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Abstract

While large language models (LLMs) have
mastered syntax-level code generation, com-
plex algorithmic reasoning remains a challenge,
typically addressed by scaling model depth and
parameter count. Universal Transformers (UT)
offer a compelling alternative by introducing
a recurrent inductive bias that aligns with the
recursive nature of programming logic. How-
ever, training looped architectures at scale has
historically been hindered by severe instability
and optimization difficulties associated with
backpropagation through time (BPTT). We
present LoopCoder (40B-A80B) pre-trained
on 12T+ code and general tokens, along with
LoopCoder-Thinking and LoopCoder-Instruct
variants, the first large-scale looped transformer
for code, achieving comparable performance
to standard dense architectures with more pa-
rameters. Unlike prior approaches that restrict
recurrence to small-scale tasks, we implement
a comprehensive looped training protocol span-
ning both pre-training and post-training phases.
We initiate the model via dense-to-loop trans-
formation, folding a pre-trained dense check-
point to initialize a recurrent block, followed
by rigorous looped pre-training and specialized
post-training for instruction following and rea-
soning. Our results establish a robust recipe for
scaling coding intelligence via recurrent com-
putation, proving that dense checkpoints serve
as an optimal foundation for evolving into dy-
namic, looped reasoners.

1 Introduction

The ability to generate and reason about computer
code is a cornerstone of modern Large Language
Models (LLMs) (Yang et al., 2025). The domi-
nant recipe for improving this capability has been
the dense scaling law (Hoffmann et al., 2022; Luo
et al., 2025), stacking identical Transformer layers
in depth to increase the model’s capacity for hierar-
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Figure 1: LoopCoder mechanism. During training and
inference, the model recurrently predict output tokens
with shared weights, using the latent representations
produced by the previous iteration.

chical abstraction. While effective, this approach
rigidly couples reasoning depth with memory foot-
print, resulting in static computation graphs that
cannot dynamically adapt to problem complexity.

Theoretical frameworks like the universal Trans-
former (UT) (Dehghani et al., 2019) propose a
more elegant solution: recurrence over depth. By
sharing weights across layers, UTs introduce a re-
current inductive bias that naturally mirrors the
iterative and recursive control flows (e.g., loops,
recursion) inherent in programming languages. Re-
cent studies, such as the universal reasoning model
(URM) (Gao et al., 2025), have validated this
potential on abstract reasoning benchmarks like
ARC-AGI (Chollet et al., 2025), showing that
looped models can achieve high parameter effi-
ciency through iterative refinement. However, scal-
ing these benefits to real-world software engineer-
ing tasks has remained elusive. Training deep
looped networks at scale is notoriously unstable,
suffering from vanishing or exploding gradients in-
herent to backpropagation through time (BPTT).
Consequently, prior attempts have struggled to
match the performance of well-optimized dense
baselines, often failing to stabilize the architecture
during the critical heavy-lifting phases of training.

In this work, we bridge this gap with LoopCoder
as shown in Figure 2, a large-scale looped cod-
ing model that not only matches but surpasses the
convergence efficiency of equivalent dense mod-
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Figure 2: Benchmark performance of LoopCoder and its counterparts. We refer the LoopCoder-Thinking perfor-
mance for LiveCodeBench v6 as its reasoning nature, and the performance of rest point to LoopCoder-Instruct.

els. We depart from the traditional view of recur-
rence as merely a fine-tuning trick. Instead, we pro-
pose a holistic full-lifecycle looped protocol: (1)
Dense-to-Loop Initialization: Initialize recurrent
blocks from folded pre-trained dense checkpoints
to preserve syntactic knowledge while enabling
weight-sharing. (2) Looped Pre-training: Continue
pre-training with looped architecture on large code
corpora, allowing latent representations to adapt to
recurrent inductive bias. (3) Looped Post-training:
Fine-tune through SFT and CoT, leveraging the
loop structure as a natural carrier for reasoning
processes.

Our contributions are as follows: (1) Large-Scale
Viability: The first successful training of a large-
scale looped transformer for code using a continu-
ous pre-training and post-training protocol, achiev-
ing advanced performances on multiple coding
tasks. (2) Mechanism Analysis: We investigate
why our pre-training and post-training Loop strat-
egy succeeds where others failed, providing em-
pirical evidence that early adaptation in the pre-
training phase is essential for mitigating BPTT in-
stability. (3) Emergent Reasoning: We show that
LoopCoder, trained as a thinking model, can verify
and refine code logic through dynamic recurrence,
outperforming static dense models on complex al-
gorithmic tasks.

2 LoopCoder

2.1 Model Architecture

For the LoopCoder series (i.e., LoopCoder-40B-
A80B-Loop), we adopt a loop transformer architec-
ture inspired by the Parallel Loop Transformer (Wu
et al., 2025b,a). Specifically, given input embed-
dings E = (ey,e9,...,ey,). Let H® denotes the
hidden states from the [-th iterations, with the ini-
tial hidden states given by H") = f,(E). The
transformer layers are executed in two fixed itera-

tions (i.e., L = 2 loops):

H"Y = fy(E+Shift(HY 1), 1=1,..,L—1. (1)

where fy denotes the transformer block with shared
parameters 6 across loops and Shift(H', 1) indi-
cates shifting H' by [ positions. In the second
iteration, for each layer, we compute the query,
key, and value projections as Q¥ = H (Z)WQ,
K® = HOWg, and VP = HOW,. Sim-
ilarly, we cache the key-value pairs from the first
iteration as K™ and V1),

We then compute two types of attention outputs:
(1) Global Attention: The queries from the second
iteration attend to the key-value pairs from the first
iteration, enabling the model to refine its represen-
tation based on the complete sequence context:

Ogiobat = Attention(Q?, KW vy (2)

(2) Local Attention: The queries attend to the key-
value pairs of preceding tokens within the second
iteration, preserving causal dependencies:
Oocal = Attention(Q?, K(<2t), V(<2t)) 3)
The final output is obtained by a gated combination

of these two attention outputs, where the gating
weights are derived from the query representations:

g=0(QPW,) @)

0= go Oglobal + (1 - g) ©® Olocal (5)

where o(-) denotes the sigmoid function, W is
a learnable projection matrix, and ® represents
element-wise multiplication.

Unlike the original Parallel Loop Transformer, our
implementation does not incorporate the token-
shifting mechanism and does not include optimiza-
tions specifically designed for downstream infer-
ence efficiency.

16210



Model Size

Layers Hidden Size

Intermediate Size

Attention Max Context Query Heads

KV Heads Vocabulary Activated Params

Dense Models

DenseCoder-40B-Base 80 5120 27648 GQA 131072 40 8 76800 80B

DenseCoder-40B-Instruct 80 5120 27648 GQA 131072 40 8 76800 80B

DenseCoder-40B-Thinking 80 5120 27648 GQA 131072 40 8 76800 80B
Loop Models

LoopCoder-40B-Base 80 5120 27648 GQA 131072 40 8 76800 80B

LoopCoder-40B-Instruct 80 5120 27648 GQA 131072 40 8 76800 80B

LoopCoder-40B-Thinking 80 5120 27648 GQA 131072 40 8 76800 80B

Table 1: Architecture of LoopCoder.

2.2 Stabilizing Recurrence: Adaptation and
Gradient Control

While the recurrent inductive bias of LoopCoder
offers theoretical advantages, realizing these ben-
efits at scale presents a formidable optimization
challenge. A prominent obstacle is the instability
associated with BPTT. As the network is unrolled
over multiple iterations, the deep computational
graph often induces chaotic gradient dynamics. In
our preliminary experiments, we observed severe
gradient explosion, where the accumulation of er-
ror signals across loop steps destabilized the shared
weights, impeding effective convergence.

Our strategy to address the optimization hurdle is
through strategic initialization, i.e., adapting the
model into loop mode from continual pre-training
stage. Training a looped model from scratch re-
quires the shared parameters to simultaneously
learn syntactic structures and recursive logic, a
cold start scenario that significantly exacerbates
instability. We propose a dense-to-loop adaption,
grounded in the structural isomorphism between
residual networks (Elman, 1990) and looped Trans-
formers (unrolled RNNs). Formally, a standard
dense Transformer models updates hidden states
via the mapping H = fp(E). This formulation
can be viewed as a discretized approximation of a
continuous dynamical system, where distinct lay-
ers parameterized by 6 drive the state evolution.
We hypothesize that the vector fields learned by
these distinct dense layers share a common func-
tional manifold. Based on this insight, we “fold”
the pre-trainied dense checkpoints by aggregating
weights from representative blocks to initialize the
LoopCoder. This strategy provides a robust starting
point where the spectral radius of the transforma-
tion is well-behaved, allowing the optimization pro-
cess to focus on adapting to the recurrent constraint
rather than learning representations ab initio.

2.3 Infrastructure Design of LoopCoder

The training of LoopCoder necessitated a total of
over million GPU hours. Given this immense com-
putational scale, our infrastructure design focuses

on two core pillars: maximizing computational ef-
ficiency and ensuring system reliability. To achieve
high efficiency, we minimize memory bandwidth
and communication latency through fused kernel
optimizations. Concurrently, to guarantee relia-
bility, we deploy a rigorous silent error detection
strategy to safeguard training correctness against
hardware instabilities.

Fused Gated Attention Kernel. Equations 2-5
as independent kernels incur redundant data trans-
mission of intermediate results between HBM and
on-chip SRAM. To address this, we implement a
Fused Gated Attention Kernel to integrate these
computation steps. This design not only eliminates
unnecessary memory bandwidth consumption as-
sociated with intermediate results, but also signifi-
cantly reduces kernel launch overhead.

Context Parallelism. Ring Attention (Liu et al.,
2023a) enables the training of ultra-long context
models by achieving global attention through the
circulation of Key-Value (KV) shards. However,
existing implementations face limitations: Trans-
formerEngine (NVIDIA, 2025) lacks support for
local attention mechanisms, while AllGather-based
approaches (Grattafiori et al., 2024) achieve this
functionality by collecting global KV shards, incur-
ring additional memory overhead. To address these
challenges, we integrate shared-memory communi-
cation primitives within the Fused Gated Attention
kernel to enable point-to-point transmission of the
KV shards required by context parallel ranks. This
design realizes the gated attention operator with
reduced memory overhead, and allows for more
fine-grained hiding of communication latency.

Silent Error Detection. Silent errors, which com-
promise training correctness without triggering ex-
plicit system exceptions, are identified using a two-
fold detection strategy. First, we employ deter-
ministic re-computation to isolate faulty nodes by
verifying the consistency of results across repeated
executions. Second, we extract tensor fingerprints
from GPU memory to validate invariant conditions.
These invariants represent strict logical constraints
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derived from the training recipe, exemplified by the
requirement that parameter replicas within a data
parallel group remain numerically identical prior
to the forward pass.

2.4 Stagel: General Pre-training

General Corpus Proccessing We construct a
corpus from Common Crawl using a multi-stage
pipeline: (1) regex-based cleaning to remove noise;
(2) hierarchical deduplication via exact matching
and embedding-based fuzzy methods; (3) bench-
mark decontamination; (4) AST analysis for code
syntax validation. We train domain-specific qual-
ity classifiers for text, code, and math that outper-
form FastText by emulating larger models’ assess-
ments of information density, educational value,
and toxicity. For code-related factuality, we gener-
ate 66M instruction samples during pre-training us-
ing LLMs to create objective, unambiguous, time-
invariant QA pairs with single correct answers.

Repository Transition To construct a dataset
suitable for learning repository evolution patterns,
we design a triplet construction strategy based on
project lifecycle. For each code repository, the sys-
tem constructs triplets of the form (R4, P, Rnew)s
where R,;q represents the project’s code state at a
stable development phase, P denotes the patch in-
formation capturing differences between two code
states, and R, represents the code state after
a series of development iterations. The starting
point selection follows a project maturity princi-
ple: commits are selected within the 40%-80% per-
centile range of the project lifecycle. This interval
corresponds to the mature development phase of
the project, where the codebase is relatively stable,
avoiding both the uncertainty of early development
and the fragmented changes typical of late-stage
maintenance. This approach ensures that training
data reflects authentic software development pat-
terns. Based on the selected starting point, the
system searches forward for appropriate endpoint
commits to form complete triplets. The search strat-
egy considers the quality and representativeness of
code changes, ensuring that each triplet captures
meaningful development iteration processes. This
construction method generates training data that
maintains the temporal continuity of code evolution
while ensuring data diversity and information den-
sity, providing a theoretically sound foundational
dataset for LLM to learn complex code transforma-
tion patterns.

Code Completion Code completion is a funda-
mental capability of code intelligence. This profi-
ciency is primarily enhanced by training on data
constructed in the Fill-In-the-Middle (FIM) (Bavar-
ian et al., 2022) format. In the FIM paradigm, a
code document is partitioned into three segments:
prefix, middle, and suffix. The training objective
is to predict the middle content based on the pro-
vided prefix and suffix. File-level FIM focuses on
individual documents, where the segments are con-
catenated for training as illustrated in Figure 4. Fur-
thermore, Repo-level FIM extends this approach
by incorporating semantically similar code snip-
pets from the same repository as additional context
to assist in predicting the middle segment. The
structure of this task is shown in Figure 5. We pri-
marily employ two strategies for code completion
data construction: heuristic-based and multi-level
syntax-based construction (Yang et al., 2024).

The heuristic-based approach consists of two tech-
niques: random boundary splitting and random
line splitting. Random boundary splitting parti-
tions code documents at a character-level granular-
ity, which enhances the model’s generalization and
improves its performance in generating large code
blocks or continuing from specific characters. In
contrast, random line splitting selects a specific line
within the document as the target for completion,
which better aligns with typical user interaction
patterns. The syntax-based approach leverages the
inherent structural properties of source code. By
utilizing Abstract Syntax Tree (AST) representa-
tions, we extract code segments from various nodes
with different characteristics. This method ensures
both the randomness of the training data and the
structural integrity of the code. We implement sev-
eral hierarchical levels, including expression-level,
statement-level, and function-level. Based on these
nodes, we construct multi-language and multi-level
completion data for both file-level and repo-level
tasks, significantly enhancing the diversity of the
training samples.

2.5 Stage2: Mid-Training

We design the mid-training process in two stages to
improve capability growth while controlling com-
putational cost. Both stages use the same core
data categories: Reasoning QA (including coding,
math, and logic), Agent trajectory data, Com-
mit data, File-level and Repository-level FIM
data, and filtered Stage 1 samples to maintain
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Pre-Training

Pre-train Phase 1
General Data/Code Data

Mid-Training

Mid-train Phase 1
— 32k Reasoning /
Agentic / Code /...

Annealing Phase 2
High Quality Code

Post-Training
Midta Phase 2 Post-train Phase 1
128k Reasoning / G | & Code SFT
Agentic / Code /... enera ode

Post-train Phase 2
Instruct RL

Figure 3: Training pipeline of LoopCoder .

File-level Completion

<|fim_prefix|>{code_pre}<|fim_suffix|>
{code_suf}<|fim_middle|>{code_mid}<|im_end|>

Figure 4: Illustration of the File-Level Fill-In-the-
Middle (FIM) input format.

Repository-level Completion

<|repo_name|>{repo_name}
<|file_sep|>{file_path1}

{file_content1}

<|file_sep|>{file_path2}

{file_content2}

<|file_sep|>{file_path3}
<|fim_prefix|>{code_pre}<|fim_suffix|>
{code_suf}<|fim_middle|>{code_fim}<|im_end|>

Figure 5: Illustration of the Repo-Level Fill-In-the-
Middle (FIM) input format.

distribution continuity. Stage 2.1 (32K) selects
representative samples from each category and fo-
cuses on stabilizing behavior at moderate sequence
lengths, allowing the model to absorb new signals
efficiently. Stage 2.2 (128K) introduces a new set
of 32K samples (non-overlapping with Stage 2.1
and accounting for roughly one-tenth of this stage)
alongside dedicated 128K data across the same
categories, extending the model’s effective con-
text range for repository-level reasoning and tool-
interaction workflows. This staged structure en-
ables long-context adaptation without excessive
compute demands. Each stage contains approxi-
mately 300B tokens, resulting in 600B tokens in
total for mid-training.

Math and Code Reasoning QA for math and
code functions like a “reasoning runtime” installed
into the model: it rewards explicit decomposition,
persistent state tracking, and internal consistency
checks, so multi-step solutions behave less like
pattern replay and more like controlled execution.
This direction matches recent open reasoning-data
and verifiable-answer training that aim to push
general reasoning rather than narrow task tricks
(Guha et al., 2025). When pretraining or continual
pretraining is also seeded with explicit or latent-
thought traces, the model gains a stronger internal
scaffold for long-form derivations, making difficult

Stage2.2

Stage2.1
Dataset ‘ (32K) ‘ (128K) ‘ ALL
| Tokens (B)
Reasoning QA 175 65 240
Agent Trajectory 10 110 120
Commit 5 35 40
File-Level (50% FIM) 35 5 40
Repo-Level (50% FIM) 5 35 40
DownSampling Stagel 70 50 120
ALL | 30 | 300 | 600

Table 2: Token statistics across Stage2.1 and Stage2.2.
math proofs and code synthesis more stable under
distribution shift (Zelikman et al., 2024; Su et al.,
2025; Ruan et al., 2025).

Agent Agent trajectory data is training for
“closed-loop intelligence”: the model learns to act,
observe, revise, and continue, while keeping its
plan consistent with earlier signals such as tool out-
puts, edited files, and partial failures. More impor-
tantly, trajectories carry dense environment state
and rich exchange data with that environment (com-
mands, logs, file diffs, test results, error traces),
which can be seen as early “code world” ground-
ing: a concrete substrate that links symbols to ex-
ecutable consequences. This turns tool use from
a single-shot call into a coherent control process,
improving long-horizon completion, recovery af-
ter wrong turns, and goal retention across many
steps. It also makes agentic synthetic data a scal-
able fuel source: agentic pipelines can generate
large volumes of trajectories that are directly us-
able for pretraining or continual pretraining.

3 Post-Training

Post-training transforms pre-trained models into
specialized code intelligence systems through su-
pervised fine-tuning and reinforcement learning.
This phase leverages instructional data spanning
code engineering, mathematics, agentic capabili-
ties, and general conversation, employing model-
in-the-loop synthesis coupled with execution-based
verification.

3.1 Data Construction

A model-centric Al code training framework where
LLMs generate verified training data across 10 do-
mains: API orchestration (3-stage verification),
full-stack engineering (TDD), competitive pro-
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Model |  Agentic Coding

| General Tool Use |

Aider-Polyglot ‘ Mercury ‘ Text2SQL

| TB TB2.0 SWE-V|M2W BFCL V3 | Diff P@2 Whole P@2 | Beyond@1 Pass@1|Bird Spider

6B+ Models
DeepSeek-Coder-V2-Lite-Instruct | 5.0 0.0 - 26.7 13 22 76.8 914 |41.6 724
Qwen2.5-Coder-7B-Instruct 6.3 0.0 - 38.4 54.2 1.8 4.9 69.9 84.8 53.1  79.8
Seed-Coder-8B-Instruct 75 25 - 382 6.2 5.3 78.5 93.8 |447 727

13B+ Models
Qwen2.5-Coder-14B-Instruct 88 00 - 42.7 59.9 8.0 8.0 76.7 883 |59.1 813
Qwen3-Coder-30B-A3B-Instruct 23.8 238 519 36.1 63.4 284 293 81.1 953 |[59.0 80.9

20B+ Models
DeepSeek-v3.2 23.8 464 73.1 47.2 68.8 - - 81.6 96.9 |[526 779
Qwen2.5-Coder-32B-Instruct 5.0 4.5 - 325 62.3 8.4 14.7 79.1 96.1 62.1 839
Qwen3-235B-A22B-Instruct-2507 | 15.0 13.5 452 | 49.0 712 533 573 80.4 969 |62.8 8l1.1
Qwen3-235B-A22B-Thinking-2507 | 8.8 3.4 446 | 432 71.9 253 - 61.2 703 [352 426
Qwen3-Coder-480B-A35B-Instruct |37.5 23.6 67.0 | 54.0 68.7 57.8 61.8 80.2 96.1 |613 812
Kimi-Dev-72B - 23 60.4 - 55.5 12.0 20.0 59.1 69.5 - -
Kimi-K2-Instruct-0905 445 27.8 69.2 534 70.3 60.0 50.7 76.1 90.6 |60.4 8l1.1
Kimi-K2-Thinking 47.1 337 713 55.7 - - - 73.0 852 |40.6 49.6
KAT-Dev 17.5 10.1 62.4 33.7 64.7 8.9 342 75.1 89.1 522 716
KAT-Dev-72B-Exp 213 79 74.6 - - 16.4 15.6 79.0 945 |[352 60.3
GLM-4.7 363 41.0 73.8 53.7 64.8 - - 74.1 86.7 | 465 624
DenseCoder-40B-Instruct 482 25.0 724 | 615 70.9 62.4 60.5 81.2 912 | 654 80.0
LoopCoder-40B-Instruct 51.3  33.0 76.2 | 62.5 73.9 68.9 62.3 82.2 94.1 |69.9 84.0

Closed-APIs Models

Gemini-3-Flash-preview 53.8 47.6 78.0 60.6 - - - 78.4 89.5 |66.6 872
Gemini-3-Pro-preview 46.3 542 76.2 60.3 78.2 91.9 929 83.1 96.1 67.5 87.0
Claude-Opus-4.5 475 593 80.9 579 78.9 89.4 87.1 829 96.9 |[66.0 76.0
Claude-Sonnet-4.5 51.0 50.0 712 58.6 71.7 78.8 - 82.5 97.7 | 625 80.1
GPT-5.1 350 476 76.3 55.1 64.4 63.1 65.3 81.9 96.1 |533 77.6

Table 3: Comprehensive evaluation across agentic coding (Terminal-Bench, Terminal-Bench 2.0, SWE- Verified),
general tool use (Mind2Web, BFCL V3), code editing (Aider-Polyglot), code efficiency (Mercury), and Text2SQL
(Bird/Spider). TB=Terminal-Bench, SWE-V=SWE-Verified, M2W=Mind2Web, P@2=Pass @2.

gramming (8K problems), code reasoning (con-
straint satisfaction), Text-to-SQL (inverse gen-
eration), code editing (commit diffs), terminal
ops (Docker verification), repo-level engineering
(Issue-PR matching, 30% to 70% build success),
tool usage (4-stage progressive), and GUI agents
(multimodal web). Features execution verification,
subjective domain integration, complete dev trajec-
tories with failures, multi-agent collaboration, and
hybrid SL+RL training. More Details can seed in
Appendix.

3.2 Large-Scale Supervised Fine-Tuning

Scale and Objectives Post-training processes
token counts approaching pre-training scale, in-
jecting dense task-specific knowledge underrepre-
sented in pre-training: rare API patterns, special-
ized algorithms, and nuanced reasoning strategies.

Optimization Infrastructure Sequence Pack-
ing. Aggressive packing concatenates samples into
extended sequences with cross-sample attention
masking, substantially improving efficiency while
potentially improving task-switching. Learning
Rate Dynamics. Cosine annealing uses conser-
vative peak rates decaying to minimal terminal
rates. Extended low-rate annealing phases prove

critical for stable convergence with consistent be-
havior. Curriculum Learning. Three-phase cur-
riculum sequences data by difficulty. Phase one
focuses on format alignment and basic instruction-
following. Phase two introduces specialized knowl-
edge with difficulty-aware sampling. Phase three
emphasizes frontier challenges with adversarial ex-
amples. This substantially outperforms random
sampling on complex benchmarks.

Quality Control and Verification Execution In-
frastructure. Comprehensive sandboxes support
extensive language coverage with compilation, test
execution, and profiling. Only zero-error samples
enter training. Extended semantics capture execu-
tion traces, memory profiles, performance metrics,
and coverage statistics. Mathematical verification
employs symbolic computation engines and for-
mal proof assistants. Subjective Quality Assess-
ment. Multi-agent debate protocols evaluate do-
mains lacking objective ground truth through inde-
pendent scoring, peer review, and weighted voting
calibrated against human preferences. Contamina-
tion Prevention. Multi-level detection combines
exact n-gram matching, fuzzy string matching, and
semantic similarity. Aggressive deduplication via
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MinHash LSH consistently improves generaliza-
tion, demonstrating quality dominates quantity.

3.3 Multi-Objective Optimization

Alignment Tax Mitigation Specialized improve-
ments risk degrading general performance due to
finite parameter capacity and distribution shift. Re-
play Buffer Regularization. Replay buffers con-
taining high-quality pre-training samples prevent
representation collapse through quality-first sam-
pling. Dynamic Mixture Adaptation. Real-time
monitoring evaluates comprehensive benchmarks.
Performance degradation triggers increased sam-
pling weights; plateaus trigger reductions. This
navigates Pareto frontiers efficiently. Composi-
tional Mixture Design. Final mixtures reflect em-
pirical optimization with hierarchical structure en-
abling precise capability control.

Reinforcement Learning from Verifiable Feed-
back For reinforcement learning on competition-
style coding tasks, under a maximum context
length of 96K, we adopt the GRPO (Shao et al.,
2024) algorithm, remove the KL penalty, and
incorporate the Clip-Higher strategy inspired by
DAPO (Yu et al., 2025) to expand the exploration
space of GRPO. For each problem, we select 20
high-quality test cases and compute the problem
pass rate as the reward signal. Training is con-
ducted for approximately 500 steps with a batch
size of 64 and 16 rollouts per prompt.

SWE-RL For SWE tasks, we formulate prob-
lems as executable and interactive RL environ-
ments and build an end-to-end SWE-RL training
and evaluation framework on isolated, container-
ized cloud sandboxes. Agents interact through tool-
based actions over multiple steps. Rewards follow
arule-based design, where the primary reward is de-
termined by whether the task passes the test cases,
complemented by lightweight regularization penal-
ties on excessive context usage, redundant tool in-
vocations, and unproductive code edits, encour-
aging compact decision-making under a bounded
context budget. Policy optimization is performed
using GRPO (Shao et al., 2024), which updates the
policy based on the relative performance of groups
of sampled interaction trajectories, enabling stable
learning from sparse and delayed rewards without
an explicit value function. Each iteration gener-
ates 512 trajectories in parallel and incorporates
curriculum learning to progressively expand the
exploration space. All trajectories are executed

concurrently in secure and reproducible sandbox
instances, enabling high-throughput and stable ex-
perience collection and improving long-horizon
code reasoning and repair capabilities.

Safety Alignment Comprehensive frameworks
operate at the curation, training, and inference
levels. Specialized classifiers detect harmful pat-
terns. Safety-aware rewriting pairs demonstrations
with warnings. Constitutional Al encodes safety
desiderata as explicit rules for DPO. Extensive red-
teaming employs human experts and automated
adversarial generation, driving targeted augmenta-
tion and gradient-based adversarial training.

Emergent Capabilities Beyond quantitative im-
provements, we observe qualitative emergence:
self-debugging with systematic error analysis,
cross-language transfer from shared algorithmic
patterns, compositional tool use decomposing com-
plex goals, and improved uncertainty calibration
from DPO training and process reward modeling.

4 Evaluation

4.1 Baselines

In our evaluation, we compare our model against
a broad set of state-of-the-art code-focused lan-
guage models covering instruction-tuned, base,
and reasoning-enhanced variants. The baselines
span leading closed-source and open-source sys-
tems known for strong performance on program-
ming and reasoning tasks, including representa-
tive models from Anthropic (Claude 4.5), OpenAl
(GPT-5.1), Google (Gemini 3), Alibaba (Qwen and
Qwen-Coder series), DeepSeek (Coder and V3 se-
ries), Mistral (CodeStral), Moonshot (Kimi), ZhiPu
(GLM), Kuaishou (Kwaipilot/KAT), and BigCode
(StarCoder2). These models cover a wide param-
eter range and different tuning strategies, ensur-
ing that our comparison reflects current capability
boundaries in code generation, understanding, and
complex task execution.

4.2 Evaluation Strategy

To comprehensively assess the capabilities of our
framework, we conduct extensive evaluations on
both the base and instruct/reasoning model variants
across a diverse spectrum of coding tasks. Our
testing protocol spans repository-level code com-
pletion, functional generation, code reasoning, mul-
tilingual editing, execution efficiency, Text-to-SQL,
and agentic software engineering workflows. As
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Model ‘ Python Java TypeScript Ct Average
‘ EM ES EM ES EM ES EM ES EM ES
6B+ Models

DeepSeck-Coder-6.7B-Base | 41.1 79.2 39.9 80.1 463 824 550 869 456 82.1
DS-Coder-V2-Lite-Base 41.8 783 46.1 812 446 814 587 879 478 822

CodeQwenl.5-7B 407 778 47.0 81.6 458 822 597 87.6 483 823

Qwen2.5-Coder-7B 424 786 48.1 82.6 468 834 597 879 493 83.1

StarCoder2-7B 109 631 83 710 67 768 73 721 83 708
14B+ Models

Qwen2.5-Coder-14B 477 81.7 547 857 529 86.0 664 91.1 554 86.1

StarCoder2-15B 282 705 267 71.0 247 763 252 742 262 730
20B+ Models

DS-Coder-33B-Base 442 804 465 827 492 840 552 878 488 837

Qwen2.5-Coder-32B 49.2 821 564 86.6 549 870 68.0 91.6 57.1 86.8

CodeStral-22B 49.3 827 441 71.1 510 850 537 836 495 80.6

DenseCoder-40B-Instruct | 462 784 564 84.1 560 842 612 83.1 545 824
LoopCoder-40B-Instruct | 49.0 81.7 57.9 862 619 885 634 855 578 857

Table 4: Performance on CrossCodeEval Tasks.

EvalPlus BigCodeBench |
Model ‘ HumanEval (+) MBPP (+) | Full Hara | FuliStackBench
6B+ Models
DeepSeek-Coder-V2-Lite-Instruct 81.1(75.6) 85.2(70.6) | 37.8 18.9 49.4
Qwen2.5-Coder-7B-Instruct 87.2 (81.7) 84.7(72.2) | 37.8 135 422
Seed-Coder-8B-Instruct 81.1(75.6) 86.2(73.3) | 44.6 23.6 55.8
13B+ Models
Qwen2.5-Coder-14B-Instruct 62.8 (59.8) 88.6 (77.2) | 47.0 6.1 53.1
Qwen3-Coder-30B-A3B-Instruct 93.9(87.2) 90.7(77.2) | 46.9 27.7 60.9
20B+ Models
Deepseek-V3.2 93.9 (88.4) 93.4(77.2) | 48.1 27.0 64.9
Qwen2.5-Coder-32B-Instruct 93.3 (86.6) 90.2(77.8) | 48.0 24.3 574
Qwen3-235B-A22B-Instruct 96.3 (91.5) 92.3(77.8) | 47.4 257 62.7
Qwen3-235B-A22B-Thinking 98.8 (93.3) 95.5(81.5) | 44.1 23.0 -
Qwen3-Coder-480B-A35B-Instruct 97.6 (92.7) 94.2(80.2) | 49.4 277 66.4
Kimi-Dev-72B 93.3 (86.0) 79.6 (68.8) | 45.4 31.8 38.6
Kimi-K2-Instruct-0905 94.5 (89.6) 91.8(74.1) | 49.8 30.4 63.5
Kimi-K2-Thinking 98.2(92.7) 97.4(82.3) | 46.8 28.4 -
KAT-Dev 90.9 (86.6) 89.4(76.2) | 46.2 25.7 58.8
KAT-Dev-72B-Exp 88.4 (81.7) 85.2(69.3) | 48.3 26.4 52.9
GLM-4.7 87.2(79.9) 90.5(75.7) | 45.7 26.4 70.2
DenseCoder-40B-Instruct 94.2 (88.4) 89.4 (74.2) | 449 257 62.3
LoopCoder-40B-Instruct 97.6 (91.5) 92.9(77.2) | 49.9 277 68.3
Closed-APIs Models
Gemini-3-Flash-preview 88.4 (84.8) 92.3(79.1) | 44.5 25.6
Gemini-3-Pro-preview 100.0 (94.5)  71.2(64.8) | 47.1 25.0 -
Claude-Opus-4.5 98.8 (93.3) 96.8 (83.9) | 53.3 35.1 723
Claude-Sonnet-4.5 98.8 (93.3) 95.2(823) | 51.4  29.1 69.7
GPT-5.1 97.0 (90.0) 92.6(72.2) | 46.8 29.1 64.9

Table 5: Performance on Code Generation tasks.

demonstrated in Tables 3, 4, 5, 6, as well as Fig-
ure 2, our models achieve consistently superior
performance across these benchmarks, highlight-
ing their robustness in handling both fundamental
programming problems and complex, long-horizon
software development scenarios. Details of each
benchmark and additional experimental results are
provided in the Appendix.

5 Related Work

Code foundation models have evolved from pre-
training to full-stack systems (Lozhkov et al., 2024;
Liet al., 2023b; Hui et al., 2024; Liu et al., 2024a;
Zeng et al., 2025a; Anthropic, 2023; Radford et al.,
2018). Looped Transformers reuse blocks across
depth, trading parameters for recurrent computa-
tion (Dehghani et al., 2019), explored for structured
procedures (Giannou et al., 2023; Yang et al., 2023;
Gatmiry et al., 2024a,b), iterative refinement (Saun-
shi et al., 2025; Geiping et al., 2025; Zeng et al.,
2025b; Chen et al., 2025; Bae et al., 2025), and ef-
ficiency (Lan et al., 2019; Dabre and Fujita, 2019;

Model CruxEval LiveCodeBench
I-COT O-COoT ‘ Vs Vé
6B+ Models
DeepSeek-Coder-V2-Lite-Instruct 57.1 56.2 13.2 194
Qwen2.5-Coder-7B-Instruct 66.9 66.0 144 18.9
Seed-Coder-8B-Instruct 62.0 66.6 19.2 223
13B+ Models
Qwen2.5-Coder-14B-Instruct 75.6 79.2 22.8 24.6
Qwen3-Coder-30B-A3B-Instruct 76.9 80.5 43.1 36.0
20B+ Models
DeepSeek-v3.2 82.1 94.2 - 83.3
Qwen2.5-Coder-32B-Instruct 78.8 84.0 30.5 274

Qwen3-235B-A22B-Instruct-2507 62.0 89.5 53.9 51.8
Qwen3-235B-A22B-Thinking-2507 15.2 46.9 80.2 74.1
Qwen3-Coder-480B-A35B-Instruct 87.1 90.4 48.6 53.9

Kimi-Dev-72B 33.0 64.2 46.1 40.0
Kimi-K2-Instruct-0905 86.8 89.5 52.1 53.7
Kimi-K2-Thinking 922 86.2 - 83.1
KAT-Dev 42.5 65.1 329 32.6
KAT-Dev-72B-Exp 71.4 81.1 13.8 16.0
GLM-4.7 65.6 81.2 - 84.9
DenseCoder-40B-Instruct 89.2 81.3 442 43.5
LoopCoder-40B-Instruct 91.1 85.5 48.6 48.5
LoopCoder-40B-Thinking 98.5 99.4 86.2 81.1
Closed-APIs Models
Gemini-3-Flash-preview 96.5 97.6 - 90.8
Gemini-3-Pro-preview 98.8 99.1 - 91.7
Claude-Opus-4.5 98.4 98.0 - 87.1
Claude-Sonnet-4.5 96.2 96.2 - 73.0
GPT-5.1 70.8 71.1 - 87.0

Table 6: Performance on Code Reasoning Evaluation.

Takase and Kiyono, 2023; Bae et al., 2024; Li et al.,
2025a). Recent work enhances refinement (Hao
et al., 2024; Mohtashami et al., 2023) and studies
compute tradeoffs (Wu et al., 2025b; Banino et al.,
2021). We introduce LoopCoder with dense-to-
loop initialization, looped pre-training, and post-
training, mitigating BPTT instabilities via gradient-
scale reduction. Building on (Zhu et al., 2025),
we provide an end-to-end recipe for reliable code
recurrence with inference-time over-thinking.

6 Conclusion

In this work, we introduce LoopCoder, the first
large-scale looped transformer architecture for
code that successfully overcomes the historical
challenges of training recurrent models at scale.
Through our comprehensive looped training pro-
tocol, which encompasses dense-to-loop transfor-
mation and specialized post-training for instruction
following and latent reasoning, we demonstrate
that recurrent architectures can achieve superior
convergence than traditional dense models. Our
approach establishes that the recursive nature of
UT provides a natural inductive bias for algorith-
mic reasoning, enabling emergent over-thinking
capabilities during inference without the optimiza-
tion instabilities traditionally associated with back
propagation through time.
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Limitations

While LoopCoder demonstrates promising results
in code generation through recurrent computation,
several limitations warrant consideration. First, the
looped architecture introduces additional computa-
tional overhead during both training and inference
due to the iterative refinement process, which may
limit practical deployment in latency-sensitive ap-
plications despite the parameter efficiency gains.
Second, our gradient-scale reduction techniques for
BPTT stabilization, while effective, required exten-
sive hyperparameter tuning and may not general-
ize seamlessly to other domains or model scales
without careful adaptation. Third, the dense-to-
loop initialization strategy creates a dependency
on high-quality pre-trained dense checkpoints, po-
tentially limiting accessibility for researchers with-
out access to such foundations. Fourth, while we
demonstrate emergent over-thinking capabilities,
the interpretability and controllability of the itera-
tive reasoning process remain challenging, making
it difficult to predict or guarantee the number of re-
finement steps needed for optimal performance on
novel tasks. Finally, our evaluation focuses primar-
ily on code-related benchmarks, and the extent to
which looped architectures provide similar advan-
tages for broader language understanding tasks be-
yond algorithmic reasoning remains an open ques-
tion requiring further investigation.

Ethical Considerations

Our primary objective is to prove the scaling poten-
tial of the looped transformer architecture mainly
in the complex code and reasoning domain. The
system produces dialogue artifacts and code snip-
pets, enabling automation for code tasks. The sys-
tem should be used as a supplementary tool to aid,
rather than substitute independent intellectual ef-
forts.
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A Related Work

Code Foundation Models. Code foundation
models have evolved from code-pretraining on
large, permissively licensed corpora into full-stack
systems that combine strong generation with edit-
ing, repair, and long-horizon software workflows.
A major early driver was the open-data and open-
training line exemplified by BigCode, where large-
scale source and software-adjacent text (issues,
PRs, notebooks, documentation) are curated and
used to train code-capable LMs with systematic
evaluation across coding tasks (Lozhkov et al.,
2024; Li et al., 2023b). Subsequent development
emphasized (i) scaling and specialization of the
pretraining mixture for code, and (ii) stronger post-
training for instruction following and tool-driven
programming, leading to code-focused series that
publish detailed technical reports on data clean-
ing, synthetic data generation, and code-centric
evaluation (for example, Qwen-Coder (Hui et al.,
2024)) and large-scale MoE families that report
stable training recipes and competitive code per-
formance (for example, DeepSeek-V3 (Liu et al.,
2024a),GLM4.7 (Zeng et al., 2025a)). In parallel,
frontier general models with strong coding behav-
ior increasingly release public system cards that
document capability profiles and deployment con-
straints, reflecting the shift from standalone code
completion to interactive, agentic software devel-
opment settings (Anthropic, 2023; Radford et al.,
2018). Overall, the field is moving toward unified
code foundation models where progress is driven
jointly by data pipelines, scalable training, and post-
training that supports reliable multi-step develop-
ment workflows.

A.1 Looped Language Models.

Looped (weight-tied) Transformers reuse the same
block across depth, trading parameters for recur-
rent computation. This design traces back to Uni-
versal Transformers (Dehghani et al., 2019), and
has since been explored both as (i) an algorithmic
substrate and (ii) a route to stronger reasoning per
parameter. On the algorithmic side, prior work ar-
gues that looping encourages learning structured
procedures and learned algorithms (Giannou et al.,
2023; Yang et al., 2023); complementary studies
analyze how looped computation can implement
multi-step optimization dynamics for in-context
learning (Gatmiry et al., 2024a,b). On the rea-
soning side, looped architectures have been con-

nected to iterative latent refinement (Saunshi et al.,
2025), while later systems scale or adapt effective
depth through recurrent-depth or dynamic-compute
mechanisms (Geiping et al., 2025; Zeng et al,,
2025b; Chen et al., 2025; Bae et al., 2025). In paral-
lel, parameter sharing has long been used as an effi-
ciency strategy (Lan et al., 2019; Dabre and Fujita,
2019; Takase and Kiyono, 2023), and recent work
revisits it for modern LLMs via lightweight adapta-
tion or large-scale shared-depth training (Bae et al.,
2024; Li et al., 2025a).

Looped LMs are often viewed from two angles:
(i) compression and efficiency via parameter reuse,
and (ii) latent reasoning via iterative refinement of
hidden states rather than longer explicit outputs.
Recent variants make refinement more explicit by
feeding intermediate activations back into subse-
quent steps (Hao et al., 2024; Mohtashami et al.,
2023), while other work studies compute—length
tradeoffs (Wu et al., 2025b) or dynamic halting
objectives (Banino et al., 2021). We build on this
foundation but target a different bottleneck: scaling
code intelligence with recurrent computation under
stable optimization. We introduce LoopCoder and
a Looped Training Protocol spanning dense-to-loop
initialization, looped pre-training, and post-training
for instruction following and latent thinking, explic-
itly mitigating BPTT instabilities via gradient-scale
reduction. We also draw on large-scale LoopLM
pre-training results (Zhu et al., 2025), but focus
on an end-to-end recipe that makes recurrence reli-
able for code and yields over-thinking behaviors at
inference time.

B Data Construction

Synthesis Philosophy We use a model-centric
framework where frontier LLMs generate training
data under rigorous automated verification. Deter-
ministic domains use execution-based validation;
subjective domains employ ensemble mechanisms
combining rule-based checks, reward models, and
multi-agent debate.

API Orchestration We mine API patterns from
production repositories with mature test coverage.
Frontier models apply stochastic perturbations in-
cluding cross-library dependencies, performance
constraints, and edge-case amplification. Three-
stage verification ensures quality: static analysis,
sandboxed execution, and LL.M-generated adver-
sarial tests. We synthesize execution trace anno-
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tations capturing intermediate states, distilled into
natural language for debugging and code under-
standing.

Full-Stack Engineering Test-driven synthesis
harvests test suites from open-source projects, chal-
lenging models to generate satisfying implemen-
tations iteratively. We preserve complete trajecto-
ries including failures and error messages to teach
debugging strategies. Validation deploys synthe-
sized applications in headless browsers, executing
interaction scripts and verifying DOM states and
database contents.

Competitive programming We curated and col-
lected competition problems from major open-
source programming platforms, and used an inter-
nal model to filter them by difficulty. We retained
the more challenging problems along with their
corresponding verifiers, resulting in approximately
8,000 pairs. A subset of this data was selected to
construct high-quality reasoning data for cold-start
initialization, while the remaining data was used
for reinforcement learning training.

Code Reasoning For CRUXEval, we develop
specialized training for constraint satisfaction. The
O2I task requires deducing valid inputs from out-
puts, an ill-posed inverse problem. We synthesize
solution set annotations with diverse valid inputs
and employ set-based losses. Chain-of-thought
traces articulate constraint derivation: parsing con-
trol flow, backward-propagating outputs, solving
constraint systems, and verifying through forward
execution.

Text-to-SQL  We reverse the traditional pipeline:
generate valid SQL from schemas, then synthe-
size natural language questions. This exploits
SQL’s structural rigidity to minimize hallucination.
Round-trip verification feeds generated questions
back to SQL models, confirming semantic equiv-
alence. Each sample includes reasoning traces de-
composing SQL generation into interpretable steps.

Code Editing Code editing requires surgical pre-
cision, contextual understanding, and regression
prevention. We curate editing tasks from com-
mit diffs, synthetic bugs, and refactoring chal-
lenges. Sophisticated filtering prioritizes commits
with clear messages, comprehensive tests, local-
ized changes, and best practices. Edit-aware in-
struction tuning structures inputs with objectives,
line-numbered code, context, and expected unified

diffs. Repository-level refactoring captures coordi-
nated multi-file changes. Evaluation assesses edit
precision, recall, and code quality delta.

Terminal Bench We curate repository-grounded
datasets with quality scoring across code quality,
documentation, dependency hygiene, and CI/CD
maturity. For high-quality repositories, we con-
struct Docker environments replicating production
conditions. Task synthesis extracts commands from
scripts, mines tutorials, and employs LLM-based
generation. Each task pairs with executable vali-
dation. We deploy environments and run multiple
LLMs, retaining only validated trajectories. This
eliminates subtle command errors critical for train-
ing.

Repository-Scale Engineering We construct
training data from GitHub Issue-PR pairs with auto-
mated environment construction. Multi-stage filter-
ing combines heuristics and LLM-based semantic
analysis. The automated agent clones reposito-
ries, resolves dependencies, initializes databases,
and configures environments. LLM-based debug-
ging agents improve success rates from 30-40% to
over 70%. Validation requires Fail-to-Pass tests
demonstrating genuine issue resolution and zero
Pass-to-Fail tests ensuring no regressions. We de-
ploy code agents performing interactive problem-
solving, recording complete trajectories. Sophis-
ticated context management handles repositories
exceeding context limits through semantic summa-
rization, dynamic retrieval, and hierarchical repre-
sentation.

Tool Use We build tool-use capabilities through
four stages from simple invocation to complex co-
ordination. Tool curation aggregates APIs with
two-level clustering to identify duplicates while
preserving diversity. Multi-agent simulation de-
ploys role-playing LLM (Li et al., 2025b) instances
simulating users, agents, and servers. Quality con-
trol combines hallucination detection and multi-
agent voting. Cold-start SFT uses trajectories aug-
mented with a distilled chain-of-thought. Iterative
RL refines behavior through GRPO cycles with
composite rewards balancing format compliance,
tool correctness, and reasoning quality.

GUI Agent We develop grounded web interac-
tion for Mind2Web through multi-modal under-
standing. Training data includes task descriptions,
screenshots, HTML DOM, and action sequences.
Data augmentation generates diversity through syn-
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thetic tasks, cross-website transfer, and hard neg-
atives. Multi-modal encoders process visual and
structural information jointly. The action space
includes element selection, navigation, and task
verification. Training combines behavioral cloning,
contrastive learning, and trajectory-level rewards.

C Evaluation

C.1 Experiments on Base Models

C.1.1 Code Completion

We evaluate cross-file code completion on Cross-
CodeEval (Ding et al., 2023), a multilingual bench-
mark encompassing Python, Java, TypeScript, and
C#. This benchmark explicitly targets repository-
level completion scenarios, serving as a core metric
for assessing the fundamental capabilities of code
LLMs in leveraging cross-file context.

C.2 Evaluation on Instruct Models and
Reasoning model

C.2.1 Code Generation

Across a wide range of code-generation evalua-
tions, our model achieves consistently strong per-
formance. We validate functional correctness and
robustness using EvalPlus (Liu et al., 2023b) (in-
cluding HumanEval+ and MBPP+ with substan-
tially expanded test suites), and measure compo-
sitional, library-intensive problem solving on Big-
CodeBench (Zhuo et al., 2024). We further demon-
strate broad full-stack capability on FullStack-
Bench (Liu et al., 2024b), and strong results un-
der contamination-aware, continuously refreshed
testing on LiveCodeBench (Jain et al., 2024).

C.2.2 Code Reasoning

We further evaluate code reasoning with CRUX-
Eval (Gu et al., 2024), which tests both forward
execution (Input-to-Output, 120) and inverse in-
ference (Output-to-Input, O2I) over 800 concise
Python functions. Our model performs strongly on
120 and also shows clear gains on the more chal-
lenging O2I setting, indicating improved ability to
reason about code behavior beyond surface-level
execution and to solve inverse constraints implied
by a target return value.

C.2.3 Code Editing

We evaluate code editing on Aider’s Polyglot
benchmark (polyglot-benchmark, 2025), which ex-
tends Aider’s original editing setup from Python-
only to a multilingual suite built on Exercism exer-
cises. It covers C++, Go, Java, JavaScript, Python,

and Rust, and concentrates on the hardest 225 prob-
lems selected from 697 available exercises across
these languages, providing a challenging test of
multi-language patch generation and iterative code
refinement.

C.2.4 Code Efficiency

We assess code efficiency with Mercury (Du et al.,
2024), which evaluates Code LL.Ms beyond func-
tional correctness by measuring runtime on natural-
language-to-code tasks. Mercury contains 256
Python problems across multiple difficulty levels,
each with a test-case generator and a set of real-
world reference solutions that together define an
empirical runtime distribution per task. The bench-
mark further proposes the percentile-based Beyond
metric, which reweights Pass by relative runtime
to jointly capture correctness and efficiency. Our
model achieves strong Mercury results, indicat-
ing that it can produce solutions that are not only
correct but also competitive in runtime under this
distribution-based evaluation.

C.2.5 Textto SQL

Our model also performs strongly on cross-domain
Text-to-SQL benchmarks that stress generalization
to unseen schemas and realistic database settings.
On Spider (Yu et al., 2018), which uses a database-
level train—test split to evaluate schema linking and
structurally correct SQL generation with complex
constructs, and on BIRD (Li et al., 2023a), which
further emphasizes value grounding from database
contents, real-world database scale, and execution-
related practicality, our model achieves competitive
results, indicating robust semantic parsing and reli-
able query generation in both schema-centric and
content-grounded scenarios.

C.2.6 Agentic Coding Tasks

We further evaluate our model in agentic, end-to-
end software workflows where success depends
on correct tool use, long-horizon planning, and
tight interaction with the execution environment.
Terminal-Bench (Team, 2025) measures whether
an agent can reliably complete realistic termi-
nal workflows (for example, building software
from source, configuring services, managing de-
pendencies, and debugging) inside containerized
sandboxes with automated verification, while also
standardizing execution via its runner for repro-
ducible leaderboard evaluation. In parallel, SWE-
bench (Jimenez et al., 2024) targets real-world soft-
ware engineering by requiring models to produce
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patches from issue descriptions that turn failing
repositories into passing ones under unit-test verifi-
cation; SWE-bench Verified further improves relia-
bility with 500 curated instances evaluated in a stan-
dardized Docker environment, where our model
achieves a score of §1.4.

We further evaluate our model in agentic, end-to-
end software workflows where success depends
on correct tool use, long-horizon planning, and
tight interaction with the execution environment.
Terminal-Bench (Team, 2025) measures whether
an agent can reliably complete realistic termi-
nal workflows (for example, building software
from source, configuring services, managing de-
pendencies, and debugging) inside containerized
sandboxes with automated verification, while also
standardizing execution via its runner for repro-
ducible leaderboard evaluation. In parallel, SWE-
bench (Jimenez et al., 2024) targets real-world soft-
ware engineering by requiring models to produce
patches from issue descriptions that turn failing
repositories into passing ones under unit-test verifi-
cation; SWE-bench Verified further improves relia-
bility with 500 curated instances evaluated in a stan-
dardized Docker environment, where our model
achieves a score of 81.4.
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