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The Path To a Foundation Model
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Deployment

Preparing a massive corpus

for pretraining

A multi-stage pipeline:

* Acquisition (e.g. OCR)
* Cleaning;

* Tiltering;

* De-duplication;

* Sampling;

* Shuffling.

Training a foundation
model by fitting the large
corpus by auto-
regression

Core infra:

a large-scale parallel
training system running
over thousands of GPUs

Representative works for at each stage:

[Trident: VLDB 2026]

[HexiScale: MLSys 2026]

Tune the model so it can
follow user instructions
effectively and safely.

Various methods:

 SFT
* RLHF
e RLAIF

[AReaL: NeurIPS 2025,
AReal.-DTA: ICML 2026]

FEvaluate the model from
different aspects:

* Comprehension

* Instruction following
* Expression

* Reasoning

* Coding

* Interaction

* Safety

[AtmosSciBench: NeurIPS 2025]

Deploy the model to
serve users under
different settings:

* Cloud

* Local devices

Require system efforts to
optimize the
performance, cost, and
latency.

[HexGen: ICML 2024,
HexGen-2: ICLR 2025,
HexGen-3: ICML 2026]



From Code Assistant to System Engineer W T emee
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Central claim: LLM agents can act as autonomous system engineers that own design, optimesation, validation, and operation

— not merely as code-generation assistants that a human must supervise at every step.

Conventional: Code assistant

* The human specifies the intent and the design.

The agent drafts code; the human verifies it.

Feedback is sparse: the tests pass, or they do not.

The human owns the loop, so the loop runs at human speed.

The agent is stateless — nothing accumulates across deployments.

What we want: Autonomous system engineer

The agent owns design — optimize — validate — operate — adapt.
The environment supplies dense, structured, verifiable feedback.

Deterministic machinery — compilers, simulators — guarantees
correctness.

Experience accumulates in a curated, auditable substrate.

ML system design and implementation could be done by
autonomous agents.

Our goal is to: close the engineering loop without a human inside it.
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Observation. Machine-learning systems ave increasingly constrained not by model architecture alone, but by the difficulty of
designing, optimising, and continuously adapting the software infrastructure beneath them.

The deployment surface Hand-engineering cannot
ploy g g Why now
explodes keep pace
* Heterogeneous accelerators, shifting * Vendor assembly libraries take months * Frontier coding models make agentic
workloads, evolving models — each of expert effort and trail yearly hardware system engineering practical for the first
moving on its own schedule. refreshes. time.
* The cross-product of hardware X * Serving policies are tuned per * The missing ingredient is not capability
workload X model is not enumerable deployment and go stale as conditions — it is a feedback channel the agent can

offline. drift. act on.
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Key insight. Autonomous agents become effective system engineers when the environment manufactures dense, structured,
vertfiable, and timely feedback to guide the optimization.

Compile-time data-flow-invariant analysis
ARGUS o . . .
Every violation names the offending thread, data element, and program point — a defect report, not a verdict.

Calibrated simulator + per-candidate cost breakdown

Autopoiesis . . L
p Each candidate returns N, 2t_stale, 2t_reconfig, >'t_serve — the agent sees which axis its edit moved.

. Validated deployment plans + runtime telemetry
AReal-AutoPilot The plan is checked before launch; execution is monitored and fed back as policy pressure.



Roadmap

© Arcus

Offline kernel synthests

Agent-generated GPU kernels that
reach hand-tuned assembly
performance.

Data-flow invariants *+ compile-time
counterexamples - ICRL planner

GEMM - flash attention - MoEs, AMD MI300X

a Autopoiesis

Online inference adaptation

Serving policies that an agent rewrites

while the system is live.

Two-plane architecture + LLM-driven
program synthesis - hot-swap

Homwgeneons - heterogeneons - elastic cloud clusters
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a AReal-AutoPilot

Full lifecycle for RL tasks (in progress)

An agentic control layer for distributed

RL post-training.

Spec — validated plan — launch —
monitor — adapt

Built on AReal ;s automatic RL. deployment.

@)1



© Arcus

Offline kernel synthesis

Agent-generated GPU kernels that
reach hand-tuned assembly
performance.

Data-flow invariants * compile-time
counterexamples * ICRL planner

GEMM - flash attention - MoE, AMD MI300X

]
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ARGUS: Agentic GPU Optimization Guided by
Data-Flow Invariants
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Abstract

Recent LLM-based coding agents can generate functionally
correct GPU kernels across diverse workloads, yet their per-
formance remains far below that of manually optimized li-
braries on critical computations such as matrix multiplica-
tion, attention, and Mixture-of-Experts (MoE). This gap is

d I: peak GPU p requires i d
reasoning over tightly coupled optimizations, including tiling,
shared-memory staging, software pipelining, and instruc-
tion scheduling, while existing agents rely on sparse pass/fail
feedback from unit tests, leaving them unable to diagnose
violations of global constraints.

We present ARGUS, an agentic framework that addresses
this limitation through data-flow invariants, i.e., compile-
time specifications that encode how data must be chore-
ographed throughout a kernel’s execution. ArRGus introduces
a tile-based, Pythonic DSL that exposes hardware instruc-
tions and compiler policies while hiding low-level repre-
sentations, maintaining both expressivity and learnability
for LLMs. The DSL introduces tag functions to propagate
symbolic annotations through data and control flow, and
tag assertions to enforce relational constraints at use sites,
centralizing global correctness properties. When violations
oceur, the compiler returns concrete that

1 Introduction

Efficient GPU kernel implementation is critical to large-scale
LLM deployment. Given the hundreds of billions of dollars
invested in GPU infrastructure, even single-digit improve-
ments in kernel efficiency can translate into savings on the
order of billions of dollars [61]. A well-optimized matrix mul-
tiplication (GEMM) on an NVIDIA A100 GPU can be 50x
faster than a naive implementation [8], but achieving this
speedup requires coordinated optimizations across the full
software stack: hardware matrix cores [41], software pipelin-
ing [34], memory hierarchy exploitation [37], and instruction
scheduling [31]. Tensor compilers [15, 26, 42, 59, 63, 64, 72]
automate subsets of this space through heuristic and evolu-
tionary search, but for peak performance, hardware vendors
ship hand-optimized assembly libraries [1, 4] that require
months of engineering and struggle to keep pace with yearly
hardware refreshes and evolving workloads [57].

Recent work applies LLMs and coding agents to GPU ker-
nel generation [6, 10, 17, 22, 23, 29, 38, 57, 62, 69], producing
functionally correct kernels across a range of workloads [49].
However, the generated kernels are far from competitive
compared with hand-optimized code on performance-critical
workloads: on our AMD MI300X platform, the best agent-
d CUDA/HIP GEMM kernels are 2-600x slower

identify the thread, data element, and program point, provid-
ing dense, structured feedback for targeted fixes. Invariants
are verified at compile time via abstract interpretation over a
layout algebra and SMT solving, incurring zero runtime over-
head. An in-context reinforcement learning (ICRL) planner
further learns to select optimizations and synthesize effec-
tive invariants, supported by a curated knowledge base of
GPU-specific optimization techniques.

‘We evaluate ArGUs on the AMD MI300X GPU across
GEMM, flash attention, and MoE kernels that together ac-
count for over 90% of GPU time in LLM inference. The gen-
erated kernels achieve 99-104% of the effective

than the state-of-the-art library. The gap is fundamental:
correctness can be verified with tests, but high performance
requires coordinated reasoning across software pipelining,
instruction scheduling, register allocation, and NUMA-aware
memory access, while accounting for the effects of memory
aliasing [53] and synchronization [7]. Training data for such
low-level optimizations is scarce, and the full kernel optimiza-
tion trajectory often exceeds LLM context windows, where
performance degrades [39]. Targeting Triton [59] narrows
the gap to approximately 2x by offloading optimizati

like software pipelining to the compiler, but the remaining

of state-of-the-art hand-optimized assembly implementa-
tions and are 2-1543x faster than existing agentic systems
in geometric-mean throughput across the evaluated work-
load families. ArGus further generalizes to 200 KernelBench
tasks, producing correct kernels for 100% of Level 1 and 90%
of Level 2 problems.

2x, including fi d instruction scheduling and warp
specialization, lies below Triton’s abstraction level.

In this paper, we present ARGUS, an agentic framework
that automates complex, multi-level GPU kernel optimiza-
tions. ARGUS makes these optimizations robust through data-
flow invariants: compile-time assertions that specify how

arXiv: 2604.18616 (to appear in SOSP 2026)
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Correct Is Not Fast
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The gap. LLM agents already generate functionally correct kernels. On the workloads that dominate inference, they remain one

to three orvders of magnitude below hand-tuned libraries.

0

GEMM 4096x4096x4096 (bf16), AMD MI300X — effective TFLOPS
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ARGUS
HipKittens t
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KSearch
KernelBench

CUDAForge t

7 hand-optimised library

I agentic kernel-generation frameworfk
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2-600x

Best agent-generated GEMM vs. the state-of-the-
art vendor library on MI300X.

> 90%

Share of LLLM-inference GPU time spent in
GEMM, attention, and Mixture-of-Experts.

~ 2X
Residual gap even when an agent targets Triton
— the rest lies below its abstraction.
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Diagnosis. Correctness ts testable. Peak performance vequives coovdinated reasoning over tightly coupled optimizations that a
pass/fail test cannot reveal.

What peak performance actually requires Why agents cannot get there

Global intrusive changes * Tests verify correctness but give no signal about

Software pipelining - Split-K - MFMA matmul - Stagger-K - asynchronous memcpy glObal data-flow constraints.
Restructure the whole kernel — hardest for an I.LM fo produce correctly. * Training data for low-level GPU optimisation is
scarce.
Local source changes * Full trajectories exceed the context window,
" :
Bank-conflict mitigation - vectorised loads - loop unrolling - workgroup where performance degrades — "lost in the
swizzling middle".

Small localised patches; the compiler does much of the lifting.

* Aliasing and synchronisation make effects non-
local and hard to attribute.

LSl o R Homn: * Triton closes the gap to = 2X; the residual lies

Hardware OOB-guarded loads - AGPR register class - instruction scheduling below its abstraction.

Inline assembly or intrinsics; no agentic baseline inplements these.

The consequence. The agent cannot diagnose a violation of a global constraint, so it patches locally by trial and error — and converges to a local optimum well short of peak.
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Idea. Data-flow invariants are compile-time specifications of how data must be choreographed throughout a kernel’s execution
— a technique adapted from information-flow security.

@ Tag functions — attach symbolic tags (logical coordinates) to tensor elements; tags
propagate through data and control flow. Global gnemory | o 00000
— "eecaneaw 55
# Assign tags to QKV ro hi * * * * 5 g
To,Tk = QLsq,hq,d]—(sq%32,hq/gqa,d), KLsq,hk,,d]—(sq%32,hyy,d) oo r B EEE"HN
_ o H/_/ H/_/
v = VIsq,hky,d]—=(sq, hyy,d%32) | eeem wid=0 wid=2
o] .
@ Tag assertions — conformity: paired operands must match. Non-conformity: : s 002000060
concurrent producers must not collide. PP _ € 06000 ~
= o
o - L SRR 2RO JRER -
for j in range(16): oo+ Nl B O O m

tK,tQ = sK[j/8,wtid%32,j%8,wtid/32], rQ[j%8]
tK,tQ = tK.view((8,), bf16), tQ.view((8,), bf16)

assert tag(ﬁ?[...]) == tag(f@[...]) # tQ and tK should match _ _
Tags for I propagating across memory levels: global — shared — register. Each

colonr—shape pair is one tag; the assertion at the MENLA use site checks the pairing
The DSL. Tile-based and Pythonic, syntactically close to Cu'le, Tilel_ang, and Triton, so the model can survived,

generalise from its training data. It exposes hardware instructions and compiler policy while hiding mechanism

and intermediate representations — expressive enough for peak performance, concise enough to stay learnable. [ARGUS, Figure 1]
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Key claim. Verification is not the product. The counterexample is: every fatled assertion becomes a dense, structured reward
signal that tells the agent exactly what to fix.

ARGUS DSL MLIR Tag propagation SMT solving Counterexample
tags + assertions » layont-algebra dialect » Sflow-sensitive, - layont algebra — 23 » thread - element -
path-insensitive program point
How the analysis stays tractable Zero runtime overhead

.. . Tags are purely compile-time constructs. Nothing is
e At control-flow joins, tags merge over the lattice L < t < T. Constants carry L; two 5 e . 5

) . ) . ) materialised, so a fully optimised kernel is not perturbed
writes with different tags to one shared-memory location yield T.

at all.
¢ Shared-memory tags can be reset to L, so pipeline stages may safely reuse a buffer
without losing tracking,

* Tracking granularity is one byte — sufficient, since mxfp4/nvip4 and sub-byte matrix

Why not full verification?
instructions are byte-aligned.

Proof engineering multiplies effort 2—6X and does not
* Path-insensitive merging avoids enumerating branch conditions: validation, not proof — generalise across optimisations. Lightweight analysis
precision traded for a loop that closes automatically. keeps the agentic loop automatic,

The payoff. The agent reasons about correctness at the level of invariants rather than patching implementations by trial and error.



The Agentic Optimisation Harness
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Whole > parts. Tag functions specify; static analysts verifies; counterexamples reward. Alone, none suffices — together they close the

loop.

G Persistent knowledge base Expert-curated. Each entry records a DSL transformation pattern and the
invariants that must hold after the rewrite.

Learnable planner (ICRL) Binds abstract optimisations to the concrete kernel; emits (optimization,
context, score) and specialises invariant templates into concrete tags and assertions.

Optimization selector Samples from the proposal distribution rather than taking the top rank —
preserving exploration in a coupled space.

Lowering agent Implements the plan in the DSL at the level of tiles, layouts, and thread control; inserts
the required tag assertions.

e Validator agent Invariants — unit tests — runtime profile. Only candidates passing both static and
dynamic checks are profiled.

Kernel description HW specifications

l l

Initial kernel candidates

fffffffffffffff .
Learnable Planner [ -
(via ICRL) ) { 2
|
Optimization I %
candidates ! &
! ()
L [ w
Optimization Selector ! 2
a
I
Targeted instructions |
with invariants ‘
I
. |
Lowering \ o
1 =1
| 5’
Argus DSL ! )
I
| o
Invariant validations w g
. . I
Testing & profiling [ E
. 1
l Agentic Harness |

Output kernels

[ARGUS, Figure 1

agentic harness]

{
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ICRL. The planner prompt is the mutable policy 0, updated by text gradients. Reward = runtime peyformance + process rewards from invariant violations.

The knowledge base stays fixed and auditable; 0 learns to bind it.

10



ARGUS: Results

99-104%

of hand-tuned assembly throughput on
GEMM, flash attention, and MoE.

2-1543x

geometric-mean gain over agentic
baselines across workload families.

Ablation: cumulative optimisations on flash attention

400

TFLOPS)
Do w w
w S ol
(=] (=] [«

(

Performance
P
wul
S

Naive +Bank conflict
Transpose V EE +Pipeline+WS$S
+Async memcpy +Inst. schedule (All) ==

1024 2048 4096 8192 16384
Sequence length

[ARGUS, Figure 2

2.4%

over KernelFalcon, the strongest
agentic baseline, on flash attention.
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100 / 90%

of KernelBench Level-1 / Level-2
tasks correct — it generalises.

Do the invariants earn their keep?

60 KernelBench GEMM |/ convolution problems; the same planner with and without
invariants.

Pass@1 Avg. tokens
Level 1 60% — 75% 18.1M — 15.0M
Level 2 40% — 57% 14.2M — 13.5M

More effective and cheaper at once: invariants raise the success rate while cutting token

spend.

Argus is an agentic framework to implement every

optimization class required to match expert-tuned production
kernels.

Takeaway. Structured compile-time feedback ts what closes the distance between an LLM agent and a human expert.

11



Q Autopoiesis

Online infevence adaptation

Serving policies that an agent rewrites

while the system is live.

Two-plane architecture + LLM-driven
program synthesis - hot-swap

Homggeneons - heterogeneous + elastic cloud clusters

g
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AUTOPOIESIS: A Self-Evolving System Paradigm for LLM
Serving Under Runtime Dynamics

Youhe Jiang!*, Ran Yan!*, You Peng!, Wenshuang Li', Taiyi Wang?,
Fangcheng Fu’f, Binhang Yuan't

IHKUST, ?Powersense Technology Limited, *Shanghai Jiao Tong University

*Equal contribution, fCorresponding author

Abstract

Modern Large Language Model (LLM) serving operates in highly volatile environments characterized
by severe runtime dynamics, such as workload fluctuations and elastic cluster autoscaling. Traditional
serving systems rely on static, human-engineered serving policies (e.g., scheduling algorithms and
rescheduling strategies) to manage these dynamics. However, these policies must navigate deeply
intertwined runtime trade-offs (e.g., scheduling overhead vs. execution efficiency, rescheduling
frequency vs. reconfiguration overhead), whose optimal balance is workload-specific and shifts
continuously as runtime conditions evolve, rendering any fixed policy fundamentally unable to adapt.
We propose AUTOPOIESIS, a novel online self-evolving system that shifts LLM serving from static policy
deployment to continuous online policy evolution. First, AUTOPOIESIS introduces an LLM-driven
program synthesis workflow to evolve serving policies with respect to real-time observed dynamics,
where the evolved policies reflect the optimal decision in navigating the complex, multi-dimensional
trade-off space. Second, AUTOPOIESIS enables this synthesis process to operate continuously during
serving, observing real-world system behavior, and rewriting the policy code as runtime trade-offs
shift, thereby transforming policy design from a one-time offline endeavor into an ongoing system
component, enabling autonomous adaptation to evolving runtime conditions. Together, we establish a
new paradigm: Serving policies are no longer static artifacts designed by humans before deployment,
but living code that LLMs continuously evolve throughout deployment to navigate runtime trade-offs
beyond human design. We evaluate AUTOPOIESIS across diverse runtime dynamics and show up to
53% and on average 34% improvements over state-of-the-art LLM serving systems.

1 Introduction

The rapid proliferation of Large Language Model (LLM) serving has exposed an essential operational challenge:
production serving paradigm is inherently dynamic. User request patterns fluctuate unpredictably across time,
with bursty arrivals, varying prompt lengths, and diverse output generation demands [1-6]. Cluster-level
resources change as autoscaling mechanisms add or remove compute nodes in response to load [7-10],
while spot instance fluctuations alter cluster membership and hardware failures intermittently take nodes
offline [11-13]. These dynamics are ubiquitous in modern LLM serving [14, 15], where any serving system
must handle via continuous deployment.

To accommodate such dynamics, serving systems employ serving policies (e.g., scheduling algorithms and

rescheduling strategies) that produce different serving plans (including workload assignment, resource alloca-
tion, and parallelism strategy), in response to dynamic status. However, implementing an effective serving

Runtime Dynamics

arXiv: 2604.07144,

THE HONG KONG
UNIVERSITY OF SCIENCE
AND TECHNOLOGY

Autopoiesis: A Self-Evolving System Paradigm for LLM Serving Under
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When Static Policies Break
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The problem. Serving systems react to runtime dynamics by swapping plans — but the policy that produces those plans s static

and human-engineered, so it cannot follow the trade-offs as they shift.

- Policy C
Phase 5

-~ Policy A —— Policy B
Phase 1 Phase 2 Phase 3 Phase 4

I
|
|
I
|
|
|
1

0123456 7 8 91011121314 1516 17 18
Time (hours)

Five phases: steady (1, 3, 5) alternating with bursty (2, 4). [Autopoiesis, Figure 1]

No fixed policy wins across vegimes — the optimum is workload-specific and moves.

Policy A
Thorough scheduling, aggressive reconfiguration.
Excels under stability; collapses under bursts.

Policy B
Reactive scheduling, lightweight reconfiguration.
Thrives during bursts; underperforms in steady

state.

Policy C
Continuously adapts to shifting conditions. Holds
high throughput across every phase.

Human intuition cannot locate balances in a space

this intertwined.

Offline precomputation cannot rescue it either — the

space is not enumerable in advance.



An Intertwined Trade-Off Space
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Root cause. Serving never pauses. Under this continuous-execution constraint every scheduling decision and every
reconfiguration action has a direct, concurvent cost — which couples the trade-offs together.

B Scheduling & Reconfig Window B Steady-state Thpt

Serving Window Burst-period Thpt
Optimal . . Optimal
Policy A - - 1.33x1 |Policy C 0.60x |
Policy B I I 1.40x 1(Policy D 0.65x |

| Totai Execiltion “Il"ime | Ovellall Selrving Ll‘hpt

Left: neither extreme is competitive (1.33X [ 1.40X worse than the oracle). Right: a policy tuned for one regime loses 35—40% in the
other. [Figure 2]

Two requirements for an effective serving paradigm

* Automated trade-off exploration — discover policies tailored to the current workload and
cluster, rather than balancing the axes by intuition.

¢ Continuous online evolution — observe real system behaviour and rewrite the policy code as

the trade-offs shift, throughout deployment.

Rescheduling frequency vs. per-interval overhead

Frequent rescheduling (large N) keeps plans fresh but accumulates
cost; infrequent rescheduling serves under stale plans.

Scheduling thoroughness vs. stale serving cost

Thorough scheduling lowers t_serve but extends the stale-plan
window t_stale; lightweight scheduling inverts the pair.

Reconfiguration aggressiveness vs. transition overhead

Aggressive reconfiguration reaches the optimal plan but pays
prolonged degradation proportional to the change.

Trade-offs (i)—(izi) are tightly coupled: the optimum is nonlinear, deployment-
specific, and moves continuously.
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Reframing. A serving policy is not a static artefact designed before deployment. It ts living code that an LLM continuously

evolves throughout deployment.

The policy is a pair of pure functions

should reschedule(ctx) - {0, 1}
have conditions shifted enough to justify rescheduling? —> controls N
schedule (ctx) - plan

produce the new serving plan  —> controls schednling cost and reconfiguration magnitude

Two-plane architecture

Data Plane === e

Running Policies [

Snapshots (86.2) [ |

Control Plane  ----=3y--=Sy--F Sy -- 3= --2 === = S G et
Policy Evolve (85) [

J
Optimized Polices[ I I

Policy Unchanged
Time >

The execution model these functions drive

T total = t sched(l) + t serve(l) + I i...N [

t stale(i) + t reconfig(i) + t _serve(i) ]

N is not a constant — it is whatever should_reschedule decides. Each cost term reflects the behavionr

of schedule at that interval. The synthesis objective is to evolve both implementations to jointly
minimise T _total.

Execution model: three phases per interval

thtal
tsched (1) tserve(1)e Reschedule Reschedule
mmmmmm o
Interval 1 Interval 2 Interval 3

Serving under plan;_; Transitioning to plan;  Serving under plan;

tstal'e (1) treconfig(i) tserve (1)

Serving 9

Efficiency
wv
(@]
=0
(g2
o
c
=
o
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LLM-Driven Program Synthesis
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The reward signal. What compile-time counterexamples ave to ARGUS, a calibrated simulator and a structured cost breakdown

are to Autopoiesis — the same dense-feedback move, one layer up.

Iterate until convergence

Step 1: Step 2: Step 3: Step 4:

Initialization . Mutation Evaluation Select & Iter.

Synthesis i
: e Best Polic
Config. (§5.4) INFNgiiZIa: !

Feedback
The evaluator is the bridge to reality

* Candidates are replayed against the actual runtime trace snapshotted from the data
plane — not a synthetic benchmark.

* A roofline-based simulator models per-operator time, continuous batching,
parallelism, and reconfiguration overhead.

* Selection uses MAP-Elites with island-based population management, preserving
diversity while retaining elites.

Artifact feedback: the cost breakdown

N X stale X reconf X serve T_total
Parent 2 7.6s 12.0 s 252's 44.8 s
Child A 5 55s 4.0s 24.0s 335s
Child B 1 10.0s 17.0's 23.0s 50.0 s

The agent sees which axis its own edit moved: Child A reschedules more often yet pays less —

lightweight, frequent rescheduling suits this workload.

Trade-off-aware mutation

Formal structure — the system prompt encodes the execution model and
the trade-off characterisations, so the LLLM knows how a move on one axis
shifts the others.

Pet-iteration feedback — the parent/child cost breakdown plus population
context, steering away from redundant mutations.

Result: trade-off-aware modifications, not random variations.



Making Evolution Truly Online
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Engineering. Offline synthests is a research artefact; online synthesis is a systems problem. Four mechanisms make the control

plane fast enough and safe enough to run beside live traffic.

Warm-start re-evolution Consecutive snapshots reflect gradual shifts, so cycle e*i is seeded
G with the elites of e'i—1 and their mutations — targeted refinement instead of re-exploring from

scratch.

Multi-level timeout hierarchy An evolution-level timeout bounds each cycle so the control
plane delivers on a predictable latency; a candidate-level timeout kills any schedule function that

diverges.

Asynchronous policy hot-swap Because the policy is two pure functions, deployment is a
code replacement. The control plane writes to a staging area; the data plane loads it at the next
monitoring step. No in-flight plan is disrupted.

Sliding—window snapshotting Conditions are logged to a fixed-size circular buffer; a
background thread transmits a contiguous window on request, decoupled from live request

processing. Windows may overlap, exposing trends across cycles.

Convergence in under 10 minutes (= 80 iterations); evalnation is embarrassingly parallel — up to 8X with 10 threads.

£2} Staging Area mmlogs () Buffer
D D
( i .
C ---Async Hot-Swap +==T""" "~ i C -Transmission
) . . é > -
t Ltz oty t; tp t3 ty t5 tg ty tg

Hot-swap (left) and trace snapshotting (right). [Autopoiesis, Figure 6]

B Evolve @#4 Evolve (warm-start)
Snapshot 1 Snapshot 2 Snapshot 3 Snapshot 4

] X

g 1.00 o

2 5% 7

E 822 82%1 Zl%l / 83%1
2 0.00 % Y .

Warm-start cuts evolution time by up to 83% — except when conditions shift so
far that no prior structure is reusable (Snapshot 3). [Fignre 9]
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B Scheduling & Reconfig Window Serving Window
ShareGPT ShareGPT MAF Trace 1
Autopoiesis | | | | | 1.00x Autopoiesis | 1.00x Autopoiesis . I | I 1.00x
DistServe | 7} 1 | [ | 1.23x HexGen ] | | 1274 SpotServe |/} B 1.35x
. t02 d3rd Sﬂ;t% 1085 1628 2170 0 1105 2210 3315 4420 0 54 108 162 216
Y LongBench LongBench MAF Trace 2
Autopoiesis | 1.00x Autopoiesis | I 1.00x Autopoiesis I . I . I I 1.00x
f Policy Update
DistServe I . l . . 1.31 HexGen | I . 1.334  SpotServe - . 1.53%
0 315 630 945 1260 0 722 1445 2168 2890 0 80 160 240 320
Total Execution Time (S) Total Execution Time (s) Total Execution Time (s)

End-to-end execution time vs. DistServe (homogeneons), HexGen (heterogeneons), SpotServe (elastic cloud). [Autopoiesis, Figure 7]

53% / 34% 27 % 30% 44%

Peak / average reduction in execution Average gain over DistServe on a Average gain over HexGen under Average gain over SpotServe on an
time over state-of-the-art systems. homogeneous cluster (up to 31%). hardware heterogeneity (up to 33%). elastic cloud cluster (up to 53%).
The evolved policies are workload-adaptive Two insights from the case studies
* Under volatility: cuts scheduling and reconfiguration overhead by 65%. * Frontier-shifting, not frontier-navigating. Greedy and ILP occupy fixed points on a
* Under stability: invests 10% more in search — cutting serving latency 22%. Pareto frontier; evolved policies imptove both axes at once.
*  On heterogencous clusters, search time drops by up to 92%. * Scheduling algorithm and rescheduling strategy must co-evolve — their cost

profiles are coupled.



° AReal-AutoPilot

Full lifecycle RL tasks (in progress)

An agentic control layer for distributed
RL post-training,.

Spec — validated plan — launch —
monitor — adapt

Built on AReal ;s antomatic RL deployment.

Agent Service (e.g., Hermes Agent)

Agent
Controller
"
Agent Workflow

Sandbox r Planning ’—l
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execute Tool

\
Execution memory

SYSTEM LAB
ARealL2.0 Online RL
’ . .
Inference Service N
Training Service
Inference g
Gateway
M { Train Worker 1
base_url .
oy Router Train Worker 2
api_key :
‘ snEBEE + “““ % weight :
model response | | | Data Proxy 1 I sync Train Worker N
: : service 4
Data Proxy 2 ' Lt
: . ] Training
1 = |
| Data Proxy N ! Controller
____________ - 4
]
]
Inf. Worker 1 SOy R
Inf. Worker 2 L LLEL LD > B
: \Storage _J
Inf. Worker N

AReal. 2.0 online-RL architecture — the excecution substrate that AutoPilot configures, launches, and adapts.
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AReal: Introduction B/AReal [Juengsoc cetaveo

@ What is AReal?

Agent Application + Environment LLM Inference Service RL Training Service
-m F“* ’f' 3 = et - T ] crmnrner, 58 ) A scalable agentic reinforcement-learning (RL) infrastructure
i < I i g bridging foundation-model training with modern agent-based
:CAMEL Al Gl O, 8—- Rollout Worker 8 Train Worker — Jiees3 o M R .
i g<— O +— (VLLM/SGLanq) _ _""< (Megatron/FSDP) 1 S <"‘ apphcatlons.
x 3 s g |
£ o : g ) ointly open-sourced by Ant Group and Tsinghua University + February 2025
I': X __, Rollout Worker ! i Train Worker { op 7 P & 2 J
b = +—— (VLLM/SGLan l ﬁ:-’ — (Megatron/FSDP) ]

e S— SR — e — — T ¢ Flexibility — modular architecture with plug-and-play "Agentic RL-as-a-
Service" integration.

Trainin Generation Load Weight eqe .o
O o[ X * Scalability — stable, fully asynchronous RL training at large scale.
7 ) 7]
GPU 1 —
GPU 2 i ' " #:l o6 19 1724 * Performance — state-of-the-art results on math, code, search, and
GPU3 |1 T ﬁf:?? agentic tasks.
GPU 4 ! 8 16 1]5 \ J 24 \

* Research-friendly — four major RL paradigms and 10+ mainstream RL
algorithms.

* PyTorch Ecosystem project — accepted May 2026; now applying for
Foundation hosting,
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5.2K+ 500+ 100+ 1,900+ 4 — 14

GitHub stars Forks Code contributors Community users Maintainers since launch

Contributor & Maintainer Organizations

6 W

Vendor-Neutral Governance

* Maintainer-led model, publicly documented in GOVERNANCE.md.

* 14 maintainers across 6 organizations — Tsinghua, Ant Group, Huaweti,

ByteDance, Xiaomi, and Tencent. ByteDance
¢ Two maintainer approvals per pull request, including a code owner for
modified paths.
¢ Consensus decision-making, with a lead-maintainer tie-break when i BosonAl

consensus cannot be reached.

* Gold OpenSSF Best Practices badge
(bestpractices.dev/projects/12770).

* Project assets prepared for transfer to the Linux Foundation.

Maintainers: Tsinghua - Ant Group - Huawei - ByteDance - Tencent - Xiaomi
Contributors incl. Microsoff, Boson Al, PKU, CUHK, HKUST, UIUC



AReal: Release

Every release ships three artifacts:

Versioned code release

Tagged, installable, and reproducible.

History & Cadence

' %_ THE HONG KONG {Q\\
UNIVERSITY OF SCIENCE
A Re d L LlU AND TECHNOLOGY RELAXED
SYSTEM LAB
Jun 2026 ‘ v2.0 Online-RL modular architecture
May 2026 () PyTorch Ecosystem project — accepted
Mar 2026
Reproducible training examples
End-to-end recipes with configs and scripts. Dec 2025
Research findings & papers
a Empirical results published with each milestone.

v0.5
Aug 2025

Online RL

v1.0 Agentic architecture — general availability
v0.4

Agentic architecture preview
Jun 2025

v0.3

Agentic RL
AReal -lite architecture
Mar 2025

v(.2
Feb 2025

Reasoning RL
Fully asynchronous RL — 2.7 X throughput
State-of-the-art 7B math model

v0.1 Initial release with GRPO

18 months from v0.1 to v2.0 — three architecture generations: Reasoning — Agentic — Online RL.
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AReal-AutoPilot: The Full Lifecycle

Goal. An agentic control layer that turns an RL workload specification into a validated deployment plan, launches the
distributed system, monitors it, and progressively adapts its policies.

0 Workload spec e Validated plan e Configure & launch ° Monitor e Adapt

Model, algorithm, dataset, Parallelism, placement, Instantiate the distributed RL Throughput, staleness, » Rewrite system policies as
resource envelope, objective. batching, rollout/training system on the cluster. memory, stragglers, models, workloads, and
ratio — checked before convergence. hardware change.
launch.

.

progressive adaptation — the plan is never final, only current

Inherits from ARGUS - validate before you act Inherits from Autopoiesis * adapt while you run

* A deployment plan is checked against system invariants — memory feasibility,

parallelism legality, communication topology — before a single GPU is
allocated.

* RL post-training is itself non-stationary: rollout length drifts as the policy
improves, so the optimal system configuration drifts with it.

* 'The control plane observes execution and rewrtites system policies mid-run

* A rejected plan returns a counterexample, not a crash log: the agent learns — the same two-plane separation, applied to training;

which constraint it violated.
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The arc. From code-generation assistant to autonomous system engineer — offline (ARGUS), online (Autopotests), and across
the full lifecycle (AReal -AutoPtlot).

ARGUS Autopoiesis AReal-AutoPilot

Data-flow invariants turn a compiler into a Serving policies become living code, evolved

teaching signal — reaching 99-104% of hand- online — 34% average and up to 53%
tuned assembly on GEMM, attention, and MoE.

Both halves, applied to distributed RL post-

training: validate before launch, adapt while
improvement over state-of-the-art systems. running,

Thank you!

ARealL Repo: Personal page:

https://eithub.com/areal-project/AReal. https://binhangyuan.github.io /site
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