pan et al., 2024). Figure 5 presents the original
code example. The bug is fixed by adding an if
statement to check if data is null or not (i.e., if(date
!=null)). Figure 6 and Figure 7 present the com-
pressed code example after being compressed by
our and LLMLingua-2. CODEPROMPTZIP effec-
tively retains Signature tokens, which are proved
important in Bugs2Fix (see Figure 1 of the original
paper). In contrast, LLMLingua2 discards these
critical tokens and does not really demonstrate how
the bug is fixed. Additionally, LLMLingua?2 faces
challenges in ratio control; for example, when con-
figured for a ratio of 0.3, it produces examples with
a ratio closer to 0.4.

e 1

### BUGGY_CODE
public static TYPE_1 init(java.lang.String name,
java.util.Date date) {
TYPE_1 VAR_1 = new TYPE_1();
VAR_1.METHOD_1(name);
java.util.Calendar VAR_2 =
java.util.Calendar.getInstance();

VAR_2.METHOD_2(date);
VAR_1.METHOD_3(VAR_2);
return VAR_1;

}
### FIXED_CODE
public static TYPE_1 init(java.lang.String name,
java.util.Date date) {
TYPE_1 VAR_1 = new TYPE_1();
VAR_1.METHOD_1(name) ;
java.util.Calendar VAR_2 = null;
if (date != null) {
VAR_2 = java.util.Calendar.getInstance();
VAR_2.METHOD_2(date);

3
VAR_1.METHOD_3(VAR_2);
return VAR_T;

Figure 5: Original Code Examples of Bugs2Fix (195
tokens)

A.2 Generalization with Different BLM

CODEPROMPTZIP consistently outperforms
baselines across studied BLAMs CodeLlama-
13B and Gemini-1.0. Fig. 8 compares the per-
formance among the studied prompt compression
approaches across two additional LM s and all
three tasks. CODEPROMPTZIP consistently out-
performs baselines across the studied BLMs. For
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### BUGGY_CODE
public static TYPE_1 init(java.lang.String name,
java.util.Date date) {
= new TYPE_1();

java.util.Calendar = java.util.Calendar
.METHOD_2(date);
.METHOD_3(VAR_2);
return ;
3
### FIXED_CODE
public static TYPE_1 init(java.lang.String name,
java.util.Date date) {
= new TYPE_1();

java.util.Calendar = null;
if (date != null) {
= java.util.Calendar;
_METHOD_2(date);

3
.METHOD_3(VAR_2);
return ;

Figure 6: Compressed Code Examples by CODE-
PROMPTZIP of LLmlingua2 (130 tokens, Tcoge: 0.3)

### BUGGY CODE

TYPE _ 1 init

11 TYPE _ 1

METHOD _ 1

2

getInstance

2 METHOD _ 2

1 METHOD _ 3 2
return _ 1

### FIXED_CODE

TYPE 1 init

_ 1 VAR 1 TYPE _ 1
METHOD _ 1

2 null

VAR _ 2 getInstance
2 METHOD _ 2 date
VAR _ 1. METHOD _ 3 ( VAR 2
return VAR _ 1

Figure 7: Compressed Code Examples by LLMLingua2
of Bugs2Fix (114 tokens, Tcoge: 0.4)

instance, CODEPROMPTZIP outperforms the best
baselines by 14.3%, 28.1%, and 9.0% for Asser-
tion Generation, Bugs2Fix, and Code Suggestion
using Gemini-1.0-pro, respectively. The consistent
superiority highlights the robustness and effective-
ness of CODEPROMPTZIP as a transferable and
generalized compression approach for code-related
tasks, attributed to its model-agnostic information
ranking.

A.3 Impact of 7.,5. and Shot numbers and
their trade-off

In Figure 9, we illustrate the impact of 7,,4. and
the number of shots on the quality of the genera-



Table 3: Cross-task Results: Bold font indicates the in-task scenario.

Compressor (a): Assertion Generation (b): Bugs2Fix (c): Code Suggestion
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Figure 8: Performance of the proposed CODE-
PROMPTZIP across different BLM .

tion. Under fixed-shot settings, performance varies
with different 7.,4.. Lower 7,4 values generally
yield better results. Increasing the number of shots
typically improves performance as well, though
exceptions exist.

When comprehensively considering the trade-off
between these factors, the situation becomes more
complex, raising an important question: Given a
fixed token budget, how should we balance the
number of examples (shots) and the degree of
code compression (7..4.)? Specifically, should the
prompt include fewer, less-compressed (i.e., more
complete) examples, or a greater number of highly
compressed ones? This critical issue remains un-
derexplored in existing approaches (Jiang et al.,
2023a; Xu et al., 2024), which predominantly rely
on fixed-shot settings.

In general, using fewer examples with more
tokens allocated to each example tends to yield
better performance than using more examples
with aggressive compression. In particular, high
compression ratios often degrade performance
relative to using fewer, uncompressed exam-
ples. For instance, in Assertion Generation, with
a 700-token budget, using a single uncompressed
example (i.e., I-shot with 7.,q. = 0) achieves a
higher Exact Match rate, outperforming settings
that include three highly compressed examples at
Teode = 0.5 and 0.7.

However, this does not imply that compression
is ineffective. The optimal trade-off depends on
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Figure 9: Trade-off between keeping more tokens in a
single example or including more examples.

the specific token budget. When the token budget
increases to between 1000, the dynamics change.
Although the budget allows for one full example,
it is insufficient to include three complete exam-
ples. In this case, compression becomes beneficial,
enabling the inclusion of three moderately com-
pressed examples (i.e., shot 3, Tcoge = 0.5), which
results in improved performance.

A4 Out-of-domain Capability

To evaluate out-of-domain effectiveness of CODE-
PROMPTZIP, we conducted cross-task experiments.
Specifically, for each downstream task serving as
the new task, in-task rankings were applied in dy-
namic compression to handle parsable code exam-
ples, unparsable code snippets were processed by
LM, which was trained on other coding tasks.
Notably, task-specific special tokens (e.g., [AS-
SERTION]) were not used in these experiments.
Table 3 summarizes the results of these cross-task
evaluations.

Although the effectiveness of CODE-
PROMPTZIP slightly degrades in cross-task
scenarios, it still outperforms baselines in most
cases. For instance, in the first column of Table 3,
Assertion Generation applies LM trained on
Bugs2Fix and Code Suggestion to compress
unparsable code examples. The Bugs2Fix in-task
compressor achieves an Exact Match rate of 41.9%
with a 7,40 of 27.8% on Assertion Generation,
compared to its in-task performance of 42.1%



Exact Match rate and a 7,4, 0f 31.5%. Despite a
slight drop in precision for the desired ratio and
performance, CODEPROMPTZIP remains robust,
outperforming baselines like Longl.LMlingua,
which achieves an Exact Match rate of 34.1%.

This observation highlights an inherent trade-off
between generalizability and task-specific effective-
ness. Compressors trained on diverse tasks may
capture broader code transformation patterns, en-
abling them to generalize reasonably well to new
domains. However, they may lack the nuanced un-
derstanding needed to fully optimize for any single
target task. In contrast, in-task compressors are
better attuned to domain-specific syntax and se-
mantics, often yielding slightly better performance
when applied within the same task. In this study,
we develop a framework that enables us to opti-
mize the compressor for downstream tasks, thereby
achieving more effective and task-aware compres-
sion.
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