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Repository-level code generation refers to synthesizing code within the context of the entire software project,
requiring, among others, modeling of complex interdependencies across multiple files. However, traditional
code models with standard attention mechanisms have difficulty scaling to longer code, limiting their ability to
capture long-range dependencies at the repository level. We present COREGEN, a novel attention mechanism
under the Transformer architecture for repository context understanding, guided by the core principle of high
cohesion and low coupling in software modularity. COREGEN utilizes a hierarchical architecture that separates
local semantic encoding from global dependency modeling. At the local level, it performs line-level semantic
extraction and representation; at the global level, it constructs dependency-driven cohesion and coupling
masks to guide attention towards intra-module information and critical inter-module context, allowing the
model to maintain internal consistency within modules while attending to relevant external components
selectively. Extensive experiments demonstrate COREGEN’s superior performance in repository-level code
modeling and generation across various benchmarks.
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1 INTRODUCTION

The advent of large language models (LLMs) has revolutionized software development through their
sophisticated code generation capabilities [5, 20, 30, 49]. While early research focused primarily
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Fig. 1. Limitations of existing methods. L1 and L2 show limitations with long context generation methods for
repository-level code generation; L3 and L4 show limitations with retrieval-augmented methods.

on generating isolated code snippets (mostly at the function/method level), recent advances have
shifted toward the more ambitious goal of repository-level code generation [32, 56, 64, 65]. This
paradigm shift entails generating code within the broader context of entire repository, requiring
models to comprehend complex program structures from individual functions to inter-module
dependencies, enabling the generation of code that is both functionally correct and contextually
appropriate within large-scale software ecosystems [32, 65]. These enhanced capabilities, when
integrated into integrated development environments (IDEs), can significantly boost developer
productivity [62].

The fundamental challenge of repository-level code generation lies in effectively handling
extensive and heterogeneous context of software repositories while identifying critical dependencies
to ensure that the generated code aligns with the broader repository semantics [20]. However,
language models are generally limited by the ability of their attention mechanisms to handle input
sequences that are much longer than those seen during training [26, 29, 35]. This deficiency leads
to a restricted context window that may severely limit the model’s ability to capture distant, yet
semantically crucial, dependencies within large-scale repositories [34, 45].
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To address the challenge, current approaches directly adopted techniques from natural language
processing (NLP), primarily falling into two primary paradigms: long context generation (LCG)
and retrieval-augmented generation (RAG). In a nutshell, the former handles long sequences
using constrained attention, while the latter retrieves relevant code fragments to avoid processing
the entire repository [31, 46, 53, 58, 64, 67]. Despite their success in NLP applications, these
approaches exhibit limitations when applied in software engineering, especially repository-level
code generation.

LCG methods are typically designed to efficiently handle long sequences by introducing con-
straints that mitigate the limited length generalizability of attention mechanisms. While effective for
improving scalability, these constraints introduce two challenges in large-scale code understanding:

e L1: Positional Bias. LCG methods commonly restrict attention to nearby tokens to prevent
out-of-distribution behavior when the sequence length exceeds training horizon [7, 46, 60]. This
restriction, however, limits the model’s capacity to capture long-range dependencies critical in
code understanding, where semantically related components (declarations, implementations,
references) are often positioned far apart [67, 68].

e L2: Attention Dispersion. To alleviate positional bias, some LCG variants [67] adopt context-
aware mechanisms that promote a more even distribution of attention across the entire code
repository. While this may improve contextual awareness, the widespread dispersion of attention
can dilute the model’s focus on salient information, leading to increased perplexity and degraded
performance [27, 69].

As illustrated in the top-left part of Figure 1, LCG methods often prioritize local context over
distant dependencies, leading to errors such as generating function calls without properly including
parameters from further out in the context. The top-right part shows that attempts to extend atten-
tion across long sequences in repository-scale scenarios lead to scattered focus, raising perplexity
and negatively impacting the quality of the generated code.

In contrast, RAG methods bypass the need of processing entire codebases by retrieving and
integrating semantically similar code fragments during inference [12, 13, 25]. However, they face
distinct challenges when applied to code repositories:

e L3: Semantic Fragmentation. In RAG systems, codebases are typically partitioned into re-
trievable fragments using naive strategies, such as random or syntax-based partitioning, where
each fragment is treated as an independent and self-contained unit. Such partitioning may break
the logical structure and semantic coherence across code units, potentially reducing retrieval
precision and the usefulness of the retrieved context [58].

e L4: Functional Irrelevance. Current retrieval mechanisms rely on embedding similarity, which
often favors code fragments that are lexically or structurally similar to the query but not func-
tionally dependent on the target code (e.g., neglecting method invocations, variable scoping and
inheritance hierarchies) [64].

As illustrated in the bottom-left part of Figure 1, indiscriminate code segmentation can disrupt
continuity, forcing the model to interpret variables or methods that are undefined within the
segmented context, thereby reducing retrieval accuracy. Finally, the bottom-right part presents an
example where over-reliance on semantically similar but functionally irrelevant fragments leads to
context-inconsistent code generation.

To address these limitations, we revisit repository-level code generation through the lens of
software modularity [42]. Fundamental software engineering principle stipulates high cohesion
within modules and low coupling across modules [52], which suggests that effective repository-level
code generation methods should prioritize tightly connected intra-module content while selectively
integrating sparse—yet essential—inter-module dependencies to attend [23, 40], particularly in
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light of the limited length generalization capabilities of the attention mechanism. Existing NLP
approaches are misaligned with these principles: LCG methods preserve cohesion through con-
strained attention but often fail to capture essential coupling; RAG methods improve scalability
through retrieval but may fragment cohesive units and overlook deeper functional dependencies.

Our contribution. We propose COREGEN (COhesion-coupling aware REpository-level code GENer-
ation), a novel attention mechanism in the Transformer architecture designed for repository-level
code generation. COREGEN introduces a hierarchical Transformer architecture which comprises
two primary modules: local semantic extraction and global dependency modeling.

e Local Semantics Extraction: COREGEN extracts semantic representations at the code-line
level, leveraging the observation that individual code lines serve as natural semantic units.
This line-level extraction provides a structured foundation for subsequent global dependency
modeling.

¢ Global Dependency Modeling: Artifact dependencies are intricate and widespread throughout
the code repository. To effectively capture the heterogeneous relationship, we propose a (multi-
level) dictionary learning strategy to encode dependencies from the line-level semantics at
varying granularities. By analyzing these semantics, dictionary learning uncovers recurring
patterns and encodes them as representative atoms, enabling the model to capture both explicit
and implicit dependencies.

Based on these dependency features, we introduce cohesion masks and coupling masks.
Particularly, cohesion masks enhance intra-module attention by encapsulating lines with similar
dependency patterns, thereby preserving semantic consistency within functionally related code
units; while coupling masks regulate inter-module attention by selectively integrating dependency-
aware context, guided by relevance scores derived from dependency encodings. This dual-mask
mechanism balances local coherence with global coupling, enabling the transformer to maintain
stable, context-aware attention at the repository scale while focusing on functionally relevant
dependencies across module boundaries.

Benefits. The decoupling of local semantics from global dependencies enables COREGEN to
preserve contextual information through context dependency modeling, while cohesion-coupling
aware attention maintain stable distributions by restricting attention to functionally relevant code
rather than dispersing across entire repositories.

COREGEN offers four key advantages over LCG and RAG approaches. First, by leveraging
localized semantic representations with dependency encoding, it enables effective long-range
modeling without relying on positional bias (addressing L1). Second, the structured attention
hierarchy maintains stable attention distributions across all stages, significantly reducing perplexity
degradation observed in extended context scenarios (addressing L2). Third, unlike the random
fragmentation adopted in current RAG implementations, COREGEN operates at the granularity of
natural semantic units (i.e., code lines) and preserves semantic continuity through a hierarchical
design which maintains local coherence based on semantic feature modeling and ensures inter-
module continuity across module boundaries (addressing L3). Fourth, rather than retrieving context
via embedding similarity, COREGEN learns common dependency patterns through dictionary
learning and identifies relevant structures via attention-based decomposition. This shifts the
paradigm from similarity retrieval to dependency-aware feature matching (addressing L4).

Together, these advantages demonstrate that COREGEN overcomes the limitations of conven-
tional NLP approaches by incorporating mechanisms designed for software engineering. Notably,
this design retains the fundamental Transformer architecture while seamlessly embedding modular
software engineering principles into the model. As a result, COREGEN can flexibly function either
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as a novel attention mechanism within retrained models or as a dependency-aware contextual man-
agement framework, ensuring broad adaptability. This underscores the potential of purpose-built
approaches to advance the field of Al for Software Engineering and foster a paradigm shift in its
development.

Evaluation. We evaluate COREGEN on repository-level code generation and language modeling
tasks using both a model trained from scratch and three representative pretrained code LLM
families. Specifically, we first train COREGEN-0.2B from scratch to validate the effectiveness of
the proposed attention mechanism in controlled settings. We then assess its generalizability by
integrating COREGEN as an attention manager into three widely used pretrained code models, i.e.,
CodeLlama-7B [49], Qwen-2.5-Coder-7B [19], and DeepSeek-Coder-6.7B [15]. This setup allows
us to evaluate COREGEN across different parameter scales, pretraining corpora, and code model
families.

For COREGEN-0.2B trained from scratch, results on the RepoBench dataset show notable im-
provements over the baseline: it achieves Exact Match (EM) scores of 5.18 vs. 3.88 (cross-file first),
18.98 vs. 16.70 (cross-file random), and 18.28 vs. 18.26 (in-file) compared to the best baseline. On
LongBench, COREGEN-0.2B scores 14.29 vs. 13.74 on LCC and 8.90 vs. 7.63 on RepoBench-P.

Similar improvements are consistently observed across all three pretrained code LLMs. Compared
with their corresponding backbone models, COREGEN improves the average EM from 23.17 to
28.32 on CodeLlama-7B (+22.2%), from 25.70 to 30.71 on Qwen-2.5-Coder-7B (+19.5%), and from
26.02 to 30.74 on DeepSeek-Coder-6.7B (+18.1%). These improvements are consistent across all
repository-level benchmarks, demonstrating that the effectiveness of COREGEN generalizes across
pretrained code model families rather than being specific to any particular backbone.

On the language modeling task, COREGEN-0.2B (trained on 1k and tested up to 8k tokens)
maintains stable performance with an average perplexity of 2.04, while existing methods degrade
severely (e.g., RoPE increases from 2.29 to 98.15). These results demonstrate COREGEN’s robustness
and effectiveness across both code generation and language modeling tasks.

Structure. Section 2 gives the preliminary. Section 3 presents the COREGEN framework. Section 4
and Section 5 present the experimental setup and results. Section 6 discusses threats to validity.
Section 7 reviews related work. Section 8 concludes the paper.

2 PRELIMINARY

In this section, we review attention mechanisms and current approaches to dependency modeling.

The fundamental challenge in repository-level code generation is to enable attention mechanism
to effectively process extensive and heterogeneous contextual information [20]. Given a sequence
of tokens T = t,...,t, with corresponding embeddings X = xy,...,x,, where m denotes the
sequence length and x; € R?. The standard (unnormalized) attention score between any two tokens
x;and x; (1 < i, j < m) is computed as [55]

aj = q?k] + Mi,j, (1)

where g; = Wo (x;+p;) and k; = W (x;+p;) are the query and key projections of embeddings x; and
xj, respectively; p; and p; represent positional encodings at positions i and j, and Wg, Wk € Réxd
are learnable weight matrices. M; ; denotes the entry of the causal attention mask matrix M € R™*™,
which enforces constraints on which tokens can be attended to. Typically we use attention entropy
to measure how widely an attention head distributes its focus across tokens in a sequence. High
entropy means it is paying attention to tokens more evenly, i.e., the attention weights are spread
out across multiple tokens rather than concentrated on just a few.
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In repository-level code generation where sequence lengths substantially exceed those en-
countered during training, standard position encoding schemes struggle to generalize, leading to
degraded performance on long-context generation tasks.

Beyond positional encoding, our prior work (CoDE [67]) explored dictionary learning [50, 54]
to model contextual dependencies [67]. The observation is that dependencies in source code are
usually sparse, namely, not every pair of code elements, but rather some specific components
exhibit recurring (functional) dependency, where dictionary learning is particularly suitable.

Typically, sparse autoencoders (SAE) [8, 11, 39] are leveraged, which transform the model’s
hidden states into feature activations through an encoder, and then trigger specific dependency
features in a learned dictionary. The learned dictionary effectively serves as a codebook of common
dependency patterns, where each dictionary element represents a relationship. These extracted
features are subsequently integrated back into the hidden states, enabling dependency-aware
attention computation. Formally, this process can be formalized as

Ci = ReLU(Exi + b), di = Dc;, (2)

where E € RF*4 D € R¥F and b € RF denote the learnable parameters of SAE. Specifically, the
encoder E maps the input x; to a feature activation vector c;, while d; serves as a dependency-aware
encoding, replacing the traditional positional encoding p;. (It is implemented as x; < x; + d;.) To
encourage sparsity in the activated features, regularization can be applied to c;, which enhances
both interpretability and efficiency of the learned representations.

This dependency-based encoding approach can more effectively capture the dependency rela-
tionships within code fragments, rather than relying solely on their positional relationships, which
contributes to improved code generation quality and interpretability.

Limitations of Prior Work. Although dependency-based encoding showed promise for capturing
functional relationships beyond positional cues, we identify three major issues when applied to
repository-level scenarios.

First, to learn sparse and interpretable dependency features from large-scale training datasets,
CoDE adopts #; regularization as a sparsity constraint. This regularization term is, however, not
aligned with the model’s optimization objective for representation learning, which ultimately
degrades training quality.

Second, the method lacks a hierarchical view on code structure. CoDE treats all dependencies as
existing at a single level of granularity, while real repositories exhibit multiple layers of dependency
(such as intra-method, inter-method and cross-file relationships). Without hierarchical modeling,
coarse-grained features are overshadowed by highly specialized ones and thus remain inactive
during inference [4].

Third, the method suffers from attention dispersion at repository scale. As discussed in the
Introduction, when the entire repository is used as input, attention weights are distributed across a
vast number of tokens without effectively distinguishing relevant from irrelevant dependencies.
This dispersion increases perplexity and leads to performance degradation. Our previous work [67]
further confirms that, as input length grows, generation quality decreases due to the same attention
scattering effect.

3 OUR APPROACH

We propose COREGEN, a novel framework that leverages the structural properties of software
repositories via local-global dependency analysis. This approach is motivated by the observation
that well-designed code repositories typically exhibit high cohesion within modules and low
coupling between them, as per fundamental software engineering principle.
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Fig. 2. An overview of the COREGEN framework.

As illustrated in Figure 2, COREGEN decomposes repository-level context modeling into two
stages, i.e., Local Semantics Extraction and Global Dependency Modeling. In the first stage (cf. the
left part of Figure 2 and Section 3.1), we capture fine-grained semantic information at the code-line
level, based on the observation that individual lines of code often correspond to discrete data
operations and thus serve as the atomic units of dependency modeling.

In the second stage (cf. the right part of Figure 2 and Section 3.2), COREGEN applies multi-level
dictionary learning to capture dependencies at different granularities, based on the extracted line-
level semantics from the previous step. From the dependency features, COREGEN then constructs
two types of masks: cohesion masks, which enhance intra-module attention by clustering lines
with similar dependency patterns, and coupling masks, which regulate inter-module attention by
selectively incorporating dependency-aware context. These attention masks are used in the attention
computation (as per Eqn.(1)). This dual-mask mechanism effectively balances local coherence
and global interaction, ensuring stable and context-aware attention at the scale of entire code
repositories.

3.1 Local Semantics Extraction

Previous research shows that code LLMs exhibit a distinctive attention pattern where dispropor-
tionately high attention weights are concentrated to specific tokens in the context, commonly
referred to as anchors [18, 41, 57]. Extensive empirical analyses have demonstrated that newline
tokens consistently function as primary anchors in code LLMs and help organize the planning of
subsequent code [33, 68], serving as natural delimiters that effectively compress and encapsulate
the semantic content within individual lines of source code. COREGEN leverages this observation
which operates at the granularity of code lines rather than individual tokens.

This shift of granularity offers two important advantages. First, it aligns with the natural cognitive
units (i.e., code line) that software developers use when writing and comprehending code, where
individual lines typically correspond to atomic computational operations or logical statements.
Second, it substantially reduces computational complexity by avoiding modeling dependencies
across all tokens in extensive repository contexts.
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In-line Mask. COREGEN begins with extracting semantic information contained within individual
code lines. To this end, we introduce In-line Mask (ILM), implemented within the initial layers
of our structured Transformer architecture (specifically, layers 0—1 in our experimental setup).
Formally, let the sequence be segmented into lines, where line r contains tokens from position
by_y+1tob,, with1=5b; <--- < by = mrepresenting the positions of line breaks. The mask entry
ILM; ; (for 1 < i, j < m) is defined as

LM, , = 0, ifb,_1 <i,j<b,
B —oo, otherwise.

ILM ensures that tokens can only attend to other tokens within the same line, creating a localized
focus that enables the model to capture fine-grained semantics within each code line independently.

Local Semantic Integration. ILM functions independently without incorporating contextual
information, which can potentially lead to semantic drift and limit the model’s capacity for compre-
hensive dependency analysis. However, incorporating the entire context would result in increased
attention entropy, meaning that the model attends to too many tokens and therefore struggles to
concentrate on the most relevant context.

As a remedy, we incorporate a Local Semantic Integration mechanism into the attention score
computation within the intermediate layers of from-scratch version of COREGEN (specifically,
layers 2—5). This mechanism restricts attention to local context, based on the observation that local
information in code is typically more informative for understanding the immediate context. By
restricting attention to local context, this approach limits the growth of attention entropy over
long sequences. Concretely, we adopt ALiBi [46], which introduces a static, distance-based bias to
attention scores (cf. Eqn. (1)) that decays linearly with token distance.

aj=q kj—a-li—jl+Myj

where a =2 et represents a head-specific scalar multiplier that is fixed prior to training where
h denotes the index of the attention head and npeaqs is the total number of heads. This formulation
systematically decreases attention to distant tokens while preserving semantics of nearby context.

When fine-tuning pre-trained Code LLMs with COREGEN, we observe that introducing the LSI
mechanism leads to strong inconsistencies with the original model’s behavior, thereby degrading
training quality. Moreover, since pre-trained code models have already been fine-tuned on long-text
data, they inherently possess the ability to handle long-context attention entropy. As a result, we
do not apply the Local Semantics Extraction mechanism to pre-trained Code LLMs.

By incorporating Local Semantic Integration (LSI), we can capture line-level semantic represen-
tations enriched with localized contextual information. This can give more robust representation
of code lines while effectively controlling attention entropy in long-context scenarios.

3.2 Global Dependency Modeling

Local semantics are crucial for understanding individual code segments, but they alone are in-
sufficient for capturing the dependencies that span distant, but functionally related, components.
To bridge this gap, Global Dependency Modeling introduces two complementary mechanisms:
Multi-level Dependency Encoding (MDE)and Cohesion-Coupling Aware Attention. The complete
process is detailed in Algorithm 1.

3.2.1  Multi-level Dependency Encoding. We extend dictionary learning (cf. Eqn. (2)), and adopt
Top-K activation [3] as regularization to select the most salient k features (Algorithm 1, line 4),

¢, = TopK,. (ReLU(Exp, , +b))
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Algorithm 1 Cohesion-coupling Aware Attention

1: procedure MULTILEVELENCODING
Input: x;,_ : Input representation; S: Set of levels
Output: C: Multi-level features; D: Multi-level dependency encodings

2 C—0,D«<0 > Initialize feature collections

3: foralls € S do > Iterate across all levels
cﬁs) « TopKy.(s) (ReLU(E(S)bu + b(s))) > Extract sparse features

5 dr(s) — DG )cﬁs) > Generate multi-scale dependency encoding

6 Ce—Cu{c) D Dudy

7: end for

8 return (C, D) > Return multi-level features

9: end procedure

10: procedure CO-Mask
Input: {(cgs), di(s)), (cj(.s), d](.s))}ses: Multi-level features
Output: COM: Cohesion-coupling attention mask

11: COM « 0 > Initialize combined mask
12: foralls € S do > Process each level separately
13: CHM®) ]I[supp(cl.(s)) = supp(c;s))] 20+ (1=1[]) - (—o0) > Cohesion mask
14: CPM®) supp (TopKk (dl.(s)TWEWKd](.s))) > Coupling mask
15: COM ¢ min (COM, max(CHM (), CPM(S))) > Aggregate masks
16 end for

17: return COM > Return the fused multi-level mask

18: end procedure

where TopK, (-) returns a sparse vector retaining only the k largest entries while setting others to
zero. The reason not to use the normal ¢ regularization is that previous research [3, 22, 47] has
shown that incorporating an # regularization term induces shrinkage, resulting in a systematic
underestimation of the magnitudes of active features. Moreover, the ¢ penalty is not inherently
compatible with the cross-entropy loss function used for data fitting, which may adversely impact
the effectiveness of the training process. In contrast, Top-K activation avoids additional loss terms
during training, resulting in improved performance.

In addition, repository-level code dependencies exhibit inherent complexity across multiple
granularities (e.g., intra-method, inter-method and cross-file relationships), as illustrated in Figure 2.
We introduce a multi-level dependency encoding approach (Algorithm 1, lines 1-9) [4], which learns
and optimizes feature representations across different levels by using varying activation frequencies.
It can effectively capture the hierarchical nature of dependencies within code repositories. Let S be
the set of feature levels corresponding to different dependency granularities. For each s € S,

cﬁs) = TopKy.(s) (ReLU (E(S)bu + b(s)))

dr=>d = DO

seS seS
where k) denotes the number of activated features allowed for each feature level.

In dictionary learning, the dictionary size s controls the model’s representational capacity.
Smaller dictionaries capture coarse, recurring patterns, whereas larger dictionaries represent
finer-grained dependency patterns. Varying s therefore induces a hierarchical representation:
coarse levels group structurally relevant code, while finer levels distinguish precise functional
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relationships. By modeling dependencies across multiple granularities, our approach captures both
coarse-grained and fine-grained structures, enabling more accurate dependency modeling and
improving robustness to out-of-distribution cases.

3.2.2 Cohesion-coupling Aware Attention.

Cohesion Mask. In software development, cohesion refers to the degree to which elements within
a module are functionally related. In code repositories, cohesive local context plays a critical role in
enabling accurate semantic understanding. This is because functionally related code fragments
often exhibit similar syntactic structures, API usage patterns and data-flow behaviors.

To effectively capture cohesive structures within a repository, we define the cohesion between
code fragments based on the similarity of their dependency features. Fragments that share the same
dependencies are likely to serve related functions or participate in similar workflows, indicating a
strong functional relationship. This perspective aligns closely with the goal of dictionary learning,
which seeks to extract and represent the most salient features from input data. The distribution of
these features often corresponds to cohesive functional units within the codebase.

Based on this insight, we introduce Cohesion Mask (CHM) (Algorithm 1, line 13), which guides
the model to focus attention within these cohesive units. The construction of CHM is defined as
follows:

),

0, if supp(cgs)) = supp(c;

CHM," = { J

—oo, otherwise.

where supp(-) denotes the support of a vector, i.e., the set of indices of its non-zero elements,
indicating the positions of activated features. c; and c; represent the dependency encodings of the
code lines to which x; and x; belong, respectively. This mask enables the model to attend to tokens
that share the same activated dependency features, thereby preserving continuity between local
and contextual information and reinforcing semantic coherence within cohesive code elements.
Coupling Mask. While cohesion addresses dependencies within modules, coupling represents
critical inter-module dependencies. It quantifies the extent to which one module relies on others to
function correctly. To assess inter-module dependencies, we first analyze the attention mechanism
when dependency encodings are incorporated. The query-key interaction (cf. Eqn (1)) between two
representations can be expanded to four distinct terms:

g1 k; = (Wo (xi +d) Wi (x; +dy)
= x] Wi Wiexj + x] W Wid; + d] WS Wicx; + d] W Wid,
We observe that the term diTW(; Wkd; directly quantifies the degree of dependency between x; and
xj, effectively capturing the functional coupling between different lines of code. Intuitively, d; and
d; encode the respective dependency features of x; and x;, the matrix Wg Wk projects these features
onto the attention space, and the inner product measures the similarity between the projected
dependency features. As a result, this term captures the strength of functional coupling.

Leveraging this insight, we construct Coupling Mask (CPM) (Algorithm 1, line 14) to selectively
focus attention on the most functionally relevant tokens across modules:

if i T (s) Lo
CPMES].) _ {O, if j € supp (TOpKk (dis WQ Wde,s 1<) < z))

—oo, otherwise.

T
Here, supp (TopK, (-)) identifies the top k positions with the highest values of dl.(s) WQT WKd](.,s )

from all targets 1 < j" < i, dl.<s) is the extracted encoding of the level s. Intuitively, CPM enables
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each position to attend to a sparse set of functionally relevant tokens across modules, thereby facili-
tating more effective modeling of essential cross-module dependencies. Unlike explicit hierarchical
approaches (e.g., tree- or graph-based methods) that rely on predefined structural assumptions
from static analysis, our multi-level dictionary design is learned end-to-end from data. This makes
it structure-agnostic and language-independent, without requiring external parsers or handcrafted
rules. As a result, it remains robust to incomplete or erroneous parse results caused by a fixed con-
text window, which commonly arise when training on real-world repositories, thereby enhancing
robustness and generalizability.

Since our dependency analysis spans multiple levels, we analyze code cohesion and coupling at
varying levels of granularity. To this end, we iterate through each level in the multi-level dependency
encoding (Algorithm 1, lines 10-15), computing level-specific cohesion and coupling masks. These
masks are then aggregated to construct the combined cohesion-coupling attention mask matrix,
denoted as COM (Algorithm 1, line 15):

COM = min (max (CHM(S), CPM(S)))
NS

where CHM®®) and CPM®) represent the cohesion and coupling masks computed for the level
s, respectively. We use max aggregation to enable each token pair to incorporate the commonly
attended code fragments across levels, ensuring that critical information at different granularity
is effectively integrated into the attention mechanism. The inner max takes the union of CHM
and CPM at each level, allowing a token to be attended to if it is either cohesive or coupled. The
outer min enforces that a token must be permitted across all levels to remain in the final attention,
effectively filtering out tokens that are only incidentally relevant at a single granularity. By fusing
these multi-level masks, COREGEN effectively balances the preservation of intra-module coherence
with the selective modeling of inter-module dependencies, ultimately enhancing dependency-aware
code generation.

4 EXPERIMENTAL SETUP

To assess the effectiveness of COREGEN, we conduct experiments designed to address the following
research questions (RQs).

e RQ1: How effective is COREGEN in repository-level code generation tasks compared to baseline
approaches?

e RQ2: How does COREGEN perform compared to state-of-the-art LCG methods in terms of
perplexity on long code sequences?

e RQ3: What are the contributions of the components within COREGEN to its performance on
repository-level generation?

Implementation. To evaluate the effectiveness of COREGEN, we conduct experiments under both
pre-training and fine-tuning settings. We first train COREGEN-0.2B from scratch to evaluate the
proposed attention mechanism in a controlled pre-training setting. As pre-training multiple large
code LLMs from scratch would require prohibitively large computational resources, we further
assess the generalizability of COREGEN by integrating it into three representative pretrained code
LLMs, i.e., CodeLlama-7B [49], Qwen-2.5-Coder-7B and DeepSeek-Coder-6.7B. Each model is then
fine-tuned using the same two-stage training pipeline described below. Although fine-tuning cannot
fully substitute end-to-end pre-training at this scale, it provides a practical and widely adopted
protocol for evaluating whether architectural modifications generalize across diverse pretrained
code model families.
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We train COREGEN-0.2B from scratch on 20 billion tokens of Python code from the StarCoder
dataset [28]. The model consists of 12 transformer layers, with a hidden size of 768 and 8 attention
heads. Training is performed with a global batch size of 128 (16 x 8) and a learning rate of 5e-4.
Cohesion—coupling masks are applied from layer 6 to layer 12, and the number of coupling tokens
is set to 512. This layer assignment is designed to reflect how developers comprehend code. ILM
(layers 0-1) treats each code line as the minimal logical unit and extracts its semantics indepen-
dently, ensuring the accuracy of subsequent dependency modeling. LSI (layers 2-5) integrates local
contextual information into these representations. Cohesion-Coupling Masks (layers 6-11) then
perform global dependency matching on the enriched representations. Although ILM is restricted
to the initial layers, the Transformer’s residual connections propagate the independent line-level
representations into deeper layers, preserving their contribution throughout the network.

Given the limited computational resources, we adopt the same two-stage fine-tuning pipeline for
all pretrained code LLMs, including CodeLlama-7B, Qwen-2.5-Coder-7B, and DeepSeek-Coder-6.7B.
In the first stage, the objective is to enable the model to learn code dependency information. The
dictionary in COREGEN is trainable, while all original model weights are frozen, and training is
performed on 250M tokens. The cohesion-coupling mask is not enabled in this stage, since altering
the model’s attention pattern at this point would disrupt the behavior learned during pre-training.
In the second stage, the goal is to adapt the model to the modified attention pattern. We activate the
cohesion-coupling mask and apply LoRA fine-tuning [17] with rank 32 to the attention projection
matrices Wy, Wk, Wy and Wp, using 25M tokens. In both stages, we use a batch size of 8 (8x1)
and a learning rate of 5e — 5. Cohesion—coupling masks are applied from layer 16 to layer 32 for
CodeLlama-7B and DeepSeek-Coder-6.7B, and from layer 14 to layer 28 for Qwen-2.5-Coder-7B,
while the number of coupling tokens is set to 900 for all pretrained models. At all scales, COREGEN
uses dictionary sizes of 128, 1,024, 16,384, with 1, 2, 8 activated features per level. All models are
trained with a sequence length of 1,024.

Datasets and Tasks. We evaluate COREGEN on three datasets to examine its performance across
various repository-level code generation tasks.

(1) RepoBench [36]: this comprises three code generation tasks designed to evaluate cross-file
and in-file reasoning capabilities.
e cross_file_first: The target line is the first in-file usage of a snippet that originates from
a different file.
e cross_file_random: The target line uses a cross-file snippet but is not its first in-file appear-
ance.
e in_file: The target line is based solely on intra-file content.
(2) LongBench [1]: We consider two tasks from the LongBench dataset to validate performance
on extended code contexts.
e LCC: this task is to predict the next line given a single-file code context.
e RepoBench-P: this task is to predict the next line of code based on context spanning multiple
files with cross-file dependencies.
(3) StarCoder-Long [28]: We construct this benchmark from the StarCoder corpus to evaluate
perplexity under long-context settings. It comprises 2,000 sequences, each with 8,192 tokens.
To avoid any train-test overlap, all sequences are sampled from repositories held out from the
training split, i.e., no repository contributing to StarCoder-Long appears in the pre-training
data.

Baselines. We compare COREGEN against a diverse set of baselines, categorized into two groups.

(1) Long Context Generation (LCG) Methods:
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e ROPE [53], which uses rotary position embedding to model relative positional distances.

e ALiBi [46], which introduces position-aware attention by incorporating a distance-based
bias in the attention score computation.

e CoDE [67], our prior work which applies dictionary-based semantic matching to encode
dependencies.

(2) Retrieval-Augmented Generation (RAG) Methods:

e RAG [25], which augments generation by a single-pass retriever that selects similar context
snippets from repository.

e RepoCoder [64], which employs an iterative retrieve-then-generate pipeline.

o RepoFuse [31], which fuses retrieved analogy context and structural rationale context.

e RLCoder [58], which employs reinforcement learning to train a retriever for retrieval-
augmented code generation.

To ensure fair comparison, all LCG baselines were trained with the same model architecture

and training corpus. For RAG methods, we adopt RoPE-based models as the foundation, given

RoPE’s widespread adoption in the community. However, since RoPE suffers from limited length

extrapolation capabilities, we restrict the context window of these RoPE-based models to their

training length of 1,024 tokens during repository-level code generation evaluation. Due to the

incompatibility between different positional encoding schemes, in evaluating 7B models, we

only compare them against their respective base models and RAG-based methods. Potential

benchmark contamination is discussed in the Section 6.

Evaluation Metrics. We adopt the following metrics to assess the performance of COREGEN and
baseline methods.

e Exact Match (EM), which is the percentage of predictions that exactly match the ground-truth
code line token-by-token.

e Edit Similarity (ES), which evaluates the token-level similarity between the generated and
reference code. Higher scores denote better alignment with the ground-truth.

e CodeBLEU (CB, [48]), which is an extension of BLEU tailored for code, incorporating both
syntactic and semantic structures. It is used to assess the quality of generated outputs.

e Dependency Invocation (DI) measures the proportion of cross-file dependency invocations in
the generated code that correctly match the ground-truth dependencies, evaluating the model’s
ability to produce functionally correct cross-module references.

e Perplexity serves as a direct and widely used metric for evaluating model performance. On
StarCoder-Long, it measures the model’s ability to perform autoregressive prediction. A lower
perplexity score reflects stronger language modeling capabilities.

5 EXPERIMENTAL RESULTS
5.1 Results for RQ1-3

RQ1: Effectiveness on Repository-Level Code Generation. We evaluate COREGEN on concrete
repository-level code generation tasks, against both LCG and RAG methods. Table 1 presents the
performance comparison on the RepoBench and LongBench datasets using EM, ES and CB as
evaluation metrics.

For the cross-file task, COREGEN-0.2B achieves the highest scores in both cross_file_first
(EM: 5.18, ES: 42.23, CB: 13.69) and cross_file_random (EM: 18.98, ES: 56.75, CB: 26.45) scenarios.
Compared to RAG-based methods, the improvement is from the use of dependency-aware segmen-
tation (as opposed to random fragmentation in RAG). Furthermore, the multi-level dependency
encoding captures functional relationships that span across files, enabling more accurate cross-file
code generation.
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Table 1. Performance comparison on repository-level code generation benchmarks. The best results are
highlighted in boldface.

RepoBench LongBench Average
Method cross_file_first [ cross file_random | in_file Lce [ RepoBench-P Overall
EM ES CB | EM ES CB | EM ES CB | EM ES CB | EM ES CB | EM ES _ CB DI

Long Context Generation Methods

RoPE 2.28 40.10 12.52 16.24 54.36 24.15 17.78 55.04 24.99 13.74 53.14 26.33 6.36 48.25 17.79 11.28 50.18 21.16 16.27
ALIiBi 1.52 35.64 9.86 5.50 41.55 13.65 6.22 44.32 14.21 3.30 39.95 13.22 2.54 39.86 11.43 3.82 40.26 12.47 6.06
CoDE 3.88 41.48 13.32 16.70 55.27 24.89 17.98 55.32 24.88 13.19 52.81 26.17 7.63 48.81 17.92 11.88 50.74  21.44 19.30
Retrieval Augmented Generation Methods

+RAG 3.78 41.42 13.11 15.98 54.14 23.88 18.26 55.37 24.85 13.19 52.80 25.81 7.20 48.02 17.71 11.68 50.35 21.07 17.06
+ RepoCoder 3.82 41.51 13.18 15.96 54.23 23.92 18.18 55.21 24.92 13.74 53.19 26.08 7.63 50.71 17.92 11.87 50.97 21.20 17.17
+ RepoFuse 3.74 41.64 13.27 15.86 54.17 23.81 17.92 55.25 24.75 12.64 53.37 26.73 6.78 49.28 17.88 11.39 50.74 21.29 18.07
+ RLCoder 4.12 4131 13.21 16.48 54.52 24.12 17.82 54.29 24.71 13.74 53.82 2717 8.05 50.32 17.77 12.04 50.85 21.40 18.74
COREGEN-0.2B 5.18 42.23 13.69 1898 56.75 26.45 | 18.28 5472 2549 | 1429 54.03 28.15 8.90 50.56  18.87 | 13.13 51.66 22.53 21.55
Fine-Tuned Code Models

CodeLlama-7B 16.54 52.27 24.32 31.18 65.52 36.30 29.86 62.19 33.28 20.88 58.91 37.29 17.37 56.57 25.12 23.17 59.09 31.26 33.45
+RAG 17.22 53.47 25.01 32.82 67.37 36.98 28.90 61.71 32.67 21.98 59.32 38.21 18.22 57.31 26.48 23.83 59.84 31.87 33.78
+ RepoCoder 18.68 55.28 26.87 33.62 68.77 37.59 29.28 60.89 32.52 22.53 60.74 38.98 19.06 57.94 26.85 24.63 60.72 32.56 34.23
+ RepoFuse 18.28 54.47 26.03 33.32 67.12 36.61 28.78 59.55 31.37 21.98 59.18 38.37 18.64 57.39 26.54 24.20 59.54 31.78 33.89
+ RLCoder 18.78 56.23 27.12 33.96 68.69  37.04 29.32 61.29 32.27 23.08 62.18 39.35 19.49 58.33 27.21 24.93 61.34 32,60 34.90
+ COREGEN 22.08 61.83 30.53 3846 7347 43.41 | 32.08 65.66 36.19 | 25.27 67.41 42.56 | 23.73 61.37 29.29 | 28.32 65.95 36.40 42.20
Qwen-2.5-Coder-7B 16.02 52.16 23.28 30.04 65.28 36.52 29.98 60.89 33.88 27.47 68.18 43.2 25.00 62.38 30.15 25.70 61.78 33.41 35.79
+RAG 17.22 52.39 24.92 31.92 66.20 36.81 30.68 61.27 34.89 29.12 68.07 43.49 25.85 62.97 30.88 26.96 62.18 34.20 37.01
+ RepoCoder 17.42 53.99 25.03 32.18 66.59 36.02 31.44 62.21 35.23 30.77 68.95 43.27 25.42 62.28 30.69 2745 62.80 34.05 36.97
+ RepoFuse 17.88 54.27 24.89 32.56 66.82 36.58 31.38 63.02 35.01 30.77 68.67 42.90 24.15 62.02 29.97 27.35 62.96 33.87 36.24
+ RLCoder 18.62 54.78 26.69 33.36 65.12 36.13 32.06 63.33 35.27 32.42 68.97  43.08 26.27 63.39 31.58 28.55 63.12 34.55 37.64
+ COREGEN 21.60 60.11 30.01 36.22 68.02 43.82 | 33.16 64.74 39.05 | 34.62 70.37 46.15 | 27.97 65.16 33.54 | 30.71 65.68 38.51 43.83
Deepseek-Coder-6.7B 15.98 53.89 23.36 30.36 66.39 35.57 28.80 60.21 34.02 29.12 69.21 44.87 25.85 63.84 31.91 26.02 62.71 33.95 36.42
+RAG 16.32 52.14 23.68 31.18 65.68 36.47 29.52 61.39 35.17 29.12 70.89 45.24 25.85 64.21 31.97 26.40 62.86 34.51 36.63
+ RepoCoder 16.68 52.65 23.92 32.08 66.43 36.25 30.24 61.87 35.20 31.32 71.71 45.92 26.69 64.73 32.04 27.40 63.48 34.67 37.06
+ RepoFuse 16.42 52.07 23.17 31.70 65.42 36.11 30.06 62.15 35.01 31.32 71.32 45.66 26.27 64.53 31.59 27.15 63.10 3431 36.77
+ RLCoder 17.98 52.79 24.04 32.32 67.02 37.29 3188 65.79 3577 32.97 72.55  46.03 27.54 6558 32.65 28.54 6474 3516 37.92
+ COREGEN 20.46 61.10 26.93 34.26 69.59 38.81 | 32.52 65.55 36.56 | 36.81 74.22 50.55 | 29.66 67.50 33.63 | 30.74 67.59 37.30 44.37

To further evaluate the generalizability of COREGEN across different code LLMs, we fine-tune
three representative models, i.e., CodeLlama-7B [49], Qwen-2.5-Coder-7B [19] and DeepSeek-Coder-
6.7B [15], using the same two-stage training strategy. As shown in Table 1, COREGEN improves all
three model families across every benchmark. Compared with their respective backbone models,
COREGEN increases the average EM from 23.17 to 28.32 (+22.2%) for CodeLlama-7B, from 25.70 to
30.71 (+19.5%) for Qwen-2.5-Coder-7B, and from 26.02 to 30.74 (+18.1%) for DeepSeek-Coder-6.7B.
Similar improvements are also observed on ES and CodeBLEU across all repository-level tasks,
demonstrating that the effectiveness of our cohesion-coupling attention mechanism generalizes
across diverse pretrained code model families rather than being tied to a particular backbone.

Compared with retrieval-augmented baselines, COREGEN achieves the best performance for
every model family. For example, on the challenging cross_file_first benchmark, COREGEN
improves EM from 18.78 to 22.08 on CodeLlama-7B, from 18.62 to 21.60 on Qwen-2.5-Coder-7B,
and from 17.98 to 20.46 on DeepSeek-Coder-6.7B, outperforming the strongest retrieval-based
baseline (RLCoder). These results indicate that explicitly modeling software modularity through
cohesion-coupling attention is more effective than similarity-based retrieval, regardless of the
underlying pretrained code model.

Beyond text-based metrics, we further evaluate the Dependency Invocation rate (DI), which
measures whether generated code correctly invokes cross-file dependencies. COREGEN consistently
achieves the highest DI across all evaluated model scales and architectures. On the 0.2B model,
DI increases from 18.74 for the strongest RAG baseline to 21.55. On the larger pretrained models,
COREGEN achieves DI scores of 42.20 on CodeLlama-7B, 43.83 on Qwen-2.5-Coder-7B, and 44.37 on
DeepSeek-Coder-6.7B, substantially outperforming the corresponding RLCoder-enhanced baselines
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(34.90, 37.64, and 37.92, respectively). These results demonstrate that our dependency-driven
attention mechanism improves not only lexical generation quality but also the functional correctness
of cross-file dependency invocation.

The consistent improvements across all metrics highlight COREGEN’s ability. Unlike RAG
approaches, the cohesion-coupling masks explicitly model functional dependencies, leading to
more contextually grounded predictions.

To further demonstrate the superiority of dependency modeling over similarity-based retrieval,
we use the outputs of a RAG-based retriever as input to COREGEN. Table 2 shows that it results in
a performance decline compared to providing COREGEN with the entire repository. This suggests
that COREGEN is capable of identifying more relevant contextual fragments than RAG-based
methods.

Summary for RQ1

COREGEN consistently outperforms both LCG and RAG baselines across all tasks and
scales. The performance gains are particularly pronounced in cross-file scenarios, where
dependency modeling is most critical.

Table 2. Performance of COREGEN combined with the RAG-based approach for repository-level code
generation. The best results are highlighted in bold.

RepoBench LongBench Average
Method cross_file_first cross_file_random in_file Lce RepoBench-P Overall
EM ES CB EM ES CB EM ES CB EM ES CB EM ES CB EM ES CB

COREGEN-0.2B | 5.18 42.23 13.69 | 18.98 56.75 26.45 | 18.28 54.72 2549 | 14.29 54.03 28.15 | 8.90 50.56 18.87 | 13.13 51.66 22.53
+RAG 436 4127 1336 | 17.84 5507 2567 | 17.82 53.19  25.11 13.74 5297 2673 | 7.63 4937 18.02 | 1228 5037 2178

+ RepoCoder 452 4121 1310 | 18.02 5584 26.14 | 17.94 5338 2539 | 14.29 5327 2732 | 8.05 50.24 1834 | 1256 50.79  22.06

+ RepoFuse 418 4123 13.01 17.88 5521  25.67 17.64  53.03 2495 1319 5267 2621 | 7.20 49.81  18.09 | 12.02 5039 2159

+ RLCoder 468 4167 12.88 | 1822 5571  26.09 18.04 5451  25.27 13.74  53.64 2747 | 805 50.07 1829 | 1255 51.12  22.00

RQ2: Comparison with LCG Methods. In this experiment, we first evaluate the ability of
COREGEN-0.2B to model code sequences of varying lengths in comparison to other LCG methods,
using perplexity as the evaluation metric. This task directly reflects the model’s effectiveness in long-
context generation. Table 3 shows the perplexity scores of LCG approaches on the StarCoder-Long
dataset across four different sequence lengths.

Table 3. Perplexity comparison at different sequence lengths on StarCoder-Long dataset (lower is better).

Method Sequence Length

1024 2048 4096 8192 Avg.
RoPE 229 2270 80.03 98.15 50.79
ALiBi 2.24  2.06 291 3.21 2.61
CoDE 226 2.05 2.57 372 2.65
COREGEN-0.2B | 232 198 188 199 2.04

The results reveal critical insights regarding the long-context generation capabilities of different
methods. RoPE exhibits severe performance degradation as sequence length increases, with per-
plexity rising dramatically from 2.29 at 1024 tokens to 98.15 at 8192 tokens, demonstrating poor
performance in long-context generation. In contrast, ALiBi and CoDE demonstrate more stable
performance across varying sequence lengths, maintaining relatively low perplexity. However,
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both methods still show performance degradation as context length increases, with ALiBi rising
from 2.24 to 3.21 and CoDE from 2.26 to 3.72. This is attributed to the suboptimal local attention
and attention entropy management introduced by their respective design principles in long-context
scenarios.

COREGEN-0.2B achieves the best overall performance with an average perplexity of 2.04, demon-
strating remarkable consistency across all sequence lengths. Notably, COREGEN-0.2B maintains
stable performance even at the longest sequence length (8192 tokens), with a perplexity of only
1.99. This stability is due to its ability to maintain balanced attention entropy distributions through
our hierarchical local-global modeling approach.

<

o

o

Average Attention Entropy

-

1,024 2,048 3,072 4,096 5,120 6,144 7,168 8,192

Sequence Length
—O— COREGEN (Ours) RoPE ALiBi &- CoDE

Fig. 3. Attention entropy across sequence lengths.

Figure 3 shows the attention entropy, which reflects the stability of the model’s attention across
various sequence lengths. RoPE and CoDE exhibit increasing entropy as the sequence length grows,
indicating more diffused attention that hinder the model’s ability to focus on critical context. In
contrast, ALiBi maintains a stable entropy profile by design, enforcing local attention bias through
its linear position penalty. However, this strict locality results in an inability to capture long-range
dependencies effectively, leading to a gradual increase in perplexity. COREGEN-0.2B, on the other
hand, maintains a balanced entropy across all sequence lengths due to its cohesion-coupling aware
attention, allowing it to allocate attention flexibly and maintain stable, low perplexity even with
context length of 8,192.

Summary for RQ2

COREGEN maintains stable perplexity (average 2.04) as the context length increases from
1,024 to 8,192 tokens, whereas all baselines exhibit noticeable degradation. Attention entropy
analysis suggests that this stability stems from more balanced attention distributions,
preserved by the cohesion-coupling aware attention mechanism.

RQ3: Ablation Study.

To investigate the contribution of each component in COREGEN to the overall performance, we
conduct an ablation study by systematically removing individual components. Table 4a presents
the results on the RepoBench dataset, where ILM, LSI, CHM and CPM denote the In-line Mask,
Local Semantic Integration, Cohesion Mask and Coupling Mask, respectively.

The removal of ILM results in the most significant performance degradation across all tasks,
as ILM is crucial for capturing the semantics of individual code lines, which enables effective
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Table 4. Ablation study results on COREGEN-0.2B.
(a) Results on components. (b) Results on dictionary sizes.
RepoBench RepoBench
Variants cross_file_first cross_file_random in_file Dictionary Sizes cross_file_first | cross_file_random in_file
EM ES CB |EM ES CB |EM ES CB EM ES CB|EM ES CB |EM ES CB
COREGEN |5.18 42.23 13.69|18.98 56.75 26.45|18.28 54.72 25.49| |{16, 128, 2,048} 510 4127 13.01|17.94 55.68 26.02|17.20 53.12 24.70
w/olLM | 212 3827 10.88|10.90 4883 17.25 | 1242 50.23 19.77 | |{32, 256, 4,096} 502 41.81 13.27|18.12 56.12 26.19|17.40 53.28 24.90
wi/o LSI 438 4208 1335|17.22 5598 2601 | 17.66 5402 24.87 | |{128,1,024, 16,384} |5.18 42.23 13.69|18.98 5675 26.45|18.28 5472 25.49
w/oCHM |5.18 42.09 1341|1872 5631 25.98 | 18.08 52.17 24.86 | |{256,2,048,32,768) |5.24 42.49 14.01[19.12 56.92 26.76 [ 18.20 54.78 25.61
w/oCPM | 398 4123 1279|1622 5437 24.63 | 17.04 54.87 2431 | |{512,4,09, 65536} |5.66 43.30 14.70|19.08 57.23 26.81|19.12 55.17 26.03
w/o MDE | 432 4172 1281|1672 54.67 24.82 | 17.86 53.89 24.91
(c) Results on activated features. (d) Results on coupling tokens.
RepoBench RepoBench
Features cross_file_first | cross_file_random in_file Tokens | cross_file_first | cross_file_random in_file
EM ES CB |[EM ES CB|EM ES CB EM ES CB |[EM ES CB |EM ES CB
1,11 498 41.87 13.31[17.98 55.85 26.31|17.62 53.87 24.84 {128}  |4.86 41.01 13.25[17.90 54.37 26.02 |[17.62 54.05 25.31
{1,2,8) |5.18 42.23 13.69|18.98 56.75 26.45|18.28 54.72 25.49 {256}  |5.04 42.33 1327|1852 56.12 26.07 [18.30 53.86 25.71
{4,8,32) |5.22 4208 13.43|1850 5588 25.92|18.12 54.78 2531 {512} |5.18 42.23 13.69|18.98 56.75 26.45|18.28 54.72 25.49
{32, 64,256} 4.82 41.78 13.20 | 18.22 55.33 25.63 [ 17.90 54.02 24.98 {768}  |5.26 42.31 1356 |18.82 56.12 25.89 [ 18.04 53.97 25.44

dependency modeling. Removing LSIleads to moderate performance degradation, especially in cross-
file tasks, indicating that integrating local context is vital for enhancing semantic representations.
Additionally, its removal alters attention entropy, further reducing model effectiveness. Eliminating
CHM causes minimal impact on exact match scores but leads to noticeable drops in Edit Similarity
and CodeBLEU, suggesting that cohesion improves generation fluency and structural quality rather
than exact token-level matching. The removal of CPM results in consistent performance degradation
across all tasks, with particularly pronounced effects in cross-file scenarios. This highlights the
benefits of focusing on key contextual fragments for long-context code generation. Removing MDE
causes notable degradation in cross-file tasks. A single-level dictionary cannot simultaneously
capture coarse-grained structural patterns and fine-grained dependency relationships. In particular,
coarse features tend to lose coverage on specific subcases that would otherwise be captured by
specialized representation.

To evaluate the scaling capability of dictionary size, we conduct experiments by progressively
enlarging the dictionary size, as shown in Table 4b. The empirical results demonstrate that model
performance improves consistently with the expansion of the dictionary, thereby providing strong
evidence that COREGEN’s scalability. Although larger dictionaries (e.g., {512, 4,096, 65,536}) yield
marginal improvements, we adopt the configuration {128, 1,024, 16,384} to strike an optimal balance
between computational efficiency and generation quality.

We further investigate the sensitivity of two key TopK parameters, i.e., (1) the number of activated
features per level, and (2) the number of coupling tokens. Table 4c presents the effect of varying
the number of activated features. The configuration {1,1,1} performs poorly because overly sparse
activations limit the dictionary’s capacity to capture diverse dependency patterns. The configuration
{32,64,256} also degrades performance, as excessive activations produce highly correlated features
and increase the risk of overfitting. Performance remains stable within the range from {1,2,8} to
{4,8,32}, indicating that the method is robust to this parameter.

Table 4d reports the effect of varying the number of coupling tokens. When the number is small
(e.g., 128), cross-module information flow is limited. When it is too large (e.g., 768), the model’s
ability to learn discriminative context selection patterns is weakened. Notably, the performance
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Table 5. Multi-level dependency encoding: Feature 104 (typed assignments) and its contextual refinements.

Feature Explanation of individual feature | Explanation of combined features

DO0_F104 | Generic typed value binding: As- | Base Feature: —
signing primitive values (int, str, bool)
to variables

+L1_F125 | Value propagation: Return statement | Base + Value propagation = Ensuring type con-

processing and output handling sistency across function boundaries

+L1_F308 | Configuration patterns: System- | Base + Configuration patterns = Establishing
wide constant definitions immutable typed constants for application set-

tings

+L1_F451 | Object construction: Class instantia- | Base + Object construction = Setting typed at-
tion patterns tributes during instance initialization

+L1_F647 | Function signatures: Parameter dec- | Base + Function signatures = Defining type-
larations and contracts constrained function parameters with defaults

+L1_F651 | Conditional selection: Runtime- | Base + Conditional selection = Type-
dependent assignments preserving conditional value selection

gap between 256 and 512 is small, which is consistent with our prior finding [68] that code models
do not require attention over a large number of tokens to achieve accurate predictions. Among
these configurations, 512 provides the best overall trade-off.

Summary for RQ3

All components contribute positively to overall performance, with ILM and CPM having the
most significant impact, as they jointly form the foundation for line-level semantic extraction
and cross-module dependency identification. Sensitivity analyses further demonstrate that
COREGEN is robust to hyperparameter variations within reasonable ranges.

5.2 Multi-level Feature Interpretability

To investigate the semantic compositionality learned by COREGEN-0.2B, we conduct an in-depth
analysis of the hierarchical dependency features. Technically, we adopt the auto-interpretation
protocol [2] for mechanistic interpretability. We first collect samples from the StarCoder dataset
and feed them into the model, logging the activated features together with their corresponding
code lines. For each dependency feature, we then sample multiple code snippets (with context)
and feed them to GPT-40. Based on these examples, GPT-4o infers the activation patterns of
these features and produces human-interpretable explanations for each feature’s semantic role
and compositional behavior. Some results are presented in Tables 5 and 6, which exemplify how
COREGEN systematically constructs complex programming patterns through the interaction
between coarse-grained syntactic structures (Level 0) and fine-grained operational contexts (Level
1). Specifically, we present explanations for features at different levels (e.g., LO_F104 refers to the
104th Level 0 feature within a dictionary) and their compositional relationships.

Specifically, the typed assignment specialization (LO_F104) shows how generic typed value
bindings extend to practical patterns like value propagation, configuration, object construction,
function signatures, and conditional selection. Similarly, the container initialization specialization
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Table 6. Multi-level dependency encoding: Feature 105 (structured data initialization) and its contextual
refinements.

Feature Explanation of individual feature | Explanation of combined features

L0_F105 Abstract container construction: | Base Feature: —
Creating lists, tuples, dictionaries with
formatted content

+L1_F83 Caching mechanisms: Memoization | Base + Caching mechanisms = Constructing
and result storage data structures to manage resource
+L1_F651 | Traversal logic: Sequential element | Base + Traversal logic = Creating new storage
processing architectures optimized for loop-based data struc-
tures

+L1_F761 | Mutation operations: In-place up- | Base + Mutation operations = Initializing con-
dates and state changes tainers explicitly designed for runtime modifica-
tions

+L1_F954 | Tabular data operations: Col- | Base + Tabular data operations = Constructing
umn/row indexing and slicing | 2D data structures for matrix operations
patterns

+L1_F1003 | Nested assignments: Multi-level vari- | Base + Nested assignments = Building tree-
able bindings structured data with parent-child relationships

(LO_F105) illustrates how abstract container creation underpins efficient caching, traversal, mutation,
tabular operations, and hierarchical data organization.

Key Insights. The typed assignment feature L0_F104 shows how simple mechanisms like variable
binding gain expressiveness when combined with context-specific intentions such as propagation,
configuration, or conditional logic. Similarly, the structured data initialization feature L0O_F105
illustrates how general container creation supports tasks like caching, traversal, and hierarchical
nesting. This layered interaction enables COREGEN to connect low-level syntax with high-level
goals, producing representations that are both flexible and grounded in real coding practices.

5.3 Case Study

In Figure 4, we present a representative example from the RepoBench dataset to demonstrate how
COREGEN-0.2B operates in a real-world code repository. This figure illustrates how COREGEN’s
first attention head processes Level 1 features while preparing to predict the next token. As described
in Section 3.2.2, COREGEN uses the CHM and CPM modules to apply attention masks that restrict
what parts of the code the model can attend to. The visualization clearly reveals which tokens remain
visible after masking, highlighting how COREGEN preserves relevant context and concentrates its
attention on the code segments most critical for accurate generation.

This example reflects a common yet complex scenario in large-scale repositories: integrating and
invoking functions scattered across multiple files. Here, the model is expected to generate a function
call to make_scheduler. To do so, the model must simultaneously capture two types of context:
the local context, which defines key parameters and operations (e.g., the optimizer constructed
by make_optimizer given in the Trainer class in trainer.py), as well as the cross-file context,
which specifies the expected input arguments and output of make_scheduler as defined separately
in 1r_scheduler.py.
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1 <filename>src/solver/lr_scheduler.py

2 P

3 def make_scheduler(

4 ’

50) =

6 P

7 warmup = .WARMUP_EPOCH

8 total_iters = . TOTAL_EPOCH

9 if train_params.SCHEDULER == "cosine":

10

1 return scheduler Tbepe”de"cy”e'”md
12 Key

. . . Projection
13 <filename>src/engine/trainer.py

14 EC Feature
15 class Trainer(): i T

16 e
17 a trainer with below logics: Query
18 Projection
19 1. Build optimizer, scheduler
20 2. Load checkpoints if providg?i /F;fur_e - TN
21 3. Train and eval at each epoch \L | Extraction !
22 v _ \&8 | | |
23 def __init_ ( T | |
24 self, Activate Features: | |
25 cfgiCfgNode,) — = 60,451 | / \ I
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31 self.cfg = cfg | |
32 self.args = args | |
33 self.model = model | Refer to the |
34 self.device = device \ R/
35 # solver related ~ X _ 7
36 logger.info("Setting up the optimizer...")
37 self.optimizer = make_optimizer([self.model], cfg.SOLVER)

Visible Tokens Guided by CHM Visible Tokens Guided by CPM

Fig. 4. A case study of COREGEN-0.2B. We demonstrate how COREGEN-0.2B processes code repository
contexts and present a two-dimensional visualization for clearer illustration.

The visualization results demonstrate how COREGEN processes code in a way that aligns
with a human developer. The CHM module clusters and maintains local dependencies based on
extracted dependency features, ensuring that immediate variables, parameter scopes, and nearby
logic are correctly identified. Meanwhile, the CPM projects the extracted dependency groups into
the attention representation space and analyzes their interrelations to accurately identify essential
cross-file connections. Together, these components enable the model to generate code that faithfully
preserves the intended data flow, producing precise method invocations, correct input bindings,
and valid return values.
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In contrast, methods relying solely on LCG tend to overlook long-range dependencies and often
fail to resolve the correct signature (e.g., input and output) of the target method. Similarly, RAG-
based approaches retrieve functions such as make_optimizer purely based on surface similarity,
which only provides limited support for precise and contextually correct code generation.

6 THREATS TO VALIDITY

In this section, we identify and discuss several potential threats to the validity of our study and the
steps taken to mitigate them.

Internal Validity. The primary threat is from the implementation details of the compared approaches.
To mitigate this, we carefully followed the original specifications of the baseline approaches and
verified our implementations against the reported results.

External Validity. One potential threat is the representativeness of our evaluation datasets. While
StarCoder, RepoBench and LongBench are widely recognized benchmarks, they may not cover
all possible real-world repository-level code generation scenarios. To address this concern, we
selected diverse tasks that encompass both in-file and cross-file dependencies. Regarding potential
training—test overlap, StarCoder-Long is constructed from repositories that are disjoint from the
training split by design, following the standard practice of creating held-out evaluation repositories
for language modeling benchmarks. For RepoBench and LongBench, we performed an exact-match
overlap analysis between the evaluation benchmarks and the training data. Specifically, we extracted
the ground-truth target code for each evaluation sample and performed exact line-level matching
against both the pre-training corpus of COREGEN-0.2B and the fine-tuning corpus used for all 7B
models. The overlap rate was computed as the percentage of evaluation target lines with an exact
match in the training data. This analysis identified an overlap of only 0.06% of target lines, indicating
that benchmark contamination is negligible. Additionally, our evaluation includes a 0.2B model
trained from scratch and three 7B models using a two-stage strategy. The consistent improvements
across both scales suggest promising scalability of our approach. However, we acknowledge that
fine-tuning may not fully reveal the method’s potential compared to end-to-end pre-training, which
requires computational resources beyond the capacity of most academic research groups. We leave
large-scale pre-training as future work.

Construct Validity. The metrics used (perplexity, Edit Similarity, CodeBLEU) are standard for code
generation evaluation. Perplexity assesses prediction confidence, Edit Similarity measures syntactic
alignment, and CodeBLEU captures syntax and semantics. Together, they ensure comprehensive
and valid assessment.

7 RELATED WORK

Repository-level Code Generation. Repository-level code generation extends traditional line-level
synthesis to handle complex inter-file dependencies across entire codebases. Shrivastava et al. [51]
introduced repository-specific prompt generation incorporating structural information from code-
bases. RepoCoder [64] pioneered iterative retrieval and generation for repository-level completion.
RepoFuse [31] combined analogy-based and rationale-based retrieval strategies with rank-truncated
generation. R2C2-Coder [9] introduced abstract syntax tree-based segmentation to preserve seman-
tic continuity. GraphCoder [37] leveraged code context graphs for structured retrieval. RLCoder
[58] applied reinforcement learning to optimize retrieval strategies. CodeAgent [65] integrated
tool-based agent systems for real-world challenges. Repoexec [24] introduces a repository-level
code generation benchmark and evaluation framework that assesses not only functional correctness
but also executability and context utilization across multiple files. Repoformer [59] introduces
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a selective RAG framework that trains a code LM to self-evaluate whether retrieval is neces-
sary. AlignCoder [21] addresses the query-target misalignment problem in retrieval-based code
completion by generating candidate completions to construct enhanced queries and employing
reinforcement learning to train a dedicated retriever. LongCoder [14] and SparseCoder [63] enable
models to handle long contexts by pruning tokens within the input sequence. Recent studies have
explored context inlining for repository-level code generation [16], dependency-guided C-to-Rust
translation [10], and LLM-based code complexity assessment [61], whereas COREGEN incorporates
learned multi-level dependencies directly into attention mechanisms.

Long-context Generation. Long-context generation addresses the challenge of processing sequences
longer than training data. RoPE [53] employs rotation matrices for positional encoding with
superior extrapolation properties. Position interpolation [6] and YaRN [44] modify base frequencies
to accommodate longer contexts. ALiBi [46] introduces distance-based penalties without explicit
positional embeddings. SparseK Attention [38] introduces learnable sparse patterns maintaining
linear complexity.

Retrieval-augmented Code Generation. RAG combines dense retrieval with neural generation to
access external knowledge during inference [25]. REDCODER [43] retrieves relevant code snippets
or summaries from a retrieval database and uses them as supplementary input to code generation or
summarization models. DocPrompting [70] retrieves API documentation to guide code generation.
KNN-TRANX [66] proposes a token-level similarity-based retrieval method for code generation,
enhancing the reliability and syntactic correctness of the generated code. Recent approaches include
GraphCoder [37] methods incorporating program analysis and agentic RAG with autonomous
decision-making capabilities.

8 CONCLUSION AND FUTURE WORK

In this paper, we have introduced COREGEN, a novel attention mechanism designed for repository-
level code generation. By decoupling local semantics extraction from global dependency modeling
through a hierarchical Transformer architecture, COREGEN effectively addresses the key limitations
of existing approaches. The experimental results have demonstrated that COREGEN achieves
superior performance on both perplexity metrics for long code sequences and generation quality
across repository-level tasks.

Our work demonstrates the advantages of designing novel foundational mechanisms specifically
tailored to software engineering applications, rather than adapting existing ones. This approach
has the potential to drive a paradigm shift in the emerging field of Al for Software Engineering
(AI4SE).

Future work could extend COREGEN along several directions. First, training larger models
(e.g., 7B or larger) from scratch would provide a more comprehensive evaluation of our method’s
scalability, which current computational constraints prevented us from fully exploring. Second,
COREGEN could be extended to incorporate program analysis techniques and explore applications
to other programming languages beyond Python.
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