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Abstract

Can Al autonomously design mechanisms for computer systems on
par with the creativity and reasoning of human experts? We present
Glia, an Al architecture for networked systems design that uses
large language models (LLMs) in a human-inspired multi-agent
workflow. Each agent specializes in reasoning, experimentation,
and analysis, collaborating through an evaluation framework that
grounds abstract reasoning in empirical feedback. Unlike prior
ML-for-systems methods that optimize black-box policies, Glia
generates interpretable designs and exposes its reasoning. When
applied to a distributed GPU cluster for LLM inference, it produces
new algorithms for request routing, scheduling, and auto-scaling
that perform at human-expert levels in significantly less time, while
yielding novel insights into workload behavior. Our results suggest
that by combining reasoning LLMs with structured experimentation,
an Al can produce creative and understandable designs for complex
systems problems.
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« Computing methodologies — Artificial intelligence; Dis-
tributed computing methodologies; - Networks — Network
algorithms.
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1 Introduction

Can we develop an Al to tackle the design and optimization of networked
systems and produce solutions on par with, or even surpass, those of
PhD-level system engineers?

This question motivates our work. It matters because:

(1) AI'may soon be essential to manage complexity. Modern
computer systems are extraordinarily complex, driven by mas-
sive scale, rapidly evolving hardware, dynamic workloads, strin-
gent performance demands, and escalating costs. Many orga-
nizations struggle to keep pace, with engineers stretched thin
to deliver improvements. On the research front, understanding
intricate system interactions takes longer than ever, slowing
innovation. We believe today’s systems have reached a level
of sophistication that makes traditional, human-centric R&D
insufficient for sustained progress.

(2) The need for design velocity in the age of Al A central sys-
tems challenge of our time is building infrastructure capable
of efficiently delivering Al applications. These workloads con-
sume enormous computing resources, process vast amounts of
data, and often operate under strict latency constraints. While AI
models advance at a breathtaking pace, the systems that support
them lag behind [2, 30, 33], creating a growing gap between what
Al demands and what current infrastructure can supply.
Intellectual curiosity and the nature of design itself. Given
the remarkable progress of Alin many domains [8, 14, 35, 55], can
it also produce good system designs? Hallmarks of good design
such as simplicity, clarity, and robustness [20, 80, 81] are difficult
to quantify, unlike objective performance metrics. Our goal is
thus twofold: to test whether an Al can generate high-performing
designs that optimize specific performance objectives, and to
examine whether its designs are understandable and insightful
in the way that human-engineered designs often are.
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For over a decade, researchers have explored the use of Al and ma-
chine learning (AI/ML) for systems [29, 34, 49, 52-54, 65, 66, 71, 94].
Yet despite hundreds of papers, real-world deployments remain rare.
As we discuss in §2, these approaches have often been incomprehen-
sible, e.g., relying on opaque neural policies often developed with
reinforcementlearning (RL) [47,49,50,54], and fragile, failing outside
their training regimes [13, 15, 24, 48, 85]. Researchers and practition-
ersalike have thus had little confidence that such systems will behave
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reliably in unforeseen situations. There is, therefore, good reason to
be skeptical of the real-world impact of efforts in AI/ML for systems.

But this time may be different. Large Language Models (LLMs)
now excel at code generation, dramatically accelerating software
development. They can ingest and synthesize vast amounts of text,
identifying what matters and what does not, a hallmark of “under-
standing” They can also solve mathematical and analytical problems,
including those requiring symbolic reasoning and logical synthesis.

Learning from prior ML-for-systems experience, our goal for
the proposed Al is not to merely produce the “best possible” design
on a fixed set of benchmarks or traces. Instead, our aim is to
build an Al that generates system designs and insights that impress
human experts. Performance improvements are important and a
welcome by-product. Good designs and optimizations are clear and
explainable, can be stress-tested and analyzed, and adapt to new
situations, reducing the risk of unpleasant surprises.

One solution might be to craft detailed prompts for existing LLMs
to produce system designs. However, this approach does not work
well (see §3.1). Fundamentally, systems research integrates four inter-
dependent skills: (a) developing and reasoning about a model of the
system and problem, (b) formulating hypotheses about bottlenecks
and designing experimentsto test them, (c) instrumenting and analyz-
ing telemetry data that capture performance and diagnostic metrics,
and (d) synthesizing insights from these analyses into improved de-
signs. These skills operate in a feedback loop, where an engineer iter-
ates until satisfied with the outcome (or gives up). Moreover, systems
research is inherently collaborative: teams combine complementary
skills, vet ideas, and refine them through critique and iteration.

We introduce Glia, an AI architecture inspired by this human
process. It comprises three components: (1) a front-end for humans
to specify tasks and provide background; (2) a multi-agent Al
composed of LLM-based agents with reasoning, summarization, and
analytical capabilities, each specialized for particular tasks and able
to explore ideas sequentially or concurrently; and (3) an evaluation
framework that could be a simulator, emulator, or testbed for running
experiments and generating data for the Al agents to reason about.

We apply Glia to a distributed GPU-cluster system serving LLM
inference requests. It produces new insights in designing workload-
specific adaptive algorithms for (a) request routing (deciding which
GPU should serve a request), (b) batch scheduling (dispatching
batches of requests to individual GPUs running inference tasks),
and (c) auto-scaling (adjusting cluster size dynamically to meet
latency goals while controlling compute costs).

The key contributions and findings of this paper are:

(1) Human-inspired Al design: Glia employs an agentic workflow
that mirrors how expert humans design systems, including con-
ceptual understanding, hypothesis formation, experimental test-
ing, ideation, and iterative refinement. We compare this approach
with prior methods such as AlphaEvolve [57]. For example, on
a benchmark developing a request router for a distributed LLM
inference system serving a challenging workload, Glia produced
anovel routing algorithm whose mean request completion time
is 2.2x lower than the standard least-loaded queue (LLQ) baseline
and 1.6 lower than the solution produced by OpenEvolve (an
open-source implementation of AlphaEvolve). Glia took only

two hours to match the performance of a human expert who
took two weeks to achieve a similar result.

(2) Demonstration of Glia’s creativity: Glia autonomously gen-
erated novel resource management algorithms that are simple
and interpretable, revealing the reasoning that led to their cre-
ation. These outputs provided new insights even to experts. For
instance, Glia discovered within one hour that poor performance
in a particular LLM workload stemmed not from load imbal-
ance, as initially assumed, but from a memory management
bottleneck—an insight that took a human expert several days to
uncover independently.

(3) Workload-specific adaptability: When workload characteris-
tics shift, previously discovered algorithms may degrade. Glia
can be re-run on the new setting to generate specialized algo-
rithms without human re-engineering.

(4) Benefits of parallel multi-context execution: Running Glia
with multiple concurrent contexts yields higher-quality solu-
tions than a single-shot execution. Parallel exploration prevents
the system from converging prematurely on suboptimal ideas
and encourages diversity in solution strategies.

2 Related Work

AI/ML for networked systems. Remy uses an RL approach to syn-
thesize congestion control algorithms offline [82]. PCC Vivace [16]
and Aurora [25] use online learning and deep RL. For video streaming,
Pensieve learns ABR policies that surpass human heuristics [49]. In
datacenters, researchers have applied RL to traffic optimization and
control (e.g., AuTO [10], Iroko [64]), topology/routing management
(DeepConf [65]), and packet classification (NeuroCuts [36]). Despite
impressive benchmarks, these approaches rely on simulators that
miss key real-world artifacts, yielding opaque or complex policies
with fragile generalization outside the training regime [85].

DeepRL has also been applied to cluster scheduling (DeepRM [47];
Decima [51]), cache replacement (LeCaR [76]), GPU warp scheduling
(RLWS [4]), databases (CDBTune [91], Bao [52]), and datacenter
cooling [32]. These efforts show that machine learning can find high-
performance policies, but they often produce black-box artifacts
that are hard to analyze, verify, or adapt under workload shifts.

In practice, RL agents try many poor algorithms before finding
a good one, and if something changes about the system, such as
the workload, objective, configuration, or hardware, they need to
reoptimize all over again. By contrast, Glia decomposes the task into
modeling, hypothesis generation, experiment design, and telemetry
analysis; iterates with an evaluation-in-the-loop; and produces
interpretable, stress-testable designs rather than a trained policy.

LLM-based discovery. Recent work has applied LLMs to algorithm
discovery, combining reasoning and search beyond simple code gen-
eration [40, 84]. Gottweis et al. [19] employ multiple agents that col-
laborate through several iterations to refine and improve solutions.
Other works, such as Evolution of Heuristics [37], AlphaEvolve [57],
MCTS [93],LAS [38], and X-evolve [90], develop evolutionary search
approaches in which populations of programs are evolved through
mutation, crossover, and selection based on a fitness score. Recently,
Multi-Objective Evolution of Heuristics [88] has gained attention.
Some works, such as CALM [23], combine evolutionary search with
fine-tuning or employ supervised fine-tuning on curated datasets
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to enhance reasoning for algorithm discovery [39]. Recent work
from Google [7] proposes an agentic, tree-search-based approach.
DeepEvolve augments AlphaEvolve with deep web research to
make sure the idea behind each code corresponds with latest ideas in
literature [41]. SR-Scientist [83] introduces a long-horizon symbolic
regression framework where an LLM iteratively refines equations
using external tools for data analysis and evaluation. Unlike Glia,
the LLM cannot perform these analyses autonomously and depends
on pre-defined tools for these capabilities. Thus, many of these
approaches rely on black-box exploration, as discussed in §4.

LLM-based heuristic design. Researchers have been exploring
LLM-based algorithms to improve the performance of various sys-
tems. Al-Driven Research for Systems (ADRS) [11] is a recent effort
that studies a class of evolutionary, LLM-centered frameworks (e.g.,
OpenEvolve [68], GEPA [3], ShinkaEvolve [31], PACEvolve [86],
EvoX [43], AdaEvolve [9]) across performance problems in
networking, databases, and distributed systems. Shypula et al. [69]
explore the ability of LLMs to optimize C++ code. Wei et al. [78]
introduce an Agent-System Interface (ASI), composed of a concise
Domain-Specific Language (DSL) and a feedback interpreter called
AutoGuide, to optimize mapper code for parallel programs. Press
etal. [61] introduce AlgoTune, an agentic framework for optimizing
general-purpose numerical programs. Liu et al. [44] propose
ASI-ARCH, a closed-loop, multi-agent evolutionary system for
neural architecture search. Astra [79] and GPU Kernel Scientist [5]
explore the optimization of CUDA GPU kernels. AlphaEvolve and
LLM-based search have also been applied to combinatorial con-
structions in complexity theory [56] and SAT solver heuristics [73].
In networking, NADA [21], He et al. [22], and POLICYSMITH [17]
apply LLM-based heuristic search to adaptive bitrate streaming,
congestion control, and web caching. Robusta [28] combines
combinatorial reasoning about heuristics from prior work [26, 27]
with LLM-based reasoning in an evolutionary search to discover
networking heuristics with improved worst-case guarantees. Meta-
Muse [46] guides LLMs to generate novel algorithms with structured
creative ideation, exploring the solution space using external stimuli,
waypoint reasoning, and feedback-based performance embeddings.

Glia differs from prior work in several ways:

(1) Itfocuses on generating hypotheses and ideas from performance
analysis rather than code evolution, which helps establish causal
relationships to observed outcomes.

(2) It analyses experimental results and modifies code based on the
results of this analysis.

(3) It proposes and runs new experiments to understand deeper
relationships between instrumented metrics (not just the
objective) and the bottlenecks.

3 Case Study: LLM Serving in a GPU Cluster

In this section we apply Glia to the problem of efficiently serving
inference requests across a cluster of GPUs running large language
models (LLMs), which is a fundamental challenge in distributed LLM
serving systems [2, 30, 58, 60, 89, 92]. When an inference request
arrives, the system must process it promptly and in a cost-efficient
manner. Because GPUs are expensive and often operate under diverse
workloads, achieving high utilization without violating latency con-
straintsis crucial. As model architectures, hardware generations, and
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Figure 1: Pipeline of request routing for LLM inference.

application workloads evolve, maintaining and optimizing serving

systems across these combinations has become increasingly difficult.

Today’s systems implement one or two generic mechanisms
to route requests to GPUs (discussed below). They also employ
standard batch schedulers to dispatch requests within a GPU and
may use auto-scalers to adjust cluster capacity as load fluctuates over
time. However, these components are often tuned conservatively or
manually, leaving significant performance and cost improvements
unrealized. Optimizing them requires expert knowledge of both
workloads and system internals, requiring specialized engineering
teams to design and tune these systems [30, 60, 89].

We focus on a key opportunity for optimization: dynamic,
workload-adaptive routing of inference requests. The goal is to tailor
the routing to observed workload patterns to best satisfy specified
service-level objectives (SLOs). Typical SLOs include the mean time
to first token (TTFT), which captures latency; the mean time per
output token (TPOT), which is a measure of throughput; and the
mean end-to-end request completion time, which reflects overall
responsiveness.

Request routing (Fig. 1) is implemented in the orchestration layer
ofthe inference stack. Modern LLM-serving systems such as NVIDIA
Dynamo [58], Red Hat 11m-d [45], vVLLM production stack [77], and
ByteDance AlBrix [75] typically use simple, static policies such as:
e Round-robin (RR): routes each request to the next inference

engine in sequence.

e Least-loaded queue (LLQ): routes each request to the inference
engine with the fewest queued requests.

o Least-outstanding requests (LOR): routes each request to the
inference engine with the fewest waiting requests, i.e., those that
have not yet been allocated GPU memory.

While effective under steady conditions, these heuristics do
not adapt to changing workloads or resource states. We therefore
examine the potential for dynamic, workload-adaptive optimization
of the request router using Glia.

3.1 Using LLMs As-is

A natural first step is to ask an LLM to write the algorithm given a
detailed prompt describing the problem, environment, workload,
and objectives. Even with carefully constructed prompts and
state-of-the-art reasoning models, the resulting solutions are not
competitive out of the box for this specialized task. Fig. 14 shows an
example of such a detailed prompt. Fig. 2 shows the distribution of
mean request completion times for 100 generated programs sampled
from the same prompt using 03, 04-mini, gpt-4o,and gpt-5. Perfor-
mance varies widely across model outputs and is consistently worse
than that of a human expert, indicating that direct prompting alone
is insufficient for generating efficient request routing algorithms.
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Figure 2: Distribution of mean request completion times for
100 programs generated by directly prompting the LLM.

3.2 Black-box LLM-in-the-loop Search

A more sophisticated approach places LLMs within a black-box
search loop. In this setting, one or more LLMs generate or modify code
candidates, an evaluator executes each on abenchmark and returns a
performance score (e.g., latency or throughput), and the LLM refines
subsequent candidates based on that feedback [37, 57, 63]. Fig. 14
shows a typical prompt for use with systems such as FunSearch [63].

This paradigm has some advantages: because proposals are in the
form of code, thousands of variants can be generated and evaluated
in parallel; i.e., the evolutionary loop can explore a large design space.
However, these methods treat the problem largely as code-level
mutation and optimization. Systems such as FunSearch [63] and
AlphaEvolve [57] operate directly on program text, mutating or
recombining snippets without developing explicit hypotheses
or structured reasoning traces. Consequently, “idea evolution” is
driven by low-level code edits rewarded by a scalar objective, with
little feedback or analysis about why a candidate works or fails.
Few mechanisms exist to extract or leverage higher-level design
insights—the kind that human experts rely on when developing new
ideas. Many of the code candidates don’t make logical sense, but yet
the system experiments with them and obtains scores. This approach
resembles a “code monkey” that tries out code variants, instead of
reasoning about the ideas at a better level of abstraction [18].

Fig. 13 shows an example request-routing implementation gener-
ated by FunSearch. The resulting algorithm is a weighted composite
cost function over a handful of input signals, a representation more
typical of RL or ML-derived policies than of human-engineered
designs grounded in analytical reasoning. Such solutions offer
limited interpretability, depend on ad hoc weight calibration, and
are often sensitive to small workload or configuration changes. As
we show in §5, this black-box approach performs worse than the
more explainable and adaptive designs produced by Glia.

The core limitation is not the LLM’s reasoning capability or the
evolutionary framework itself, but the level of abstraction at which
the system operates: reasoning purely in code, with limited visibility
into system behavior or design principles.

3.3 The Glia Approach

Rather than using LLM as a black-box optimizer, Glia uses it to
elicit systems reasoning. We design an agentic LLM framework

that mirrors how human engineers approach design problems—a
workflow loop that forms hypotheses, conducts experiments,
analyzes results, and refines ideas. The system is named Glia,
inspired by glial cells in the brain. Just as glial cells support, maintain,
and enhance the function of neurons, Glia supports, augments, and
accelerates the work of systems researchers and engineers.

This reasoning-centered methodology is generalizable across
system domains and aims to be robust, avoiding the false paths
of brute-force or code-mutation methods. By combining learned
expertise with continuous experimentation, Glia produces algo-
rithms that are explainable, adaptable to changing workloads, and
grounded in analytic reasoning rather than opaque optimization.

We illustrate Glia’s operation in the context of the request-routing
problem. The user specifies a task prompt, an example of which
isin Fig. 15 to the Glia front-end. Starting from a baseline such as
LLQ, Glia iterates through cycles of experimentation, analysis, idea
generation, and code modification, progressively refining its design
toward improved performance and clarity.

Experimentation. Glia begins by testing a few simple request-
routing strategies. It first evaluates the baseline performance of LLQ,
then explores alternatives such as Least Outstanding Requests (LOR)
and modified versions of LLQ where the load signal incorporates
memory pressure. It executes each algorithm on the benchmark,
recording detailed statistics and performance metrics for every run.
Across these initial experiments, Glia observes that none of these
simple variants yield significant improvement over the baseline.

Analysis. After about ten such experiments, Glia determines that
further blind exploration is unproductive:

s 5
Rather than continuing to iterate blindly, I am going to step back,
profile the baseline more rigorously and derive a quantitative
model of where time is actually spent (queueing vs execution,
pre-emptions, GPU-memory pressure, ..). Once that is done we
can target the dominant contributor directly and should be able
to reach the desired 30% speed-up.

. 7

Glia proceeds to instrument the simulator and collect detailed
internal metrics. From this analysis, it identifies restarts—instances
where a request is evicted and restarted—as a potential source of
inefficiency, an insight discovered autonomously without user
prompting. Glia prints the following summary:

mean e2e no restart 37.40
mean e2e restarted 48.12
fraction restarted 0.26

Glia finds that roughly 26% of the requests in this workload
experience restarts, with restarted requests averaging 48.1s
end-to-end latency—about 11 s slower than non-restarted ones. Glia
formulates the following hypothesis:

Hypothesis: memory imbalance — more restarts — wasted
execution time.

Modern GPUs are designed to process many requests con-
currently. To achieve efficiency, they batch requests together,
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making scheduling decisions critical to performance. LLM inference
workloads are often bursty, with highly skewed and unpredictable
compute demands. Request durations vary with prefill and decode to-
ken lengths, frequently following heavy-tailed distributions [74, 87].
A core scheduling challenge is that each request’s GPU memory
requirement is proportional to its eventual output length, which
is unknown at routing time. A router must either allocate the
maximum possible size [89] or allocate incrementally, assuming the
batch fits in available GPU memory [30]. The latter, used in vLLM,
avoids over-provisioning but risks out-of-memory conditions.
When memory is exhausted during batch processing, the youngest
request is evicted, freeing its memory but losing all progress. This
eviction triggers a restart and wastes computation.

Glia discovers a solution. Having identified restarts as a major
source of inefficiency, Glia experiments with several techniques from
the literature to mitigate them. It reports that it has “implemented
several increasingly sophisticated global-scheduler prototypes:
memory-head-room LB, prompt-token balanced LB, elephant-house
heuristic, and size-affinity batching LB Its evaluation of these
approaches in the simulator finds that the best method so far, least
outstanding blocks, improves average latency by only 3% over the
LLQ baseline. It says that it is “continuing to iterate on schedulers”.

At this point, Glia’s Supervisor agent intervenes:

It seems that we have been unable to reduce the number of restarts.
Why is that? Is there something structurally wrong about our
approach that is making it difficult to limit the number of restarts?

This step helps the Researcher agent achieve a breakthrough by
triggering the following chain-of-thought reasoning:

e )

Why restarts stubbornly persist

(1) vLLM’s pre-empt-on-growth behaviour

e vLLM allocates just enough KV-cache blocks for the prompt.

e During decode it keeps adding blocks 1 token at a time (1/16
of a block).

e Assoon as a new block is needed and no free block is available,
vLLM pre-empts the youngest request, frees its blocks and
pushes it back to the pending queue.

o This happens even if the replica was perfectly balanced at
admission time.

(2) The global scheduler sees only prompt-length, not future
decode length.

o A50-token prompt that later decodes 1500 tokens will eventually
need [1500 / 16] = 94 extra blocks.

o The scheduler cannot foresee this growth, so an apparently “safe
admission can still trigger a pre-emption many seconds later.

»

(3) Memory stays near 100% utilisation most of the time
e LLQ (and our variants) keep GPUs busy to maximise throughput.
o With no head-room, the *first* request that needs an extra block
causes a domino of restarts.
e Our heuristics moved load around, but average utilisation
stayed > 90%. That is simply too tight.

\ 7

Guided by this analysis, Glia proposes a new routing strategy that
explicitly forecasts memory usage (i.e., expected output tokens) and
dispatches requests only when sufficient GPU headroom remains:
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To cut both queueing delay and pre-emptions we must:
(1) Balance memory usage / outstanding prompt tokens across
replicas, not just queue length.
(2) Admit new requests to replicas that still have KV-cache
head-room so that pre-emptions become rare.

Glia formalizes this idea with two tunable parameters: the decode-
to-prefill ratio (r) which estimates how much additional memory a
request will consume during decoding, and a memory safety margin
(m). The router estimates each request’s total block footprint and
dispatches it only if at least m of the target replica’s blocks remain
free afterward; otherwise, the request is held in a global queue. This
prevents the memory exhaustion that triggers costly restarts. Glia
tunes both parameters to the workload during optimization. Intu-
itively, when r is large, the eventual number of output tokens may
exhaust GPU memory, and deferring admission mitigates this risk
when the amount of available memory is small.

Gliaimplements this strategy (Fig. 12), calling it the Head-Room Al-
locator (HRA), and evaluates it. The initial implementation performs
worse than baseline LLQ (mean latency > 50 s vs. 40 s) but eliminates
most restarts, reducing them from 26% to under 0.001%. Recognizing
the opportunity for parameter tuning, Glia performs a rapid search
over the (r,m) parameter space, soon identifying a configuration that
breaks the 40 s latency barrier. After two additional experiments, it
achieves a design with mean latency just above 30 s—while maintain-
ing low restart rates (about 20%, mostly early in request lifetimes).

Next, the Supervisor encourages idea composition, recalling that
Glia had previously tested a shortest-prompt-first scheduler inspired
by the classical shortest-job-first policy known to minimize mean
completion time. Glia combines this idea with HRA and implements
the combined design. The result achieves a mean end-to-end latency
under 23 s—a 42.5% improvement over the 40s baseline—with
queueing delay reduced from 20 s to just 3 s. These improvements
arise because the number of restarts reduces by 44%. Glia discovered
this scheduler in only 20 simulations and in under two hours,
compared to a human expert who required over 100 simulations
and more than two weeks to reach similar insights.

This example shows that Glia’s agentic workflow fosters
reasoning-driven exploration: rather than relying on scalar feedback,
Glia formulates hypotheses, tests them empirically, and composes
ideas. This reasoning process produces both higher performance
and more interpretable designs than black-box methods.

Continuous adaptation to changing workloads and application
patterns. Akey motivation for automated decision-making is that op-
timal policies depend on factors that evolve over time. Workload char-
acteristics, hardware configurations, and application priorities can
all shift, changing which routing policy performs best. For instance,
the solution Glia devised above is less effective in configurations with
abundant KV-cache memory and short sequence lengths. Moreover,
applications often optimize for different metrics: interactive services
may emphasize TTFT and TPOT; background processing may priori-
tize overall throughput; and agentic or multi-stage applications may
focus on end-to-end agent execution time. By running periodically
and re-optimizing in response to observed conditions, Glia can
adapt its decisions to these evolving workloads and objectives.
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4 Glia Agents

This section presents the design of Glia ’s agents. The current
implementation comprises two primary agents:

(1) a Researcher, which proposes ideas, implements them, conducts
experiments to generate metrics, and analyzes results; and

(2) a Supervisor, which guides the Researcher by asking questions,
providing feedback, and approving or suggesting revisions.

We have taught the Researcher the general principles of systems
research via its system prompt (Fig. 16). The user prompt specifies
the simulator and optimization problem to be solved.

To interact with simulator, the Researcher has access to shell com-
mands and a cloned copy of the repository. As described in §3.3, it uses
standard Unix commands (e.g., 1s, grep, find) to navigate the code-
base, inspect directories, and identify relevant components—a pro-
cess known as agentic search [62]. The Researcher can create and ex-
ecute scripts to analyze simulation outputs and performance metrics,
enabling data-driven refinement of its hypotheses. Through these in-
teractions, it conducts a human-like research process that combines
experimentation and reasoning to discover new algorithms.

Glia ’s white-box, reasoning-driven workflow elevates explo-
ration from the code level to the idea level. This makes its agentic
research loop both more efficient (Fig. 7) and more interpretable
(§5.4) than prior black-box approaches such as FunSearch, AlphaE-
volve, and EoH [37, 57, 63]. Rather than relying solely on scalar
performance scores, Glia analyzes why a design succeeds or fails.
It examines experimental evidence, forms hypotheses about root
causes, and validates them through new experiments. As a result, its
behavior more closely mirrors that of a human researcher, achieving
both higher insight and robustness.

We first describe a single-context design in §4.1, and then extend
it to support multiple contexts in §4.2.

4.1 Single-Context Glia (SCG)

Our initial design employs a single execution context shared by the
two agents. Within this context, the Researcher may occasionally
pursue unproductive directions, lose focus, or prematurely
terminate exploration. When this occurs, the Supervisor intervenes
to provide feedback and guidance: offering encouragement
when the Researcher appears close to a promising idea, asking
clarifying questions when potential directions are overlooked, and
halting progress along clearly unproductive paths. The Supervisor
also removes procedural obstacles, reminds the Researcher of
overarching goals, and recalls previous findings (see Fig. 17). The
Supervisor responds to messages from the researcher agent that
otherwise would have been responded to by a human.

However, the Supervisor does not introduce new ideas or
interfere directly with the Researcher’s reasoning. Unlike the
Researcher, the Supervisor has no access to the codebase; it operates
solely from the task description and from observing the Researcher’s
outputs. In response to Supervisor’s questions, the Researcher
provides detailed rationales in a chain-of-thought style.

This design mirrors the dynamics of a small human research
team. Unlike orchestrator/subagent architectures used in production
coding tools [6], which decompose a task into subtasks upfront,
Glia’s agents are designed for open-ended exploration where the
path forward is not known in advance. The Researcher operates

tactically, deciding what to test next based on the latest results, while
the Supervisor serves as a strategic thought partner, watching for
stagnation and reconnecting observations to the broader goal (see
§A.2).

Maintaining a single execution context offers the benefit of a co-
herent, contiguous exploration history that is easily accessible to the
Researcher. However, it also introduces two limitations. First, current
LLMs have finite context windows: once the limit is reached, the pro-
cess must terminate, regardless of progress. Moreover, as the context
grows, model attention becomes increasingly uneven across earlier
content [42, 62]. Second, the single-context design scales poorly as
there is no straightforward way to improve the resulting algorithms
merely by increasing compute, budget, or iteration count. The next
section introduces two extensions that mitigate these limitations.

4.2 Multi-Context Glia (MCG)

To overcome the limitations imposed by a single finite context
window, we adopt a best-of-N sampling strategy, a common method
for scaling test-time computation [12, 72]. In this approach, we
execute N independent single-context instances of Glia, each
exploring the design space along a distinct trajectory, and select
the best-performing algorithm discovered across all runs based on
benchmark scores.

We present two variants of this strategy: Sequential MCG
and Parallel MCG-N. In Sequential MCG, single-context Glia
runs execute one after another, allowing the process to stop as
soon as a satisfactory result is achieved (up to a maximum number
governed by cost). In Parallel MCG-N, N independent runs proceed
concurrently, with N serving as a user-specified hyperparameter.
For both variants, Glia returns the best-performing design across
all runs as the final output. A performance comparison between
these modes is presented in §A.3.

Because the runtime and output quality of a single-context
instance cannot be predicted in advance, the two modes expose
different trade-offs. Sequential MCG achieves faster early progress,
as results can be assessed incrementally after each run, but its early
performance varies depending on which trajectories complete first.

Parallel MCG-N, in contrast, requires more peak compute but
provides steadier improvement: evaluating multiple trajectories
simultaneously reduces the likelihood that all runs perform
poorly, leading to more consistent aggregate performance. In
practice, Sequential MCG is preferable when compute resources
are constrained, while Parallel MCG-N offers lower variance and
smoother convergence. Our experiments show that most of the
benefit saturates by N=4, with larger values yielding diminishing
returns. We discuss these differences further in §A.3.

5 Evaluation

We use OpenAl 03 [59] as the underlying language model. In the
following experiments, we specified a budget of $30 per optimization.

We evaluate Glia in vidur, a simulator for distributed LLM
serving systems [1]. This section focuses on the request routing
strategy among LLM replicas in distributed serving environments.
We study how Glia discovers novel routing algorithms that lower
the mean request completion time (RT) across all requests.
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We simulate an LLM inference workload (ShareGPT [67]) on four
NVIDIA A10 GPUs running Llama-3-8B-Instruct. To emulate the
heavy-tailed decode lengths typical of reasoning workloads (e.g.,
chain-of-thought) while preserving the base ShareGPT distribution,
we independently inflate 5% of decode lengths and 5% of prompt
lengths by 10x. The workload uses a query rate of 7.5 queries per
second (QPS), with bursty interarrival times following a log-normal
distribution (o =2). We chose 7.5 QPS because it sits at the knee of
the system’s operating curve: lower rates underload the cluster (all
methods perform alike), while higher rates saturate it. Each LLM
replica uses chunked prefill [2] for batch scheduling, with a chunk
size of 8192. We run each experiment with ten random seeds.

The primary evaluation metric is mean request completion time
(RT), defined as the end-to-end latency to receive a response. This
reflects user-perceived responsiveness in LLM serving and measures
the effectiveness of scheduling policies under dynamic workloads.
We also report 90% bootstrapped confidence intervals.
Comparisons to other approaches. We compare Glia to three
state-of-the-art frameworks that employ LLMs and evolutionary
strategies for discovery: (i) Evolution of Heuristics (EoH) [37], (ii)
FunSearch [63], and (iii) OpenEvolve [68]. The parameter settings
for these systems are shown in Tab. 1.

Evolution of Heuristics [37] introduces a “thought” step into
algorithm design and iteratively evolves candidate heuristics
using five operators: crossover operators (Ej: generate diverse
heuristics, E2: recombine common ideas) and mutation operators
(M;: modify heuristics for improvement, My: adjust parameters
within a heuristic, M3: simplify by removing redundancies).

FunSearch [63] applies a best-shot optimization within an island
model. In each generation, it selects top-performing code examples
from the solution database and prompts the LLM to refine them, main-
taining a bounded candidate island through iterative improvement.

OpenEvolve [68], an open-source implementation of AlphaE-

volve [57], also employs island-based evolutionary search. It begins
with an initial candidate program and a task-specific evaluation
function to maximize a score. A prompt sampler generates inputs
for the LLM, which produces new program variants. The system
then applies evolutionary principles and migration across islands
to improve solutions across generations.
Baseline routing comparisons. We compare Glia with three
routing heuristics: Round-Robin, Least-Loaded Queue (LLQ),
and Least Outstanding Requests (LOR). Round-Robin forwards
requests cyclically across replicas. LLQ selects the replica with
the fewest inflight requests, while LOR chooses the one with the
fewest waiting requests (those without allocated GPU memory).
We also compare against an expert-designed, workload-specialized
algorithm developed over two weeks by a senior systems researcher
with over 20 years of experience.

5.1 Glia Outperforms Baselines

Fig. 3a compares the algorithms generated by Single-Context Glia
(SCG) with routing heuristic baselines and prior algorithm design
methods under a strict simulation budget of at most 15 runs. On
average, SCG discovers algorithms that reduce mean response time
(RT) by 1.3-1.4x compared to EoH, FunSearch, and OpenEvolve,
and achieves the fastest discovery rate among them.

CAIS °26, May 26-29, 2026, San Jose, CA, USA

77777777777777777777777777777777777777777777777777777777777777 Round Robin
60 g=|======================================================== LOR
z 777777777777777777777777777777777777777777 LLQ
0 43.2 aa.7
0 T 38.6 I
= 40 35.6 1 T
[-4 T J.
2 L
>
< 30
ﬁ -~ Expert
[
m 20
10
0
o oW 5o e
o0e™ P

(a) Single-Context Glia (SCG) finds better algorithms compared
to prior methods after a strict 15-simulation run budget. Lower
response time (RT) is better. Error bars show the 90% bootstrapping
confidence intervals.
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(b) Comparison of the algorithms produced by Glia with prior
methods on a more relaxed 100-simulation budget (lower RT is
better). Both versions of MCG Glia (MCG-Par4 and MCG-Seq) find
solutions that perform better than all the other methods. The error
bars show the 90% bootstrapping confidence intervals.

Figure 3: Performance of Glia against other baselines.

Next, we increase the simulation budget to 100 runs. Fig. 3b shows
the best-performing algorithms produced by Glia variants compared
with the same baselines in this case. SCG performs similarly to
the 15-simulation setting (Fig. 3a). This stability stems from SCG’s
stopping rule: it halts once the Researcher agent either completes
its reasoning process or exhausts the context window, preventing
further additions or revisions. In contrast, EoH, FunSearch, and
OpenEvolve continue improving with additional simulations,
attempting to use the extra resources. SCG cannot benefit from these
available resources because it follows a single reasoning trajectory;
because it runs out of context, it cannot extend its research process.

Multi-Context Glia (MCG) addresses this limitation, as explained
in §4.2. MCG samples multiple independent reasoning chains, either
in parallel (MCG-Par4) or sequentially (MCG-Seq), and selects the
bestresulting algorithms. MCG-Par4 launches four independent SCG
processes simultaneously to diversify the search, while MCG-Seq
starts a new SCG after each previous run completes. Both MCG ver-
sions achieve the lowest average RT, outperforming SCG, traditional
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routing heuristics (Round-Robin, LLQ, LOR), and state-of-the-art
LLM-based design frameworks (EoH, FunSearch, OpenEvolve).
This multi-context scaling enables Glia to effectively utilize larger
simulation budgets and continually improve solution quality.
MCG delivers substantial gains. On average its algorithms
reduce average RT by 1.4x compared to SCG. It outperforms EoH,
OpenEvolve, and FunSearch by 1.7X, 1.6, and 1.3X, respectively.

5.2 Glia’s Discoveries Transfer to Real Systems

We implemented Glia’s routing strategy in Production Stack [77],
an open-source request router for LLM inference using vLLM. Our
testbed comprises 4 Nvidia A10 GPUs serving the Meta-Llama-3-8B-
Instruct model. To evaluate, we measure Slowdown, defined as
RTsystern
RTigeal ’

where RTgystem is the request response time (RT) under the evalu-
ated system, and RTj4e, is the minimum possible RT in an ideal, load-
free setting. A slowdown greater than 1 indicates system overhead.

Fig. 5 shows, even under real-world workload variability and
system uncertainty, Glia ’s discovered algorithm consistently out-
performs all baselines. In the same load regime (QPS = 7.5), the router
reduces slowdown by over 4.5X compared to LLQ, confirming Glia’s
discoveries transfer effectively from simulation to a real system.

5.3 Glia Finds New Algorithms across the Stack

We also applied Glia to the vLLM batch scheduler and to the design
of an autoscaler for the distributed vLLM cluster.

Within the inference engine, whenever a GPU becomes idle,
a scheduling algorithm selects which unfinished requests should
proceed. This batch scheduler forms batches while respecting
constraints such as available KV cache memory, maximum requests
per batch, and token limits. In the experiments above, we used
the Sarathi [2] batch scheduler, which performs chunked prefill
similarly to current vLLM implementations.

Using our optimized request router, we asked Glia to improve
the batch scheduler. It discovered that ordering requests by prefill
length (rather than arrival time, as in vLLM and Sarathi) reduces
end-to-end delay by an additional 25%. The insight mirrors why
Shortest-Remaining-Time-First outperforms First-Come-First-
Served: prioritizing shorter prefills minimizes head-of-line blocking,
reducing queueing delays for short prompts while adding negligible
delay for longer ones, thereby lowering mean end-to-end latency.

Atanother layer of the orchestration stack, autoscaling adjusts the
number of compute instances to meet latency targets while minimiz-
ing cost. To evaluate this, we implemented autoscaling in the vidur
simulator and generated a long-running workload with temporal
variability (QPS ranging from 7.5 to 22.5 in a slow sinusoidal pattern).
We first implemented a baseline autoscaler, modeled after produc-
tion systems, that scales based on per-instance decode throughput:
it adds an instance when throughput exceeds a high threshold,
removes the least busy instance when it falls below a low threshold,
and includes a cooldown mechanism to prevent oscillation.

We then asked Glia to design a more efficient autoscaler that
minimizes compute cost while keeping the p95 slowdown below 5X.
Glia proposed a proportional control loop that adjusts the number
of instances based on inflight requests per instance. It then tuned the
controller thresholds for this specific model and workload, finding

Slowdown =

>

Relative Cost % (GPU x Hours)

Off the Shelf  Glia Autoscaler ~ Glia Autoscaler ~ Glia Autoscaler
Glia Router Glia Router
Glia Batch

Figure 4: Glia’s GPU cost reductions as we progressively use
it across the inference stack.

an optimal configuration that minimizes cost while satisfying the
latency constraint.

Fig. 4 shows the total GPUxhours saved when applying Glia
across different layers of the stack. The Glia-discovered autoscaler
alone reduces GPU cost by 13% compared to an off-the-shelf
autoscaler, while the full Glia-optimized stack (router, batch
scheduler, and autoscaler) cuts total GPUxhours by 40% for this
variable workload, compared to standard serving systems (vVLLM
batch scheduler, LLQ router, and throughput-based autoscalers).

5.4 GliaFinds Novel, Interpretable Algorithms

Fig. 12 shows a representative algorithm discovered by Glia. This
algorithm is principled and, to the best of our knowledge, introduces
anew concept in this domain: a Head-Room Admission (HRA) router
that reserves headroom to accommodate unknown decode growths.
The router follows an admission-control approach—if a replica lacks
sufficient KV-cache memory (after accounting for headroom), the
request is queued and dispatched only when resources may have
become available. It combines this idea with a shortest-prefill-first
policy, approximating shortest-job-first scheduling, a strategy
known to minimize mean latency [70]. By maintaining a small
KV-cache headroom on each replica at admission time, the router
effectively prevents vLLM from running out of memory, thereby
avoiding request restarts and wasted computation.

Glia ’s discovered algorithms are natural and intuitive, often re-
flecting the kind of principled reasoning a human designer might em-
ploy. In contrast, algorithms produced by prior evolutionary frame-
works such as EoH, FunSearch, and OpenEvolve are typically more
complex and less interpretable. For instance, the program generated
by FunSearch (Fig. 13) includes numerous hyperparameters, condi-
tional branches, and opaque thresholds, making it difficult to identify
which components actually drive performance. Other evolutionary
baselines show similar traits, yielding heuristics that are cumber-
some to interpret and challenging to analyze, refine, or reason about.

5.5 Glia Can Adapt to New Workloads

A key motivation for automated optimization is that no single
routing policy performs well across all workloads. When workload
characteristics, hardware configurations, or optimization objectives
change, the best policy changes with them. In such cases, we
can re-run Glia on the new setting to automatically discover a
specialized algorithm without human re-engineering.
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Figure 5: Glia’s discovered routing algorithm outperforms
baselines in cloud experiments. The trends observed in the
cloud experiments are similar to simulation though the
numbers aren’t identical.

We evaluate this by running Glia on a setting that differs from
§5.1in i) workload, ii) hardware, and iii) optimization settings. The
Researcher agent uses GPT5 as its underlying model.

o Workload: Prefill-heavy, with a prompt-to-decode ratio of about
70. The workload generator operates in a closed loop, maintaining
200 concurrent requests, analogous to 200 users waiting for LLM
responses in a chat application.

e Modeland Hardware:L1lama-3.3-70B-Instruct-FP8-dynamic
running on 8 Nvidia H100 GPUs.

e Objective: Constrained optimization to maximize request
throughput (QPS) while keeping P90 TTFT below 1500 ms.

In this new setting, none of the standard routing heuristics—
Round-Robin, LLQ, or LOR—satisfy the TTFT constraint. More
importantly, the expert-designed heuristic from §5.1 not only
violates the constraint but yields a significantly higher TTFT than
these baselines, revealing that its strong earlier performance relied
on workload specialization. Without automated re-optimization,
a human expert would need to manually reanalyze the workload
and redesign the routing strategy.

Glia overcomes this by discovering, from scratch, a routing
algorithm that meets the TTFT constraint in all ten trials. Moreover,
its achieved QPS exceeds that of the baseline heuristics, even though
those heuristics fail to meet the constraint.

To further analyze, we vary the number of inflight requests and
compare the P90 TTFT vs. throughput curves for the expert-designed
and Glia-designed algorithms (Fig. 6). The expert algorithm satisfies
the SLO only up to 1.5 QPS, while the Glia-discovered algorithm
sustains compliant TTFT up to 7 QPS—a 4.6X improvement.

5.6 Other Experiments

We provide additional experiments in App. A. An architecture
ablation (§A.2) isolates the contribution of each component in Glia,
including the qualitative and quantitative effect of the supervisor.
We run multi-context ablation in §A.3. We also show Glia’s HRA
algorithms is robust both to parameter changes and in tail (§B).
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Figure 6: P90 TTFT vs. request throughput for the expert
and Glia algorithms. The expert algorithm was tailored to
a different workload and violates the 1500 ms SLO beyond
1.5 QPS; Glia’s algorithm maintains compliance up to 7 QPS.

6 Conclusion

We are progressing toward our primary goal: developing Glia into
an Al capable of PhD-level systems design and optimization for
real-world problems. Glia demonstrates the promise of Al-driven
infrastructure optimization, yet significant open questions remain.
Achieving fully self-managing computing infrastructures will
require progress across several key dimensions:

(1) Robustness and safety: Automated systems must remain
stable under adversarial or unexpected conditions. Al-based
approaches must ensure robustness to workload shifts, failures,
and anomalies. Additionally, their effectiveness depends on the
fidelity of the evaluation framework used to score candidate
designs and provide diagnostic telemetry.

(2) Human-AI collaboration: Glia’s explainability is a core
strength. Future work will improve how architects use Al
insights through better visualization, interactive debugging,
and co-design tools.

(3) Generalization across systems: Although current results
focus on Al inference stacks, our approach holds promise for
optimizing a broad range of complex computer systems.

(4) Abstractions and architectural discovery: Designing a new
abstraction such as an AP, transport semantic, or queueing
primitive is qualitatively different from optimizing a heuristic
policy. Abstraction design requires reasoning about what to
expose or hide, composability, failure modes, and long-term
maintainability. These qualities are less measurable and
typically evaluated through argumentation, analysis, and
targeted experiments. Whether Al can propose abstractions that
are both useful and stable is an open question.

(5) Context management: Glia currently addresses the single-
context bottleneck through a simple best-of-N strategy (§4.2).
Context management techniques could further complement
Glia’s exploration trajectories.

(6) Online re-optimization: In this work, re-optimization is
triggered manually for each workload. Detecting workload
shifts and automatically invoking Glia is a natural extension.
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Glia: A Human-Inspired Al for Automated Systems Design and Optimization

System Parameter Name Value
EoH Initial population size (N) 20
FunSearch # Prompt programs (k) 3

Population size per island 20

Number of islands 6

Exploration probability 0.6
OpenEvolve Exploitation probability 0.4

Initial program LLQ router

Table 1: Hyperparameters for the other approaches used in
our evaluation.
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Figure 7: Comparison of Glia variants with baselines and prior
methods (lower is better). SCG has the steepest early gains
thanks to coherent and continuous white-box reasoning,.
The two variants of MCG—4-way parallel (MCG-Par4) and
sequential (MCG-Seq)—extend the gains and outperform
other methods by finding better algorithms more quickly.
Shades show 90% confidence intervals.

A Deep Dive into Glia’s Design
A.1 GliaFinds Good Algorithms Quickly

Fig. 7 compares Glia’s progress across simulations with prior algo-
rithm design methods (lower is better). Glia consistently discovers
stronger algorithms using far fewer simulations. Single-Context Glia
(SCG) achieves the steepest early gains, driven by white-box rea-
soning and focused, continuous refinement within a single context.
However, SCG’s scalability is limited. Because the Researcher
can conclude the search regardless of available simulations (hence
the shorter SCG curve), additional resources cannot easily improve
performance. We address this limitation with Multi-Context Glia
(MCG) approaches. As shown in Fig. 7, both 4-way Parallel Glia
(MCG-Par4) and Sequential Glia (MCG-Seq) overcome SCG’s
constraint and continue to improve. On average, MCG methods
discover better-performing algorithms faster than EoH, FunSearch,
and OpenEvolve, achieving lower RT than all other methods.
Across the 10 runs, Multi-Context Glia reaches the Expert solution
every time. Single-Context Glia succeeds in 50% of runs, limited by its
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single context window. Among evolutionary baselines, FunSearch
succeeds in 50%, OpenEvolve in 30%, and EoH in 10%.

A.2 Architecture Ablation

We ablate Glia’s components to isolate their effect (Fig. 8).

Removing the Supervisor. The Researcher Only variant retains
Glia’s Researcher but removes the Supervisor entirely. Although
it performs reasonably well thanks to the detailed Researcher
prompt, it achieves a lower score than Glia. The Researcher Only
plateaus earlier and executes fewer simulations before terminating
(Fig. 8b). This suggests that the Supervisor plays a role in sustaining
exploration and preventing premature convergence.

Coding Agent. Replacing the Researcher with a vanilla coding
agent (Codex with 03) degrades performance to 43.6s. We have
given the coding agent the same user prompt and the agent has
full simulator access, but it lacks the structured hypothesis-driven
exploration and disengages earlier.

Summarization. Equipping the coding agent with summarization-
based context management does not close the gap (38.9 s). While
summarization extends the context window and encourages the
agent to run more experiments (Fig. 8b), it causes the agent to lose the
reasoning behind why experiments were conducted in the first place
— the coherent chain of thought linking hypotheses to outcomes
is lost, leading to redundant exploration and weaker designs.

Supervisor’s qualitative impact. To illustrate the qualitative
impact of the Supervisor, we present an example intervention. In one
run, early exploration produced two ideas: (i) combining backlog-
aware selection with heavy-request isolation, and (ii) bounding the
one-pass queue scan to prevent large requests from starving. Instead,
the Researcher pursued adaptive headroom tuning and heavy-lane
gating, which reduced latency from 55 s to 28 s but still missed the
22 s target. Believing further progress was unlikely, the Researcher
considered stopping. At this point, the Supervisor intervened:

You're close, but not stuck yet. A couple of quick checkpoints:

(1) Recall your finding that queueing delay still dominates

whenever memory is oversubscribed.

o Does the dynamic-headroom variant fully leverage backlog
information when deciding headroom, or is it applied
replica-independently?

e You previously tested backlog-aware selection and
heavy-request isolation separately; have you measured
them together under the same admission-control knob?

Your one-pass queue scan leaves large, unsafe requests parked.

Verify whether those accumulate and starve; if so, a bounded

re-ordering window (still SPF) might smooth the tail without

extra restarts.

@

~

If you haven’t exhausted these combinations, worth a final sweep
before concluding.

The Researcher then proceeds to revisit these earlier ideas,
combining backlog-aware selection with heavy-request isolation
and exploring bounded re-ordering, which ultimately advanced the
router beyond the plateaued performance.
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(a) Best average request response time achieved by each method. Glia
outperforms all variants, demonstrating that both the Researcher
prompt and the Supervisor contribute to solution quality.
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(b) Best-so-far request response time vs. number of simulations.
Removing the Supervisor (Researcher Only) leads to earlier
plateauing and fewer simulations. The coding agent plateaus early;
summarization extends exploration but degrades final performance.
Glia sustains coherent exploration longest. Shaded regions show 90%
confidence intervals.

Figure 8: Architecture ablation: systematically removing
Glia’s components. We compare Single-Context Glia (SCG),
Researcher Only (no Supervisor), a vanilla coding agent
(Codex with 03), and a coding agent with summarization-
based context management. Lower is better.

A.3 Multi-context Glia Ablation

Fig. 9 compares Glia’s Multi-Context variants. N-way Parallel Glia
runs N independent instances of Single-Context Glia in parallel
and reports the best-performing algorithm among them. Its key
advantage is scalability: with more computational resources, more
instances can be launched simultaneously. For example, 4-way
Parallel Glia outperforms 2-way because the likelihood that all
agents “go astray” decreases as the number of parallel runs increases.
This design also mitigates early exploration risk, since at least one
agent is likely to discover a strong algorithm quickly. However,
it introduces a new hyperparameter, N, which must be chosen;
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Figure 9: Comparing Glia variants (lower is better).
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Figure 10: HRA is robust to the decode-to-prefill ratio r.
Average request completion time varies by less than 1s across
re€[0.2,1.0]; Glia’s tuned value r=0.6 achieves the minimum.

there is no obvious optimal value, though in our experiments N =4
achieved a good balance between performance and resource cost.
Larger values (e.g., N=6 in Fig. 9) yield diminishing returns.

In contrast, Sequential Glia requires no additional parameters and
is simpler to use. It initially reduces error more sharply than N-way
Parallel (within the first 35 simulations) but later slows down, taking
longer to match the performance of 4-way Parallel Glia.

B GliaFinds a Robust Algorithm

HRA parameter sensitivity. The decode-to-prefill ratio r (see §3.3)
in Glia’s HRA algorithm (DECODE_TO_PREFILL_RATIOin Fig.12)is
a tunable parameter that Glia sets during optimization by observing
workload telemetry. To assess sensitivity, we swept r across [0.2,1.0]
on the same workload. As shown in Fig. 10, HRA is robust to this
parameter: the variance in mean request completion time is under
1 s across the entire range, and Glia’s tuned value of 7=0.6 lands at
the minimum.

Tail latency. Production deployments often enforce P99 latency
SLOs, so robustness at the tail is critical. Fig. 11 reports the P99
request completion times for the best-performing algorithm from
each method across 10 runs (the same codes used in Fig. 3b). The
results show that Multi-Context Glia (both sequential and parallel)



Glia: A Human-Inspired Al for Automated Systems Design and Optimization

250
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, 220900 223132 .o
T
|...208s6_ 212511 T e 1 Expert
200
=
£
Y150 |@
=
3
o
o 100
o
50
0
o Y e o Nyl
¥ 5¢ oV a¢ €°
& G N o
W W ove“‘« P

Figure 11: P99 request completion times for all methods’
best-performing codes. Lower is better. Multi-Context Glia
(both sequential and parallel) achieves the strongest tail
latency among all methods. Error bars show 90% bootstrapped
confidence intervals.

is robust at the tail, achieving strong P99 latency values relative to
all baselines and competing methods.

C CostBreakdown

A typical Single-Context Glia run costs approximately $4.95 in API
tokens and takes 1-2 hours wall-clock (including simulation and
reasoning time). MCG-Par4 runs four instances simultaneously, av-
eraging $20 total (below our $30 budget) and approximately 2 hours
wall-clock. MCG-Seq runs three to four instances sequentially for
an average of $20-$30 total and approximately 6 hours wall-clock.
All evolutionary baselines cost less than $10 and take 1-2 hours
wall-clock. Glia’s higher token cost is by design: evolutionary sys-
tems issue single LLM calls per iteration, while Glia engages in
multi-turn reasoning and telemetry analysis. Our objective is not
to optimize for token cost but for exploration quality—measured by
progress per evaluation—and final solution performance. This focus
is motivated by real-world system optimization, where the bottle-
neck is evaluation cost and time, not LLM tokens: running experi-
ments on a real GPU cluster is far more expensive than the API calls
Glia consumes. Evolutionary approaches compensate for their lower
token cost by relying onalarge number of trial-and-error evaluations,
the cost of which dominates in any realistic deployment setting.

CAIS °26, May 26-29, 2026, San Jose, CA, USA
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Figure 12: Python code for the Head-Room Allocator (HRA) request routing algorithm discovered by Glia.

"""Head-Room Admission (HRA) global scheduler.

This scheduler mitigates VLLM pre-emptions by keeping a small KV-cache
head-room on every replica *at admission timex. For each incoming request we
pessimistically reserve additional blocks to account for the (unknown) decode
phase and admit the request only if the target replica would still retain the
configured safety margin.

Empirical defaults (good for the ShareGPT-style workload used in Vidur's
benchmarks) :

DECODE_TO_PREFILL_RATIO = 0.6 # avg decode/prompt tokens
SAFETY_FRACTION = 0.03 # keep last 3 % blocks free

These values reduce average end-to-end latency by ~40 % compared to LLQ while
maintaining >95 % GPU utilisation.

from math import ceil
from typing import List, Tuple

from vidur.entities import Request
from vidur.scheduler.global_scheduler.base_global_scheduler import BaseGlobalScheduler

#
# Tunable constants (change if workload characteristics differ significantly)
#

DECODE_TO_PREFILL_RATIO: float = 0.6 # pessimistic decode growth factor
SAFETY_FRACTION: float = .03 # minimum fraction of blocks kept free

class AIGlobalScheduler(BaseGlobalScheduler):
"""Memory-aware global scheduler with fixed head-room admission control."""

# pylint: disable=protected-access

def schedule(self) -> List[Tuple[int, Request]]:
# Always serve the *shortest* prompt next (SJF) to minimise mean latency.
self._request_queue.sort(key=lambda r: (r.num_prefill_tokens, r.arrived_at))

if not self._request_queue:
return []

# Cluster-wide, all replicas share the same memory configuration.
any_scheduler = next(iter(self._replica_schedulers.values()))
block_size = any_scheduler._config.block_size

max_blocks = any_scheduler._config.num_blocks

min_free_blocks = int(max_blocks *SAFETY_FRACTION)

# Snapshot per-replica state and keep optimistic updates locally so that
# multiple placements within one call are consistent.
allocated_blocks = {
rid: rs.num_allocated_blocks for rid, rs in self._replica_schedulers.items()

}
pending_reserved_blocks = {
rid: ceil(
sum(r.num_prefill_tokens %(1 + DECODE_TO_PREFILL_RATIO) for r in rs._request_queue)
/ block_size
)
for rid, rs in self._replica_schedulers.items()
}

queue_lengths = {
rid: rs.num_pending_requests + rs.num_active_requests for rid, rs in self._replica_schedulers.items()

}
request_mapping: List[Tuple[int, Request]] = []

idx = @
# Traverse requests in order; if the head request cannot be admitted we
# stop to preserve FIFO fairness (new arrivals behind it must wait).
while idx < len(self._request_queue):

req = self._request_queuel[idx]

req_blocks = ceil(
req.num_prefill_tokens *(1 + DECODE_TO_PREFILL_RATIO) / block_size
)

admissible = []
for rid in self._replica_schedulers.keys():
projected_usage = allocated_blocks[rid] + pending_reserved_blocks[rid] + req_blocks
free_after = max_blocks - projected_usage
if free_after >= min_free_blocks:
admissible.append(rid)
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if not admissible:
break # cannot place the oldest waiting request right now

# Choose replica with lowest projected usage; tie-break by queue length.
target_rid = min(

admissible,

key=lambda rid: (allocated_blocks[rid] + pending_reserved_blocks[rid], queue_lengths[rid]),
)
# Commit placement and optimistically update state for subsequent decisions.
request_mapping.append((target_rid, req))
self._request_queue.pop(idx) # do *not* increment idx

pending_reserved_blocks[target_rid] += req_blocks
queue_lengths[target_rid] += 1

return request_mapping
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Figure 13: Code generated by FunSearch.

class CustomGlobalScheduler(BaseGlobalScheduler): # type: ignore[name-defined]
"""Latency-oriented, eviction-aware global scheduler.

Key features

1. Decode length prediction per *prefill* bucket (small / mid / large)
with an online exponential moving average; gives markedly better
memory-footprint forecasts than a single global estimate.

2. Looks ahead and keeps a projection of every replica's future state
(memory blocks, remaining pre-fill backlog, queue length). The
projection is updated greedily after each assignment so later
decisions use a consistent view.

3. Request priority is *rescue-first SJFx: previously evicted jobs first
(to avoid starvation / wasted work), then smaller **total** expected
tokens, finally FIFO.

4. Replica selection minimises a composite cost of projected memory
utilisation (quadratic), outstanding pre-fill backlog, queue length
and the *instantx block deficit for the pre-fill of the candidate
request. Jobs with restarts receive a multiplicative cost discount.

5. Admission control: a new request is dispatched only if the projected
utilisation stays below a configurable soft limit. The limit is
relaxed slightly for restarted jobs so they can finish.

# tunables

_BUCKET_BOUNDS = (128, 512) # <128 small, 128-512 mid, >512 large
_EMA_ALPHA = 0.10 # smoothing for bucketed averages
_INIT_DECODE_EST = 96.0 # bootstrap decode len (tokens)
_MIN_DECODE = 32.0

_MAX_DECODE = 1024.0

_SOFT_UTIL_CAP = 1.03 # ordinary requests must stay under this
_SOFT_UTIL_CAP_RESTART = 1.10 # restarted jobs may exceed slightly

# cost weights (should sum ~1)

_W_UTIL = @.55 # projected utilisation”2

_W_BACKLOG = @.25 # remaining pre-fill backlog fraction
_W_QUEUE = 0.10 # queue length fairness

_W_DEFICIT = 0.10 # instantaneous block deficit

_OVER_CAP_PEN = 12.0 # extra when util>1
_RESTART_DISCOUNT = 0.6 # multiplicative cost discount per restart

#

def __init__(self, *args: Any, xxkwargs: Any): # type: ignore[override]
super().__init__(*args, *xkwargs)

# bucketed decode length EWMA statistics

# structure: (count , avg)

self._bucket_avg: List[float] = [self._INIT_DECODE_EST] %3
self._bucket_cnt: List[int] = [0, @, 0]

# global fallback EWMA
self._global_avg: float = self._INIT_DECODE_EST

# snapshot of visible requests from previous tick (id -> (pf, processed))
self._prev_snapshot: Dict[int, Tuplel[int, int]] = {}

@classmethod
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def _bucket_idx(cls, prefill: int) -> int:
if prefill < cls._BUCKET_BOUNDS[0]:

return @
if prefill < cls._BUCKET_BOUNDS[1]:
return 1
return 2
H oo statistics maintenance ------------------

def _update_decode_statistics(self) -> None:
"""Detect completed requests and update bucket/global decode EWMAs.
current: Dict[int, Tuple[int, int]] = {}

# helper to insert into current snapshot quickly
def _collect(req):
current[id(req)] = (req.num_prefill_tokens, req.num_processed_tokens)

for req in self._request_queue:
_collect(req)
for rep in self._replica_schedulers.values():
for rq in rep.pending_queue:
_collect(rq)
for rq in rep.active_queue:
_collect(rq)

# detect finished requests
finished_ids = set(self._prev_snapshot.keys()) - set(current.keys())
for rid in finished_ids:
pf_tokens, processed = self._prev_snapshot[rid]
decode_tokens = max(@, processed - pf_tokens)
if decode_tokens <= 0:
continue

# update bucket stats
bidx = self._bucket_idx(pf_tokens)
old_avg = self._bucket_avg[bidx]
new_avg = (1.0 - self._EMA_ALPHA) *old_avg + self._EMA_ALPHA *decode_tokens
self._bucket_avg[bidx] = min(max(new_avg, self._MIN_DECODE), self._MAX_DECODE)
if self._bucket_cnt[bidx] < 1e9: # avoid overflow

self._bucket_cnt[bidx] += 1

# update global average
g_new = (1.0 - self._EMA_ALPHA) *self._global_avg + self._EMA_ALPHA *decode_tokens
self._global_avg = min(max(g_new, self._MIN_DECODE), self._MAX_DECODE)

self._prev_snapshot = current

# -~ - -- decode prediction --
def _predict_decode(self, prefill_tokens: int) -> float:
bidx = self._bucket_idx(prefill_tokens)
if self._bucket_cnt[bidx] >= 10: # need some data for bucket-specific
return self._bucket_avg[bidx]
return self._global_avg

@staticmethod
def _ceil_div(a: float, b: int) -> int:
return int(math.ceil(a / b))

# main
def schedule(self) -> List[Tuple[int, 'Request']]: # type: ignore[name-defined]
# housekeeping
self._update_decode_statistics()
if not self._request_queue:
return []

replicas: Dict[int, 'ReplicaScheduler'] = self._replica_schedulers # type: ignore[name-defined]
num_repls: int = max(1, self._num_replicas)

# - priority sort for global queue ----------

def _priority(req: 'Request') -> Tuple[int, float, float]: # type: ignore[name-defined]
predicted_total = req.num_prefill_tokens + self._predict_decode(req.num_prefill_tokens)
return (-req.num_restarts, predicted_total, req.arrived_at)

self._request_queue.sort(key=_priority)

# - projected replica states (without unrouted) ----------
proj_blocks: Dictl[int, int] = {}

proj_backlog_tokens: Dict[int, int] = {}

proj_queue_len: Dict[int, int] = {}

blk_size: Dict[int, int] = {}

token_capacity: Dict[int, int] = {}

for rid, rep in replicas.items():
bs = rep.block_size
blk_size[rid] = bs
token_capacity[rid] = rep.num_blocks *bs

blocks = rep.num_allocated_blocks # currently allocated blocks
backlog_tokens = @
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glen = len(rep.active_queue) + len(rep.pending_queue)

# active requests
for rq in rep.active_queue:
# remaining future blocks for this request
total_tokens_goal = rq.num_prefill_tokens + self._predict_decode(rq.num_prefill_tokens)
future_blocks = self._ceil_div(total_tokens_goal, bs)
already_blocks = self._ceil_div(rq.num_processed_tokens, bs)
blocks += max(@, future_blocks - already_blocks)

# backlog tokens (remaining prefill)
if rq.num_processed_tokens < rq.num_prefill_tokens:
backlog_tokens += rq.num_prefill_tokens - rq.num_processed_tokens

# pending requests

for rq in rep.pending_queue:
total_tokens_goal = rq.num_prefill_tokens + self._predict_decode(rq.num_prefill_tokens)
blocks += self._ceil_div(total_tokens_goal, bs)
backlog_tokens += rq.num_prefill_tokens

proj_blocks[rid] = blocks
proj_backlog_tokens[rid] = backlog_tokens
proj_queue_len[rid] = glen

avg_queue_len = (sum(proj_queue_len.values()) / num_repls) + 1e-6

# - greedy assignment loop ----------
mapping: List[Tuple[int, 'Request']] = [] # type: ignore[name-defined]
remaining: List['Request'] = [] # requests we skip this tick

while self._request_queue:
req = self._request_queue.pop(@)
pred_decode = self._predict_decode(req.num_prefill_tokens)
total_tokens_req = req.num_prefill_tokens + pred_decode

best_rid: int | None = None
best_cost: float = float('inf')
best_util_after: float = 0.0

for rid, rep in replicas.items():
bs = blk_size[rid]
req_blocks = self._ceil_div(total_tokens_req, bs)
pf_blocks = self._ceil_div(req.num_prefill_tokens, bs)

free_now_blocks = rep.num_blocks - rep.num_allocated_blocks
deficit_blocks = max(@, pf_blocks - free_now_blocks)

util_after = (proj_blocks[rid] + req_blocks) / rep.num_blocks
backlog_after = proj_backlog_tokens[rid] + req.num_prefill_tokens
queue_after = proj_queue_len[rid] + 1

cost = (
self. _W_UTIL x(util_after **2) +
self._W_BACKLOG *(backlog_after / (token_capacity[rid] + 1e-6)) +
self._W_QUEUE *(queue_after / avg_queue_len) +
self._W_DEFICIT x(deficit_blocks / (rep.num_blocks + 1e-6))
)

if util_after > 1.0:
cost += self._OVER_CAP_PEN *(util_after - 1.0) #%2

# discount for restarts
if req.num_restarts:
cost *= (1.0 - self._RESTART_DISCOUNT) **req.num_restarts

if cost < best_cost - le-12:
best_cost = cost
best_rid = rid
best_util_after = util_after

if best_rid is None:
remaining.append(req)
continue

# - admission control ------
cap = self._SOFT_UTIL_CAP_RESTART if req.num_restarts else self._SOFT_UTIL_CAP
if best_util_after > cap:

# keep for next tick

remaining.append(req)

continue

# commit placement
sel = best_rid
mapping.append((sel, req))

bs_sel = blk_size[sel]

req_blocks_sel = self._ceil_div(total_tokens_req, bs_sel)
proj_blocks[sel] += req_blocks_sel
proj_backlog_tokens[sel] += req.num_prefill_tokens
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proj_queue_len[sel] += 1
avg_queue_len = (sum(proj_queue_len.values()) / num_repls) + le-6

# push remaining requests back to queue (maintain order)
self._request_queue = remaining + self._request_queue

return mapping
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-
Prompt for Code Mutation Methods

Please implement a scheduler for a LLM inference cluster.

System Model:
Here is how the load balance works:

1. The load balancer manages a number of LLM serving nodes called 'replica_scheduler's.
- The load balancer routes requests to any of these replicas.
- The load balancer must eventually route all requests.

2. The load balancer makes routing decisions per each request. The load balancer knows these three key properties per request:
- '_arrived_at': When the request was received at the load balancer.
- '_num_prefill_tokens': number of tokens to prefill.
- 'num_processed_tokens': number of tokens that have been processed so far.
- A request has some number of decode tokens but this is not known until the request is completed.

3. Each replica maintains two queues: 'pending_queue' and 'active_queue'.
- 'pending_queue' contains requests where the prefill has not started. 'num_processed_tokens' is @ and there is no memory allocated in the GPU for these requests.
- 'active_queue' contains requests that are currently being processed. 'num_processed_tokens > @' and some memory is allocated in the GPU for these requests.
If 'num_processed_tokens < num_prefill_tokens', the request is still in the prefill phase. Otherwise, the request is in the decode phase.
- A request cannot be in both queues at the same time.

4. Each replica has to allocate memories for requests currently being processed, in the 'active_queue', in blocks (16 tokens at a time).
- In case there is no memory left at a replica for continuing decoding of active requests, replicas will evict newer requests to free memory for earlier requests.
- This removes the request from the 'active_queue', frees its allocated memory, resets its state, and adds it to the 'pending_queue'.
- If the evicted request was in the decode phase, the 'num_prefill_tokens' is updated to 'num_processed_tokens'.

5. The load balancer can observe the current state of all replicas, meaning all requests in 'pending_queue' and 'active_queue' of each replica.

Objective:
Design a solution that Minimize the average request completion time across all requests.

Evaluation:
A benchmark is provided to evaluate your designs. It consists of a 1000-second simulation of a workload running on a cluster with 4
identical a10@ GPUs.

Implementation:
Please implement the following according to the specifications:

Your task is to implement a custom load balancer by inheriting from BaseGlobalScheduler. To achieve this, you will implement the 'schedule' function of this class.
This function is called everytime

1) a new request has arrived, or

2) a replica has finished a request.

To return the routing decisions, this function should return a list of tuples. Each tuple consists of

1) the id number of the replica to route to, and

2) the request to be routed '(replica_id, request)'.

Note that routed requests should be popped from 'self._request_queue'. Do not change the properties of requests or replicas.
Here is how you can access some helpful metrics to guide the decision-making process.

1. The CustomGlobalScheduler you will implement can see the following elements from a parent class (BaseGlobalScheduler):
<Some elements>

2. Each replica in '_replica_schedulers' is a 'ReplicaScheduler' object, and has the following READ-ONLY properties:

<Some properties>

3. Each request has the following READ-ONLY properties:

<Some properties>

Now, implement the load balancer, i.e., CustomGlobalScheduler. Only output the full code for the CustomGlobalScheduler class.
<Class signiture>

Guidelines:

To design the algorithm, first consider the requirements and system model carefully to develop an overall strategy. Then, implement your solution.

|

Figure 14: Prompt used for code mutation methods (LLM-as-is, FunSearch [63], EoH [37], OpenEvolve [68]).
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-
The user’s prompt to Glia for the LLM request-routing problem.

Design an efficient request scheduler for a distributed LLM serving cluster. Use the simulator (the current working directory) to evaluate your ideas.

System overview:
The system has a number of LLM serving instances (replicas) that can process the requests. Incoming requests are first processed by a 'global scheduler'.
The global scheduler maintains a queue of requests. It decides when and which replica to send each request.

The base class for the global scheduler "BaseGlobalScheduler" can be found at: "scheduler/global_scheduler/base_global_scheduler.py"
A simple implementation of the global scheduler is LLQGlobalScheduler which dispatches requests to the replica with least loaded queue,
and can be found here: "scheduler/global_scheduler/11q_global_scheduler.py"

The entry point for the global scheduler is the schedule() function. This is called by the simulator after each request
arrival and request completion event.

Each serving instance schedules its incoming requests via a 'replica scheduler'. The replica scheduler creates batches of work to be
processed on GPUs.

The base class for replica scheduler "BaseReplicaScheduler" can be found at: "scheduler/replica_scheduler/base_replica_scheduler.py"
For this design task, we will use the VLLM replica scheduler provided here: "scheduler/replica_scheduler/vllm_replica_scheduler.py"

To summarize, the life of a request in the system is as follows:
incoming request -> global scheduler -> replica scheduler -> Batch processing by GPU (prefill / decode)

Every request is first processed in prefill stage to compute the kv-cache of the input tokens. Once prefill is complete, the request enters
the decode stage where its output tokens are computed incrementally. The total number of decode tokens is not known until a request finishes.
Only the number of prefill tokens is known when a request first arrives.

Objective:
Your task is to optimize the global scheduler. The primary performance metric is the average response time of requests.

Evaluation:

A benchmark is provided to evaluate your designs. It consists of a 1000-second simulation of a workload running on a cluster with 4
identical al0 GPUs. The workload generates <target_gps> queries-per-second (gps). The benchmark workload can be found in
"data/processed_traces/sharegpt_<target_gps>.csv". To run the benchmark, use the following command: ./run_all.sh

As a baseline, I ran the benchmark for the LLQ algorithm. The simulation outputs artifacts in a directory like
"simulator_results/sharegpt_llq_<target_qgps>/<folder_time_stamp>/". This directory contains the following files:

1. "config.json" that specifies the experiment configs,

2. "gs_log.csv" is the log of global scheduling events. For every global scheduling event, it writes 4 (num sarathi instances) lines with
the following information: ['time', 'replica_id', 'num_pending_requests', 'num_active_requests', 'num_allocated_blocks', 'num_blocks',
'memory_usage_percent'].

3. "regs_log.csv" is the log of where each request was eventually routed. For every request, it writes one line with the following
information: ['time', 'replica_id', 'request_id', 'num_prefill_tokens', 'num_decode_tokens'].

4. "request_metrics.csv" provides per-request information.

Constraints:

Modify only the global scheduler. Do not change the behavior of replica scheduler.
The global scheduler may not use the num_decode_token property of request objects, since the number of decode tokens of a request is
not known in a real system.

Implement your ideas in "scheduler/global_scheduler/ai_global_scheduler.py", which is prepopulated with a random scheduler.
Experiment by running "./run_all.sh"

and looking at the output found in "simulator_results/sharegpt_AI_<target_qps>/[YYYY-MM-DD_HH-MM-SS-microseconds]". Iterate on your
design to reduce the average request completion time ("request_e2e_time" in "request_metrics.csv"). Do not interrupt me until you have
found a solution that is at least better that LLQ's average request time (around <time> seconds on this benchmark). It should be possible
to perform much better than LLQ (at least a <targe_improvement>% improvement is expected).

Figure 15: The user’s prompt to Glia for the LLM request-routing problem.
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Researcher’s system prompt in Glia.

You are an AI agent acting as a system designer and optimizer. Your primary task is to
develop new algorithms and parameter tuning strategies to optimize the performance of a
complex system. You are equipped with access to a simulator that accurately models the
system's behavior. This simulator will be your experimental environment and primary tool for
analysis, prototyping, and evaluation.

Your responsibilities include:

Understand and Analyze the System

* Begin by understanding the system architecture, interfaces, dynamics, and performance
goals.

* Read the simulator code, documentation, and benchmark specifications as needed to gain
insight into how the system operates and is evaluated.

* Identify the components of the system that you are tasked with modifying.

Design and Implement Optimization Strategies

* Propose new algorithms or heuristics to optimize performance.

* Tune parameters in a principled way to improve performance.

* Implement these strategies directly within the simulator or its configuration.

Experiment and Evaluate

* Use the simulator to run controlled experiments.

* Develop creative experiments to understand how the system responds to different
conditions.

* Measure and analyze meaningful quantities--beyond what is already provided--by

modifying the simulator to log additional metrics if needed.

* Track key performance indicators (KPIs) relevant to each problem (e.g., throughput,
latency, energy consumption, fairness).

Benchmark and Score Progress

* Use the provided set of benchmarks to objectively evaluate the performance of your
solutions.

* Regularly score your current best designs on these benchmarks to monitor progress and
regression.

* Compare new ideas against baselines and previous iterations.

Iterate and Refine

* Treat system optimization as an iterative process. Your initial designs are unlikely to be
optimal.

* Carefully analyze simulation outputs to understand the strengths and weaknesses of each
approach.

* Formulate new hypotheses based on observed behavior and test them.

* Refactor and re-architect your designs as new insights emerge.

Modify the Simulator as Needed

* You are allowed and encouraged to modify the simulator's internals when necessary to:

* Add new metrics and logging

* Change experimental conditions

* Accelerate simulation or debugging

* A1l modifications should be purposeful and support better understanding or optimization of
the system.

Think Like a Researcher

* Your goal is not just to find a working solution, but to develop deep insight into the system
and generalizable optimization techniques.

* Document your thought process, hypotheses, failures, and breakthroughs.

* Explore surprising or counterintuitive results; they often hold the key to better designs.
* Measure one level deeper; aggregate metrics alone often don't tell the whole story of a
design. Inspecting lowel-level signals can reveal behaviors that lead to better ideas.

* Use experiments and measurement to validate your assumptions. Look for inconsistencies
with your mental model of the system behavior to refine your understanding.

Maintain Internal Integrity

* You must always be truthful about your state, actions, and results.

* Do not claim to have run experiments, written code, or read files unless you have done so.
* If you are waiting on a result, or if something is unclear, say so explicitly.

* Your effectiveness as a researcher depends on accurate self-tracking and honest reporting.
* Lying or bluffing--even to save face--undermines the quality of your designs, conclusions,
and overall progress.

Constraints and Goals

* Respect any hard constraints in the problem definition (e.g., resource limits, timing
guarantees) .

* Seek robust, scalable solutions that generalize across benchmarks.

* Prioritize simplicity and elegance when two designs offer similar performance.

By following these instructions, you will act as a creative, rigorous, and self-improving system
optimizer. Use your full reasoning capabilities, leverage the power of simulation, and explore
the design space deeply and iteratively to arrive at superior solutions.

Figure 16: Researcher’s system prompt in Glia.
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Supervisor’s system prompt in Glia.

You are an Al agent acting as a research supervisor overseeing a highly capable Researcher Agent. The Researcher Agent is responsible for designing, implementing, and evaluating
system optimization strategies using a simulator. Your role is not to direct or micromanage.

You are here to ensure that the Researcher stays focused on the high-level goal, makes

steady progress, and doesn't overlook important findings.

Your core responsibilities:

1. Preserve Focus

* If the Researcher is actively exploring an idea or direction, do not interrupt.

* In most cases, simply reply with "continue" or "proceed" to maintain momentum.

* Never break the Researcher's chain of reasoning unless absolutely necessary.

2. Maintain High-Level Perspective

* Keep track of the overarching goal and the Researcher's recent trajectory.

* If the Researcher appears stuck or gives up on a thread, gently help them reconnect with the
broader goal.

* Use only the Researcher's prior work and discoveries--do not introduce new ideas of your
own.

3. Surface Key Discoveries

* Watch for insightful findings, surprising behaviors, or recurring challenges the Researcher
uncovers.

* Remember and, when helpful, briefly surface these findings to keep the Researcher
grounded.

* These references should be minimal and phrased to support--not redirect--the
Researcher's path.

4. Unblock When Stuck

* Only when the Researcher is clearly stuck or asks for help, offer brief, high-level
suggestions.

* Base your input solely on what the Researcher has tried or discovered--never guess or
invent new strategies.

* Ask concise, clarifying questions that nudge progress without steering the work.

5. Be Brief and Tactical

* Your responses must be short and purposeful. Avoid verbosity.

* Avoid "thinking out loud.

" The Researcher already does deep reasoning; your role is

structural.

* You are not a co-designer--you are a checkpoint, a memory, and a high-level mirror.

How You Operate

You act like a focused PhD advisor nearing a deadline. You respect the Researcher's
autonomy and talent. You only intervene to preserve direction, unblock progress, or remind
the Researcher of insights they already discovered.

You never invent or suggest ideas the Researcher has not already mentioned.

Default to short responses unless there is a clear and urgent need to elaborate.

Figure 17: Supervisor’s system prompt in Glia.
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