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Abstract

Code Large Language Models face critical
Time-To-First-Token (TTFT) latency chal-
lenges when handling long code completion
due to the quadratic complexity (O(n?)) of at-
tention mechanisms. While existing sparse at-
tention methods attempt to address this issue,
they suffer from three key limitations: (1) gen-
eral sparse patterns cause excessive accuracy
degradation without considering code struc-
ture, (2) code-specific methods achieve only
logical sparsity without actual computational
speedup, and (3) limited adaptation to com-
plex scenarios such as repository-level comple-
tion. We propose SabreCoder, a training-free
Structure-aware block-sparse attention mech-
anism that bridges the gap between logical
and computational sparsity. SabreCoder parses
code into semantic chunks, constructs chunk-
level sparse patterns through dependency anal-
ysis and similarity matching, and maps them
to GPU-friendly block-sparse formats. Exten-
sive experiments on LCC and CrossCodeEval
benchmarks demonstrate that SabreCoder re-
duces TTFT by 45-55% while maintaining ac-
curacy within 3% of dense attention.

1 Introduction

Code Large Language Models (Code LLMs) have
demonstrated remarkable capabilities in code com-
pletion tasks (Guo et al., 2024; Lozhkov et al.,
2024; Hui et al., 2024). They are now widely de-
ployed as intelligent coding assistants in modern
IDEs. However, when handling long code com-
pletion scenarios (Guo et al., 2023; Ding et al.,
2023), Code LLMs face a critical challenge: the
quadratic computational complexity (O(n?)) of at-
tention mechanisms leads to high Time-To-First-
Token (TTFT) latency. This severely degrades the
developer experience during interactive coding ses-
sions.

To address the long-context generation latency is-
sue, researchers have explored various approaches.

These include model quantization, speculative de-
coding, and sparse attention mechanisms. Among
these, sparse attention reduces computational cost
by selectively attending to a subset of tokens,
thereby lowering TTFT. However, existing sparse
attention methods for long-code completion still
suffer from three critical limitations.

Gap 1: General sparse patterns cause exces-
sive accuracy drop. Prior general sparse attention
methods (Xiao et al., 2023; Zaheer et al., 2020;
Jiang et al., 2024) apply universal sparsity patterns.
These include sliding windows, statistical token
selection, random sampling, or importance-based
filtering. While these methods can reduce TTFT,
they do not consider the structural semantics of
code. This structure-agnostic approach leads to
excessive accuracy degradation.

Gap 2: Code-specific sparse patterns fail
to achieve computational sparsity. Some prior
works have explored code-specific sparse attention
for BERT-based pre-training models (Guo et al.,
2023; Wang et al., 2024). For instance, Long-
Coder treats import statements as globally visible
and uses fixed-distance bridges to aggregate long-
range dependencies. SparseCoder applies sparsity
based on identifier patterns. Although these ap-
proaches achieve superior accuracy compared to
general methods, they only realize logical spar-
sity rather than computational sparsity. The ir-
regular, scattered nature of their attention patterns
(e.g., bridges and identifiers dispersed across many
blocks) prevents efficient mapping to hardware-
friendly block-sparse kernels. This results in lim-
ited actual speedup despite a theoretical reduction
in FLOPs.

Gap 3: Limited adaptation to complex code
completion scenarios. Research has primarily fo-
cused on single-file code completion (Guo et al.,
2023). However, with the advancement of Code
LLMs, repository-level code completion (Ding
et al., 2023) has emerged as a critical research
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Figure 1: Overview of SabreCoder.

frontier. This scenario is more challenging as
it requires modeling cross-file dependencies and
repository-wide context. Existing sparse attention
methods lack proper modeling for repository-level
code completion scenarios, which often rely on the
retrieval-augmented generation (RAG) paradigm.
This leads to unacceptable accuracy degradation
after sparsification.

To address these gaps, we propose SabreCoder,
a training-free Structure-aware block-sparse atten-
tion mechanism. SabreCoder preserves code struc-
tural semantics while achieving genuine computa-
tional sparsity. By bridging the gap between logi-
cal and computational sparsity, SabreCoder signifi-
cantly reduces TTFT with limited accuracy degra-
dation.

The workflow of SabreCoder consists of three
key stages: (1) Code chunking and dependency
parsing. Given a code prefix, we divide the code
into semantic chunks, where each chunk is a syn-
tactic unit like a function, import statement, or code
block. We then extract dependencies between these
chunks. For RAG-based repository-level code com-
pletion, we treat each reference code snippet as
a chunk. (2) Chunk-level sparse pattern con-
struction. We apply four complementary sparse
patterns to selectively preserve critical code re-
lationships. These include intra-chunk attention,
dependency-based attention, similarity-based atten-
tion, and global attention. (3) Block-level sparse
mapping. We map the chunk-level sparse pattern
to GPU-friendly block-sparse format. We imple-

ment custom Triton kernels to achieve genuine
hardware acceleration.

The time complexity of our method is approx-
imately O(knL) where k is the average number
of dependencies per chunk and L is the average
chunk size. In practice, kL < n. This complex-
ity is comparable to general sparse attention meth-
ods but significantly lower than dense attention’s
O(n?) and the near-quadratic complexity of Long-
Coder and SparseCoder. Extensive experiments on
LCC and CrossCodeEval benchmarks demonstrate
that SabreCoder reduces TTFT by 45-55% while
maintaining accuracy within 3% of dense attention.
Compared to general sparse methods, SabreCoder
improves EM by 47% on LCC and 283% on Cross-
CodeEval. Compared to code-specific methods
like LongCoder, SabreCoder achieves 49% faster
inference with comparable accuracy.

Our main contributions are:

* We propose SabreCoder, a training-free
structure-aware block-sparse attention mech-
anism that bridges logical and computational
sparsity for long-code completion. To the best
of our knowledge, this is the first code-aware
sparse attention method to achieve genuine
hardware acceleration through block-sparse
execution.

* We introduce a semantic chunk-based atten-
tion framework with chunk-level sparse atten-
tion patterns. These patterns effectively model
both short-range and long-range code depen-



dencies while naturally mapping to block-
sparse computation for genuine speedup.

* We are the first to perform sparse modeling
specifically for repository-level code comple-
tion scenarios. This covers more realistic code
completion workflows and addresses cross-
file dependencies that are critical in modern
software development.

* We conduct extensive experiments across
two representative long-code completion sce-
narios. Results show that SabreCoder re-
duces TTFT by 45-55% while maintaining
within 3% of dense attention accuracy, signifi-
cantly outperforming both general and exist-
ing code-specific sparse methods. We release
the code and data at https://anonymous.
4open.science/r/SabreCoder.

2 Related Work
2.1 Long Code Completion

Code completion is a fundamental task in soft-
ware development, where models predict subse-
quent code given a prefix context. Early work fo-
cuses on single-file completion with limited con-
text (Raychev et al., 2014; Li et al., 2017). Re-
cent advances explore two main directions. Single-
file long-code completion extends context win-
dows to handle longer files. LongCoder (Guo
et al., 2023) proposes window-based sparse atten-
tion with global imports and fixed-distance bridges.
CodeLlama (Roziere et al., 2023) extends con-
text to 100k tokens through continued pre-training.
Repository-level code completion requires mod-
eling cross-file dependencies. RepoCoder (Zhang
et al., 2023a) introduces retrieval-augmented gener-
ation for repository context. CrossCodeEval (Ding
et al., 2023) provides a multilingual benchmark for
this task. RepoFusion (Shrivastava et al., 2023) pro-
poses query-aware retrieval with multi-file context
aggregation. RepoHyper (Phan et al., 2025) em-
ploys semantic graph traversal for context selection.
Despite progress, quadratic attention complexity
remains a bottleneck when handling long concate-
nated contexts.

2.2 Sparse Attention Mechanisms

Sparse attention reduces transformer complexity
by attending to token subsets. General sparse
methods employ fixed patterns without domain
knowledge. Sliding window attention (Child, 2019)
restricts tokens to local neighborhoods. Long-

former (Beltagy et al., 2020) combines local win-
dows with task-specific global tokens. BigBird (Za-
heer et al., 2020) adds random attention to local and
global patterns. Recent dynamic methods adapt pat-
terns during inference. StreaminglL. LM (Xiao et al.,
2023) identifies attention sinks (initial tokens) criti-
cal for performance. MInference (Jiang et al., 2024)
constructs sparse patterns by analyzing attention
distributions. H20 (Zhang et al., 2023b) evicts low-
attention tokens from KV cache. Code-specific
sparse methods leverage code structure. Long-
Coder (Guo et al., 2023) treats imports as globally
visible and uses periodic bridges for long-range
dependencies. SparseCoder (Wang et al., 2024)
constructs identifier-based sparse patterns. How-
ever, these methods achieve only logical sparsity.
Irregular patterns prevent efficient GPU execution,
causing limited or negative speedup. SabreCoder
addresses this gap through block-sparse mapping
that delivers genuine computational acceleration.

3 Method

Figure 1 shows the overall architecture of Sabre-
Coder. Given a code prefix, SabreCoder works in
three stages: (1) parsing code into semantic chunks
and extracting inter-chunk dependencies, (2) con-
structing chunk-level sparse patterns through intra-
chunk, dependency-based, similarity-based, and
global attention, and (3) mapping chunk-level pat-
terns to GPU-friendly block-sparse format with
custom Triton kernels for genuine hardware accel-
eration.

3.1 Code Chunking and Dependency Parsing
3.1.1 Semantic Chunking Strategy

We denote the input code prefix as X =
{z1, 9, ..., 2y}, where n is the sequence length.
We parse X into m semantic chunks C' =
{Cl, Cyuuny Cm}.

Single-file completion. We use tree-
sitter (Brunsfeld, 2018) to parse the code
into an abstract syntax tree (AST). We select
specific node types as chunks based on code
semantics. These node types include function
definitions, class definitions, and import statements.
Formally, each chunk c¢; contains a continuous
span of tokens:

axe} (D

¢i = {Ts, Tsy1, ..

where s and e denote the start and end positions.
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Repository-level completion. We follow the RAG
paradigm for repository-level tasks. We first re-
trieve k relevant code snippets from the repository.
Each retrieved snippet is directly treated as a chunk.
The preceding code is parsed into chunks using the
same method as single-file completion. This gives
us m = k + m' chunks in total, where m' is the
number of chunks from the preceding code.

3.1.2 Dependency Graph Construction

We extract dependencies between chunks to capture
code relationships. We use tree-sitter to analyze
the AST and identify dependency edges. These de-
pendencies include import relationships, function
calls, class inheritance, and variable references.

We construct a directed graph G = (V, E),
where V' = C represents chunks as nodes. An edge
(¢i,cj) € E exists if chunk ¢; depends on chunk c;.
For example, if ¢; calls a function defined in c¢;, we
add an edge from ¢; to c;.

3.2 Chunk-Level Sparse Pattern Construction

We design four complementary sparse attention
patterns. Each pattern captures different types of
code relationships. We combine these patterns to
form the final sparse attention mask.

3.2.1 Intra-Chunk Attention

Tokens within the same chunk often have strong
semantic relationships. We preserve full attention
within each chunk. For any two tokens x; and z;
in the same chunk ¢y, we set:

Minwalt, j] = Lif 2,25 € ¢, ()

where M, is the intra-chunk attention mask.

This pattern ensures that related tokens in the
same syntactic unit can attend to each other. It
preserves local context within functions, classes,
and statements.

3.2.2 Dependency-Based Attention

Code dependencies indicate semantic relationships
between chunks. We allow chunks to attend to their
dependent chunks based on the dependency graph
G.

For any two tokens x; € ¢, and x; € ¢4, we set:
Myepli, j] = 1if (¢p,¢q) € E 3)

where Mg, is the dependency-based attention
mask.

This pattern captures explicit code dependencies.
For example, a function can attend to the functions
it calls. A class can attend to its parent class.

3.2.3 Similarity-Based Attention

Not all code relationships are explicit in the depen-
dency graph. Some chunks are semantically related
but lack explicit dependencies. We use embedding
similarity to capture these implicit relationships.

For each chunk c;, we compute its embedding as
the mean of token embeddings:

1
&= > E(z) )

TjEC;

where E(z;) is the token embedding from the back-
bone model. We obtain these embeddings through
direct lookup. This requires no forward pass and
incurs limited overhead.

We compute cosine similarity between chunk
embeddings:

ei-ej

~ leil] - lleg]]

sim(ci, Cj) (5)
For each chunk c¢;, we select the top-a most

similar chunks, where « is a percentage threshold.

For any two tokens x; € ¢, and x; € ¢4, we set:

Mim[i, j] = 1if ¢4 € TopK, (cp) (6)

where TopK, (¢,) returns the top-« similar chunks
to ¢p.

In our experiments, we use the token embedding
layer from the backbone model. Since these embed-
dings are obtained through direct lookup without
forward propagation, the computational overhead
is negligible.

3.2.4 Global Attention

Some code elements require global visibility. We
identify these special tokens based on rules. These
tokens include import statements and function sig-
natures. Note that for functions, we only mark the
signature part, not the entire function body.

Let S C X denote the set of special tokens. For
any token x; € S and any token z; € X, we set:

Mglobal[iyj] = Mglobal []a Z] =1 @)

This pattern ensures that global information is
accessible to all tokens.

3.2.5 Pattern Combination

We combine the four patterns by taking their union.
The final chunk-level sparse mask is:

Mchunk = Mintra U Mdep U Msim U Mglobal (8)

This combined mask preserves multiple types of
code relationships while maintaining sparsity.



3.3 Block-level Sparse Mapping
3.3.1 Chunk-to-Block Mapping

The chunk-level mask M nun is irregular and can-
not directly leverage GPU block-sparse kernels.
We map it to a block-sparse format. We divide the
attention matrix into blocks of size B x B. For
block (p, q), we define:

max
pB<i<(p+1)B
¢B<j<(q¢+1)B

Mblock[ aQ] = Mchunk[ia.ﬂ (9)

This ensures chunk-level sparse patterns are pre-
served: whenever tokens from two chunks should
attend to each other, all corresponding blocks are
activated.

3.3.2 Triton Kernel Implementation

We implement custom block-sparse attention ker-
nels using Triton that skip computation for inac-
tive blocks where Mpjock[p, ] = 0. Following the
flash attention algorithm, our kernel only loads and
computes key-value blocks marked as active in
Mpiock, achieving genuine hardware acceleration
by avoiding sparse region computation—unlike log-
ical sparsity methods where irregular patterns pre-
vent efficient execution (detailed implementation
in Appendix B).

3.4 Extension to RAG-Based Completion

Repository-level code completion introduces cross-
file dependencies that require modeling retrieved
snippets alongside the preceding code. SabreCoder
naturally extends to this scenario through its chunk-
based design. Each retrieved snippet is treated
as an independent chunk without further subdivi-
sion, respecting semantic boundaries while avoid-
ing parsing overhead. The preceding code is still
parsed into fine-grained chunks using tree-sitter,
with dependencies extracted only within it.

The four sparse attention patterns handle this
asymmetry naturally: intra-chunk attention main-
tains coherence within each snippet, dependency-
based attention connects chunks in the preceding
code, similarity-based attention bridges retrieved
snippets with preceding code and captures inter-
snippet relationships, and global attention ensures
visibility of important elements. This extension
requires no architectural changes, demonstrating
SabreCoder’s flexibility across different comple-
tion scenarios.

3.5 Complexity Analysis

We analyze the time complexity of SabreCoder.
Let n be the sequence length and L be the aver-
age chunk size. The intra-chunk attention operates
within each chunk, contributing O (n L) complexity.
The dependency-based attention connects related
chunks with sparse edges. Let k£ denote the aver-
age number of dependencies per chunk. This con-
tributes O(knL) complexity. The similarity-based
attention selects top-k similar chunks for each
chunk, also contributing O(knL) complexity. The
global attention involves a small number of special
tokens attending to all positions. Since the number
of global tokens is also a small constant, this adds
O(n) complexity. Combining these patterns, the
overall complexity is approximately O(knL) (dom-
inated by the dependency and similarity terms). In
practice, kL < n, making the complexity close to
linear with respect to sequence length. This is sig-
nificantly lower than dense attention’s O(n?) com-
plexity. Our complexity is comparable to general
sparse methods like StreamingL.LLM and MlInfer-
ence. However, unlike code-specific methods such
as LongCoder and SparseCoder that only achieve
logical sparsity, our block-sparse format delivers
genuine computational speedup through efficient
GPU execution.

4 Experimental Setup

4.1 Datasets

We evaluate SabreCoder on two public datasets
covering two common long-code completion sce-
narios:

LCC (Long Single-File Code Completion) (Guo
et al., 2023) features single-file completion tasks
across three programming languages (Python, Java,
C#) with context lengths ranging from 1k to 32k
tokens. The dataset contains real-world code files
from open-source repositories where the model
must complete code given the preceding context.
CrossCodeEval (Repository-Level Code Com-
pletion) (Ding et al., 2023) is a repository-level
code completion benchmark covering multiple pro-
gramming languages. We select the Python and
Java subsets for evaluation. Unlike single-file com-
pletion, repository-level tasks require the model
to leverage cross-file context to generate accu-
rate completions. Following the standard retrieval-
augmented generation (RAG) paradigm for long-
context completion, we employ BM25 (Robertson
et al., 2009) as the retrieval method to retrieve the



Table 1: Performance comparison on the LCC dataset. | indicates lower is better, 1 indicates higher is better. Best
and second best results (dense methods excluded from ranking).
Method Python Java C#
TTFT, PPL, EMt FI1t ESt TTFT, PPL, EMt FIt ESt TIFT, PPL, EMt FIt ESt
Dense (Eager) - - - - - - - - - - - - - - -
Dense (Triton) 1686.72  1.19 3643 50.12 6045 1619.04 111 4889 61.50 6875 164840 1.10 40.00 59.43 68.94
Sliding Window 71238 370 698 2134 3257 681.00 379 1222 3425 4376 689.36 3.20 10.53 33.65 45.36
StreamingLLM 71691 147 2481 39.13 5079 689.12 139 36.67 5178 59.04 698.66 139 30.53 50.02 61.16
MInference 69573  1.69 2093 34.19 4474 67442 164 30.00 4471 5265 683.65 1.67 2842 47.89 59.33
BigBird 839.58  1.68 2093 3393 4473 81684 1.62 2667 4232 50.84 819.87 1.60 2947 4845 59.75
LongCoder 184145 155 3023 44.14 5452 176572 144 4111 5476 62.07 1831.53 139 3474 56.06 65.83
SparseCoder 1776.16 1,52 28.68 4343 52.66 172147 137 4000 53.82 60.56 174144 137 3158 52.14 62.92
SabreCoder (Ours) 93119 121 3643 4941 59.18 97729 114 4778 60.70 68.40 913.14 1.15 3895 57.81 69.07

most relevant code snippets from the repository and
concatenate them with the given preceding context
to construct the input prompt.

4.2 Baselines

We compare SabreCoder against three categories
of attention mechanisms:

Dense Attention. We evaluate two dense attention
implementations: Dense (Eager) and Dense (Tri-
ton). Dense (Eager) is PyTorch’s native attention
implementation with standard matrix multiplica-
tion. Dense (Triton) uses a dense Triton kernel
optimized for memory access patterns.

General Sparse Methods. We compare against
four representative approaches: Sliding Win-
dow, StreamingLLLM (Xiao et al., 2023), MInfer-
ence (Jiang et al., 2024), and BigBird (Zaheer et al.,
2020). Sliding Window restricts each token to at-
tend only to nearby tokens within a fixed window.
Streamingl.LLM employs local windows while re-
taining initial tokens as attention sinks. MInfer-
ence applies dynamic sparse attention based on
pre-computed patterns. BigBird combines local
windows, random sampling, and global tokens.
Code-Specific Sparse Methods. We evaluate
against two state-of-the-art code-specific meth-
ods: LongCoder (Guo et al., 2023) and SparseC-
oder (Wang et al., 2024). LongCoder employs lo-
cal windows, global tokens, and memory tokens
for sparsity motivated by how human program-
mers write code. SparseCoder uses identifier-aware
sparse attention patterns to capture dependencies
among code identifiers.

4.3 Evaluation Metrics

Efficiency Metric. We use the Time-to-First-
Token (TTFT) as the efficiency metric, as it sig-
nificantly affects user experience when using code
completion assistants.

Quality Metrics. We assess completion quality
using three metrics: Perplexity, Exact Match, Edit
Similarity, and Token-Level F1 score. Perplexity
(PPL) measures the model’s uncertainty in predict-
ing the next token, with lower values indicating
better language modeling capability. Exact Match
(EM) measures the percentage of samples where
the generated code exactly matches the ground
truth. Edit Similarity (ES) measures the ratio of
matching characters using the longest common sub-
sequence. Token-Level F1 score (F1) computes the
harmonic mean of precision and recall over token
sequences.

4.4 Implementation Details

Inference Setup. We conduct all experiments on
a single NVIDIA GeForce RTX 3090 GPU with
24GB memory. We use mixed precision (FP16)
for inference to reduce memory consumption and
accelerate computation. We adopt greedy decoding
to ensure consistency of output results across runs.
Additionally, to ensure the stability of the TTFT
metric, we perform warm-up before each inference.
Backbone Models. We use DeepSeek-Coder-
1.3B (Guo et al., 2024) as the backbone model
for most experiments. Additionally, we evaluate on
Qwen2.5-Coder-0.5B (Hui et al., 2024), Qwen2.5-
Coder-1.5B, Qwen2.5-Coder-3B, and StarCoder2-
3B (Lozhkov et al., 2024) to verify the generaliza-
tion in Section 5.4.

5 [Evaluation Results

5.1 Opverall Performance

Long Single-File Code Completion. Table 1
shows that SabreCoder achieves substantial
speedup (45% TTFT reduction on Python) while
preserving accuracy comparable to dense atten-
tion. Notably, SabreCoder outperforms general
sparse methods by large margins in accuracy (47%



Table 2: Performance comparison on the CrossCodeEval dataset. | indicates lower is better, 1 indicates higher is
better. Best and second best results (dense methods excluded from ranking).

Method Python Java
TTFT, PPL, EMt Fit ESt TTFT| PPL, EMt FIf ESt
Dense (Eager) - - - - - - - - - -
Dense (Triton) 178846  1.19  17.00 59.55 68.05 154862 1.16 1975 58.18 66.78
Sliding Window 72005 652 125 2246 4301 65126 479 275 27.64 4296
StreamingLLM 72553 147 450 4325 5821 65937 149 800 4502 56.73
Minference 711.82 172 725 4698 6091 64571 175 950 4334 5470
BigBird 862.62 171 675 4665 6027 785.62 172 925 4350 54.97
LongCoder 1881.59 143 1075 5116 6279 1721.90 140 11.75 5075 60.79
SparseCoder 1861.18 143 1050 51.86 6433 1629.54 138 1500 51.95 61.43
SabreCoder (Ours) 804.21 123 17.25 57.69 6692 77814 119 1875 55.68 64.81
higher EM than Streamingl..M) while maintaining CCEval
similar efficiency, demonstrating the importance L g
of structure-aware sparsity. Interestingly, code- 1500
. 2 -6
specific methods LongCoder and SparseCoder ex- é B
g . . . 1000
hibit slower inference than dense attention despite i -4 B
their logical sparsity. This counter-intuitive result = 500 L,
stems from two factors: (1) their irregular attention
patterns prevent efficient GPU kernel execution, 0
forcing fallback to element-wise operations, and
(2) the overhead of dependency analysis without .
corresponding computational benefits. In contrast, 1500 4
SabreCoder’s block-sparse format enables genuine g L,

. L . =7 .
hardware acceleration, achieving 49% faster infer- - 1000 &
ence than LongCoder with comparable accuracy. = L

= 500 2
Repository-Level Code Completion. Table 2 .
validates our repository-level modeh-ng.. Sabre— B
Coder achieves 55% speedup while maintaining ac- — Dense (Eager) StreamingLLM —e— LongCoder
curacy (17.25% vs 17.00% EM), and dramatically e~ Dense (Triton) Minference e— SparseCoder
Sliding Window BigBird =8— SabreCoder

outperforms general sparse methods. This demon-
strates that treating retrieved snippets as semantic
chunks with similarity-based attention effectively
captures cross-file dependencies. Code-specific
baselines achieve only 10% EM with slower infer-
ence than dense attention, confirming SabreCoder
as the first method to bridge structure-aware spar-
sity with computational efficiency in repository-
level completion. A qualitative case study in Ap-
pendix C.4 further demonstrates how SabreCoder
captures multi-hop dependencies.

5.2 Ablation Study

Table 3 validates the necessity of each component.
Removing similarity-based attention causes the
most severe degradation (EM: 17.25% — 6.25%),
confirming its criticality for capturing implicit
cross-file relationships. Removing global atten-
tion (EM: 11.75%) and intra-chunk attention (EM:
13.75%) both significantly harm accuracy, show-
ing that imports/signatures require global visibility

Figure 2: Scaling results on context length for LCC
(top) and CCEval (bottom) datasets. The solid lines in-
dicate TTFT (ms) corresponding to the left axis, and the
shaded bars indicate PPL corresponding to the right axis.
SabreCoder shows significantly better latency scaling
while maintaining competitive perplexity.

and tokens within syntactic units need full mutual
attention. Finally, removing block-level mapping
increases TTFT by 32% (804.21ms — 1065.55ms)
while degrading accuracy (EM: 17.25% — 7.75%),
as token-level sparsity incurs masking overhead
without reducing block computation. Additional
ablation results on LCC are in Appendix C.1.

5.3 Scaling on Context Length

Figure 2 demonstrates the scaling behavior as con-
text length increases from 2k to 14k tokens. Dense
(Triton) exhibits near-quadratic growth in TTFT,



Table 3: Ablation study on the CrossCodeEval dataset. | indicates lower is better, 1" indicates higher is better.
Performance degradation compared to the full model is shown in the superscript.

. Python Java

Configuration

TTFT| PPL| EM? F11 ESt TTFT, PPL| EMt F11 ESt
SabreCoder 804.21 1.23 17.25 57.69 66.92 778.14 1.19 18.75 55.68 64.81
w/o Intra-chunk Attn,  792.09+15%  12511:6% 13751350 55551214 65651127 836.23175%  120108%  14,00147°  48.54/714 58681013
w/o Explicit Deps. 812.76111%  1.23100% 15751150 55614208 66331059 767.89+13%  1.20108% 13750500 48351733 59041577
w/o Similarity Edges ~ 679.28+1°%  1.29T9% 25110 46711109 60,6302 633.64115%  1260°9% 9251950 4384H18 56071874
w/o Global Visibility — 858.60105%  1.28™1% 11,7550 49894780 62,691423  790.3111:6%  123134% 13251550 47,03/865 57331748
w/o Block-level 1065.55132%  1.3017%  7.751950 49131850 61,5353 1264.9612%  1.31110%  625H25  42,024130 54,5040

Table 4: Results of backbone model generalization
(TTFT in ms per sample). Due to GPU memory con-
straints, we evaluate models on 6k prompt budgets.

Model Method LCC  CrossCodeEval
Qwen2.5-Coder-0.5B lS)a?l;lrSeeCoder Bégg }Zi;g
Qwen2.5-Coder-1.5B IS)ael?rseeCoder g(l)g?; 2283;
Qwen2.5-Coder-3B IS);t[;rZeCOder g?ggg 2322?
StarCoder2-3B IS)ae‘tr>lrSeeC0der ;gggg 16083;&5

while SabreCoder shows sub-linear scaling. At
14k tokens, SabreCoder achieves 45% speedup on
LCC and 55% on CrossCodeEval. General sparse
methods maintain low TTFT but suffer from ac-
curacy degradation, while code-specific methods
scale poorly. LongCoder and SparseCoder are
even slower than dense attention at 14k tokens.
Critically, SabreCoder maintains stable perplex-
ity across all lengths, demonstrating that structure-
aware sparsity preserves modeling capability while
achieving genuine computational speedup.

5.4 Backbone Model Generalization

Table 4 validates SabreCoder across different back-
bone models and sizes. The speedup ratios re-
main consistent: approximately 17-20% TTFT re-
duction on LCC and 25-27% on CrossCodeEval
across all tested models. This consistency across
model families (Qwen2.5-Coder, DeepSeek-Coder,
StarCoder2) and sizes (0.5B to 3B parameters)
indicates that SabreCoder’s benefits are model-
agnostic and work seamlessly with various trans-
former implementations without requiring model-
specific tuning. Larger models benefit more from
sparse attention as quadratic complexity dominates
total latency, while the architectural independence
demonstrates that our chunk-based patterns cap-
ture fundamental code structure rather than model-
specific features.

5.5 Pre-computation Overhead Analysis

Table 5: Pre-computation Overhead Analysis (Latency
in ms per sample).

Stage LCC CrossCodeEval
Pre-computation 216.6 200.0
Prefill (SabreCoder)  940.5 791.2
Overhead Ratio 23.0% 25.3%

Table 5 shows that dependency extraction takes
216.6ms on LCC and 200.0ms on CrossCodeE-
val, representing 23.0% and 25.3% overhead rel-
ative to prefill time respectively. This one-time
cost is acceptable given the 45-55% speedup from
sparse attention. For interactive coding scenarios,
dependency graphs can be cached and reused for
repeated queries on the same codebase, effectively
amortizing the extraction cost to near-zero. The
chunk embedding computation requires only di-
rect lookup from the token embedding layer (typ-
ically <10ms), ensuring overall pre-computation
overhead remains manageable. Additionally, incre-
mental parsing can update only modified regions in
production deployments, further reducing overhead
for iterative workflows.

6 Conclusion

We propose SabreCoder, a training-free structure-
aware block-sparse attention mechanism that
achieves genuine computational speedup for long-
code completion. By parsing code into semantic
chunks, constructing chunk-level sparse patterns,
and mapping them to GPU-friendly block-sparse
formats, SabreCoder reduces TTFT by 45-55%
while maintaining accuracy within 3% of dense at-
tention. Experiments show significant advantages
over general sparse methods (47% EM improve-
ment on LCC, 283% on CrossCodeEval) and code-
specific approaches (49% faster than LongCoder),
demonstrating that bridging logical and computa-
tional sparsity is essential for practical deployment.



Limitations

SabreCoder has several main limitations. First, the
dependency extraction overhead (21-24% of prefill
time) may be noticeable in single-query scenarios,
though caching mitigates this in practice. Second,
our approach currently supports Python, Java, and
C# through tree-sitter parsers; extending to lan-
guages without robust parsers requires additional
engineering. Third, while block-sparse attention
reduces memory-bound operations, the speedup
ratio depends on hardware characteristics—GPUs
with higher memory bandwidth may see smaller
relative gains. Fourth, due to limited GPU memory
(24GB), our experiments are conducted on mod-
els up to 3B parameters; evaluating SabreCoder
on larger models (7B+) requires more powerful
hardware to verify scalability. Future work could
explore learned sparse patterns that bypass depen-
dency extraction, multi-language parser develop-
ment, hardware-aware block size optimization, and
comprehensive evaluation on larger model scales.
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A Extended Related Work

This section provides a comprehensive review of
related work across five key research areas that
inform SabreCoder’s design.

A.1 Sparse Attention Mechanisms

Flash Attention series (Dao et al., 2022; Dao,
2024; Shah et al., 2024) introduce 1O0-aware ex-
act attention using tiling and optimized work
partitioning, providing foundational techniques
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for SabreCoder’s efficient kernel implementation.
Linear attention methods (Katharopoulos et al.,
2020; Choromanski et al., 2021; Yang et al.,
2024b) reduce complexity from O(n?) to O(n)
through kernel approximations, while SabreCoder
maintains exact attention within selected sparse
blocks. Structured sparse attention methods in-
clude Sparse Transformers (Child, 2019) with
strided patterns, Reformer (Kitaev et al., 2020)
with locality-sensitive hashing, and XAttention (Xu
et al., 2025) using antidiagonal scoring. Unlike
these methods that use fixed patterns or statistical
proxies, SabreCoder leverages explicit code struc-
ture from AST parsing. KV cache optimization
methods (Yang et al., 2024a; Liu et al., 2024e)
complement sparse attention by reducing memory
costs and could be combined with SabreCoder for
further efficiency gains.

A.2 Code Completion and Code LL.Ms

Recent Code LLMs including StarCoder
2 (Lozhkov et al., 2024), DeepSeek-Coder (Guo
et al., 2024; DeepSeek-Al et al., 2024), and In-
Coder (Fried et al., 2023) establish strong baselines
but face efficiency challenges with dense attention
on long contexts. Repository-level completion
methods (Liu et al., 2024d; Wu et al., 2024; Ding
et al., 2024a,b) focus on retrieval strategies, while
SabreCoder addresses the complementary chal-
lenge of efficiently processing retrieved contexts.
Benchmarks including BigCodeBench (Zhuo et al.,
2024), ComplexCodeEval (Liu et al., 2024a), and
LiveCodeBench (Jain et al., 2024) emphasize
real-world complexity where structural understand-
ing is crucial. Structure-aware models (Tipirneni
et al., 2024; Sun et al., 2020; Liu et al., 2024b;
Tang et al., 2022) demonstrate that incorporating
code structure improves performance; SabreCoder
extends this by using structure to guide sparse
attention patterns.

A.3 Long Context Modeling

Positional encoding extensions (Peng et al., 2024;
Ding et al., 2024c; Chen et al., 2023) enable han-
dling longer sequences, making efficient atten-
tion mechanisms increasingly important. Lon-
gLoRA (Chen et al., 2024) demonstrates that sparse
attention during training can approximate full at-
tention at inference, supporting SabreCoder’s ap-
proach. Landmark Attention (Mohtashami and
Jaggi, 2023) uses block-based selection parallel
to SabreCoder’s structure-aware approach. Context



compression methods (Ge et al., 2024; Ren et al.,
2023) represent alternative approaches to handling
long contexts. Lost in the Middle (Liu et al., 2024c)
discovers U-shaped performance curves, motivat-
ing structure-aware attention that guides models
to relevant code regardless of position. Long-
Bench (Bai et al., 2024) establishes standard evalu-
ation protocols for long-context understanding.

A4 GPU Kernel Optimization

Triton (Tillet et al., 2019) provides the compiler in-
frastructure for SabreCoder’s custom block-sparse
attention kernels. Block-sparse GPU implementa-
tions (NVIDIA Corporation, 2021; Zhu et al., 2019;
Wang et al., 2021) establish best practices for im-
plementing sparse operations efficiently on GPUs.
Hardware-aware optimization works (Ivanov et al.,
2021; Pope et al., 2023) emphasize that achiev-
ing genuine speedup requires minimizing data
movement and understanding hardware character-
istics—principles guiding SabreCoder’s implemen-
tation.

A.5 Program Analysis and Code Structure

AST-based representations (Zhang et al., 2019;
Alon et al., 2019; Ziigner et al., 2021) provide
foundational evidence that structural code features
are essential for neural models. Graph neural net-
works for code (Allamanis et al., 2018b; Guo et al.,
2021) demonstrate how code structure can be in-
corporated into Transformer attention masks—a di-
rect parallel to SabreCoder. Structure-aware trans-
formers (Gao et al., 2022; Kang et al., 2020) and
dependency analysis (Jiang et al., 2022) support
SabreCoder’s multi-pattern attention design. Foun-
dational surveys (Allamanis et al., 2018a; Tay et al.,
2023) contextualize SabreCoder within the broader
landscape of efficient transformers and code under-
standing. Retrieval-Augmented Generation (Lewis
et al., 2020) addresses a complementary challenge;
combining RAG with sparse attention could enable
even more efficient repository-level completion.

B Implementation Details

B.1 Triton Kernel Implementation

We implement SabreCoder using custom Triton
kernels for efficient sparse attention computation.
The kernel operates on block-level sparsity where
each block is 64x64 tokens. Algorithm 1 shows the
core computation logic.
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Algorithm 1 Block-Sparse Attention Kernel

Require: Q, K,V € RBXHXLXD plock indices
1, block counts C
Ensure: O € RB*HXLxD
1: Mg (L/64-|
2: fori =0to Mg —1do

3:  Load query block Q; € R64xP

4 Initialize: acc < 0, 1; < 0, m; < —o0

5: forj=0toC[i]—1do

6: k < I[i, j] {Get active block index}

7 Load key block K}, and value block Vi,

8 S +— QK g /v/D {Compute attention
scores }

9: Apply causal mask to S

10: Update acc, [;, m; via online softmax

11:  end for

12: O, < acc/l; {Normalize output}

13: end for

The kernel achieves true sparse acceleration by
skipping computation for blocks not in the ac-
tive set. We use online softmax (Milakov and
Gimelshein, 2018) to handle numerical stability
without materializing the full attention matrix.

B.2 Code Segmentation with Tree-sitter

We choose tree-sitter for code parsing due to its ro-
bust handling of incomplete or partial code. Unlike
traditional parsers that fail on syntax errors, tree-
sitter employs a GLR (Generalized LR) parsing al-
gorithm with error recovery, allowing it to generate
partial Abstract Syntax Trees (ASTs) even when
code is syntactically incomplete. When encoun-
tering errors, tree-sitter marks problematic nodes
as ERROR nodes while continuing to parse sur-
rounding valid code. This error-tolerant design,
combined with its incremental parsing capability,
makes tree-sitter particularly suitable for process-
ing real-world codebases that may contain tem-
porarily incomplete files or syntax errors during
development.

We use tree-sitter parsers to extract code struc-
ture across Python, Java, and C#. The segmentation
process creates chunks for functions, classes, meth-
ods, and imports. For each chunk, we record its
byte span, line range, and signature region (defini-
tion line plus first docstring line for Python, similar
for Java/C#).

We ensure complete line coverage by creating
MODULE_CODE chunks for any uncovered re-
gions between semantic chunks. This prevents un-



Table 6: Ablation study on the LCC dataset.

. Python Java C#
Configuration
TTFT PPL EM F1 ES TTFT PPL EM F1 ES TTFT PPL EM F1 ES
SabreCoder 931.19 1.21 3643 4941 59.18 97729 1.14 4778 60.70 68.40 913.14 1.15 3895 57.81 69.07
w/o Intra-chunk Attn. 936.17 123 27.13 42.84 5344 953.04 1.15 3556 5423 6236 911.88 1.17 32.63 5283 6491
w/o Explicit Deps. 92525 1.22 3023 4643 56.09 94259 1.14 3889 56.62 6485 88523 1.14 36.84 5586 66.04
w/o Similarity Edges ~ 814.81 124 27.13 43.09 5254 75986 1.19 31.11 51.00 60.54 73097 1.16 31.58 5289 63.83
w/o Global Visibility ~ 92741 136 1550 30.62 4437 961.71 120 30.00 4847 5830 92542 121 3053 52.87 64.17
w/o Block-level 138498 125 2946 4498 55.84 143574 1.19 31.11 49.34 5829 1507.58 1.14 3474 55.08 65.12
CCEval python CCEval java LCC python LCC java LCC csharp
3000
2500
2 20 i ~ i d
é’ 1500- ; # / i s S ] A i y af a J . - » | .
E 1000 — if i o o —
" 500 / -%;//Z/_‘ / / [ st
0

L S S T U SV S SN E RN S S S

o

L

R R S O SN

Context length (tokens)

+— Dense (Triton) Dense (Eager) Sliding Window StreamingLLM

Minference BigBird —— SparseCoder —— LongCoder —— SabreCoder

Figure 3: Detailed TTFT (ms) scaling results on five different programming language subsets. SabreCoder
consistently maintains superior scaling efficiency compared to both dense and code-specific sparse baselines as the

context length increases.

defined behavior in token-to-chunk mapping. The
implementation uses an iterative depth-first traver-
sal to avoid recursion limits on deeply nested code.

B.3 Cross-Reference Analysis

We extract function calls and class inher-
itance using tree-sitter’s syntax tree. For
function calls, we locate nodes of type call
(Python), method_invocation (Java), or
invocation_expression (C#), then extract the
callee name from the last identifier in the subtree.
For inheritance, we extract base type names from
class declaration nodes.

The cross-reference analyzer is best-effort and
name-based. It does not resolve namespaces or
perform full type analysis, making it efficient and
robust to incomplete or invalid code in retrieval
contexts.

B.4 Chunk Similarity Computation

We compute chunk similarity using token embed-
dings from the model’s embedding layer. For
each chunk, we extract up to M pyni tokens (de-
fault 256), embed them, and take the mean em-
bedding as the chunk vector. We then compute
cosine similarity between all chunk pairs and select
the top-k neighbors for each source chunk, where
k = min(Kmaz, [P - Niarget]). Here p is the simi-
larity ratio (default 0.4) and k,;,4, is the maximum
neighbors per chunk (default 16).

This approach scales to long contexts because
we operate on chunk-level vectors rather than full
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token sequences. We cache chunk vectors across
samples with the same code to avoid redundant
embedding lookups.

C Additional Experimental Results
C.1 Ablation Study on LCC

We provide additional ablation study results on the
LCC dataset to complement the analysis presented
in Section 5.2. Table 6 shows the performance of
SabreCoder and its variants across Python, Java,
and C# programming languages. The results are
consistent with our findings on CrossCodeEval:
removing similarity-based attention causes signif-
icant accuracy drops (e.g., EM decreases from
36.43% to 27.13% on Python), while removing
block-level mapping increases TTFT by approx-
imately 49% (from 931.19ms to 1384.98ms on
Python), confirming that both semantic modeling
and efficient execution are essential for achieving
the balance between speed and accuracy.

C.2 Hyperparameter Tuning Process

We tune chunk similarity hyperparameters using a
two-stage grid search. In stage one, we fix k;qp =
8 and search over top-p € {0.2,0.3,0.4,0.5} on
a 100-sample validation set. In stage two, we
fix the best p from stage one and search over
kEmaz € {8,16,32}. The crossfile ratio is set to
half of the main ratio by default, then fine-tuned
independently for CCEval datasets. This process
balances computational cost (grid search) with per-



# utils.py: 115 - 129 [l

# def agg_diff_fe_calc(input_data: List[float], agg_length: int) -> list:
4

s for a n input list

ut data.

diff_func
diff =

Callable[[Any, Any], None

# diff.append(diff_fun
return diff

from typing import List

from common. constants import Constants
from common.utils import Utils [l

Dependency Attention captures
the multi-hop Information

1, algorithm_type: str, anomaly_duration: int)

Check if the current data is &imilar to the historical data

return: True if the curredt data is similar to the historical data

agg_list = utils. [l

agg_diff_fe_calc(self.detect_data, self.anomaly_duration)

agg_diff_fe_calc(self.detect_data, self.anomaly_duration)
aggregate_list(self.detect_data)
get_agg_list(self.detect_data, self.anomaly_duration)

get_agg_list(self.detect_data, self.anomaly_duration)

get_agg_list(self.detect_data, self.anomaly_duration)
agg_diff_fe_calc(self.detect_data, RATE)

agg_diff_fe_calc(self.detect_data, RATE)

Figure 4: A case from the CrossCodeEval dataset.

formance (per-dataset tuning). We find that the
optimal parameters vary significantly across lan-
guages: C# benefits from higher similarity ratios
likely due to more verbose code, while Python
works best with moderate ratios.

C.3 Detailed Latency Scaling across Subsets

Figure 3 provides a comprehensive breakdown of
the TTFT scaling trends across five different pro-
gramming language subsets. Consistent with the
average trends observed in the main text, Sabre-
Coder (red line) exhibits stable, near-linear growth
in TTFT across all scenarios, significantly outper-
forming the Dense (Eager) baseline which suffers
from OOM at 8k tokens. Notably, while some
code-specific sparse models are designed for long
contexts, their computational overhead in manag-
ing complex sparse patterns causes their TTFT to
exceed even the Dense (Triton) implementation at
14k tokens in several cases. In contrast, SabreCoder
effectively maintains the TTFT below 1000ms in
all tested subsets, demonstrating the robustness
and generalizability of our structure-aware spar-
sity across diverse coding syntaxes and sequence
lengths.
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C.4 Case Study: Long-Range Multi-Hop
Dependency Capture

Figure 4 illustrates SabreCoder’s ability
to capture long-range multi-hop depen-
dencies. In this repository-level comple-
tion example, the task requires calling

Utils.agg_diff_fe_calc(self.detect_data,
self.anomaly_duration), which involves
understanding: (1) the Utils class imported from
common.utils, (2) the correct method name based
on the class’s data processing purpose, and (3)
the parameter self.anomaly_duration from
the constructor rather than the constant RATE.
General sparse methods fail with incorrect pre-
dictions like aggregate_list or get_agg_list,
while code-specific methods LongCoder and
SparseCoder predict the correct method but use
the wrong parameter RATE. SabreCoder success-
fully captures this multi-hop dependency chain
through dependency-based attention (connecting
imports and class structure), intra-chunk attention
(preserving constructor-to-usage relationships),
and similarity-based attention (identifying related
data processing operations), demonstrating the
effectiveness of structure-aware sparsity for
complex repository-level reasoning.
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