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Abstract
As large language models (LLMs) become
more capable, many applications are shifting
from a single LLM call to multi-agent systems.
Manually designed or automatically optimized
workflows often include multiple verification
and testing stages. These stages can improve
accuracy but also introduce substantial latency
and increased token consumption. We find
that many requests do not require such heavy-
weight processing and are solvable by a single
strong agent. To address this inefficiency, we
propose LLM-as-Scheduler (LAS), a system
that dynamically routes each query through
a workflow. LAS uses a two-stage cascade:
a lightweight gate that quickly checks each
agent’s output, and an LLM-based scheduler
that makes fine-grained routing decisions using
query features and gate signals. Experiments
show that LAS reduces token usage by 50.5%
and end-to-end latency by over 36% on aver-
age, with at most a 1.4 percentage-point drop
in accuracy compared with a strong fixed work-
flow. The code will be public at https://gi
thub.com/YoshuaDavy/LLM-as-Scheduler

1 Introduction

As large language models (LLMs) become more
powerful, many applications are shifting from a
single LLM call to multi-agent systems. A multi-
agent system (MAS) connects several specialized
agents—such as planners, solvers, verifiers, critics,
repair agents, and summarizers—into a workflow.
These systems have shown strong performance in
code generation (Wu et al., 2023), tool-augmented
reasoning (Li et al., 2023a), data analysis, and in-
formation retrieval (Yao et al., 2023). Delibera-
tive patterns such as chain-of-thought (Wei et al.,
2022), self-consistency (Wang et al., 2022), self-
refinement (Madaan et al., 2023), and multi-agent
debate (Du et al., 2023) further increase robustness
on difficult reasoning tasks (Shinn et al., 2023).

*Corresponding author.

Most existing multi-agent systems use fixed
workflows. A workflow is either hand-designed or
discovered by an automated workflow-optimization
framework such as ADAS (Hu et al., 2024) or
AFlow (Zhang et al., 2024). At runtime, every
query follows the same script of generation, ver-
ification, testing, and repair. Typical workflows
include multiple iterations of critique and refine-
ment, several validation and test stages, and some-
times explicit debate between agents. These steps
improve accuracy on hard instances, but they also
introduce substantial and inflexible computational
overhead. Each extra stage adds latency and con-
sumes tokens even when the first strong agent al-
ready produced an acceptable answer.

In practice, query difficulty is highly skewed. As
we show in § 3, many queries do not need the full
workflow. On code-generation benchmarks such
as MBPP and HumanEval, a large fraction of prob-
lems are solved correctly by the first generation
agent. Only a smaller fraction truly benefits from
later verification and repair, and some problems
remain unsolved even after all agents run. Roughly
60% of requests are solved by the first agent in the
chain, an additional ∼ 20% are solved only with
the full deliberative workflow, and the remaining
∼ 20% remain unsolved. A single, heavy work-
flow for all queries therefore wastes computation
on easy instances and still fails on a substantial
tail. This situation is similar to adaptive computa-
tion in deep networks (Teerapittayanon et al., 2016;
Kaya et al., 2019), where early exiting and condi-
tional computation reduce cost by adjusting depth
to instance difficulty (Graves, 2016).

These observations motivate a simple principle:
multi-agent workflows should be dynamic. A
system should not treat all queries as equally hard.
Instead, it should adapt the number and type of
steps to the current instance. Some queries should
exit after one or two steps with strong agents,
whereas others should trigger extra verification or
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Figure 1: Example of an automatically generated multi-
agent workflow in prior work (Zhang et al., 2024; Hu
et al., 2024). The workflow contains multiple refine-
ment, validation, and verification stages, which can
improve accuracy on difficult instances but introduce
substantial latency and computational overhead when
applied uniformly to all queries.

dedicated repair agents. This requires an explicit
scheduler or controller that can observe interme-
diate artifacts and decide how to route each query
through the workflow.

To reduce overhead and avoid redundant opera-
tions on queries that do not need heavy processing,
we propose a cascade scheduling system that adapts
the workflow per query. We call this system LLM-
as-Scheduler (LAS). LAS acts as a policy layer
on top of existing workflows: it observes the en-
velopes produced by agents and decides whether
to early-exit, verify, repair, or reroute. The design
follows a two-stage cascade. The first stage is a
low-overhead gate unit based on scriptable checks
and a small judge model. This gate runs at every
step and filters out clearly bad or high-confidence
cases with almost no cost. The second stage is
an LLM-based scheduler that uses a larger LLM
to make routing decisions when the gate detects a
promising but nontrivial case.

Our evaluation results also show the effective-
ness of this design. On the MBPP code-generation
benchmark, LAS reduces token consumption by
63.4% and end-to-end latency by 41.9%, with at
most a 0.5 percentage-point drop in accuracy com-
pared with the baseline.

The main contributions of this paper are:
1. We identify a key limitation of current multi-

agent workflows: they rely on heavy, static
pipelines that apply the same long sequence
of steps to every query. Many of these steps
are unnecessary for most queries, which are
already solved by the first strong agent.

2. We propose a cascade scheduling system that
combines low-cost script-based checks with
LLM-based routing. A lightweight gate runs
at every step with negligible overhead. A

larger LLM-based scheduler is invoked only
when needed and operates on a compact, struc-
tured view of the workflow state.

3. We introduce a novel LLM-as-Scheduler de-
sign that uses a powerful LLM as the routing
controller in a multi-agent system. To the best
of our knowledge, this is the first work that
treats the controller itself as an LLM and inte-
grates it into a cascade over a workflow DAG.

2 Related Work

2.1 Agentic workflows and automated
workflow generation

As LLMs have demonstrated strong performance
across a wide range of tasks, including code gen-
eration (Austin et al., 2021; Chen, 2021), debate
(Wang et al., 2023), financial analysis (Xu et al.,
2025a,b), text editing (Zeng et al., 2025d,c; Xi-
ang et al., 2025), recommendation systems (Li
et al., 2023b, 2025), long-tail stabilization (Zhou
et al., 2025; Zhou et al.) and multimodal reasoning
(Wang et al., 2025a,b; Zeng et al., 2025a,b; Yang
et al., 2026b,a), increasing attention has shifted to-
ward agentic workflows. Agentic workflows gener-
ally fall into two complementary paradigms: single-
agent and multi-agent. A single-agent system pro-
cesses a task with one LLM agent and often relies
on recurring design patterns to improve reliability,
including chain-of-thought prompting (Wei et al.,
2022), self-consistency (Wang et al., 2022), self-
refinement (Madaan et al., 2023), reflexive reason-
ing (Shinn et al., 2023), ReAct (Yao et al., 2023),
and self-critique (Madaan et al., 2023). In contrast,
multi-agent and workflow-style approaches such
as AutoGen (Wu et al., 2023), CAMEL (Li et al.,
2023a), multi-agent debate (Du et al., 2023), and
recent workflow-generation methods (Zhang et al.,
2024; Hu et al., 2024) construct explicit graphs of
roles and tools and execute them as predefined pro-
cedures. These workflows are typically designed
and tuned by hand, which is labor-intensive and
does not scale well across tasks or model families.

To reduce manual effort, several recent works
aim to automate the design of agentic work-
flows. AutoFlow represents workflows as natural-
language programs and iteratively optimizes
them (Li et al., 2024). Other methods include
AFlow (Zhang et al., 2024) and ADAS (Hu et al.,
2024). These methods focus on discovering a
strong workflow offline; the resulting workflow
is then used as a fixed pipeline at inference time. In
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Figure 2: Portion of queries categorized as easy, hard,
and unsolvable on MBPP, HUMANEVAL and GSM8K.

contrast, our work assumes that a reasonably strong
workflow already exists (either manually designed
or automatically generated) and studies how to dy-
namically schedule and truncate that workflow on a
per-instance basis, using intermediate outputs and
calibrated confidence.

2.2 Efficient multi-agent systems and
cost-aware routing

Multi-agent LLM systems often incur high cost and
latency due to repeated message passing, verifica-
tion, and tool calls. Existing frameworks such as
AutoGen make it easy to compose rich agent inter-
actions, but in practice many workflows still follow
fixed, over-provisioned scripts for every query (Wu
et al., 2023). In parallel, a line of work on cost-
aware routing aims to reduce token usage by learn-
ing when to use cheaper models or stop early. Ex-
amples include cascades and routing across LLM
APIs (Chen et al., 2024; Dekoninck et al., 2025),
as well as compilation-based approaches that tune
fixed pipelines (e.g., DSPy) and automated work-
flow generators such as AFlow (Khattab et al.,
2023; Zhang et al., 2024). Reflective methods like
Self-Refine and Reflexion (Madaan et al., 2023;
Shinn et al., 2023) further improve robustness via
additional critique and revision steps, often at the
expense of extra computation.

3 Motivation

3.1 Over-Complex Automated Workflows
Automatically generated agentic workflows (Zhang
et al., 2024; Hu et al., 2024) can synthesize effec-
tive multi-agent pipelines, but the resulting designs
are often overly complex. As illustrated in Fig. 1,
discovered workflows frequently stack multiple
rounds of refinement, validation, and verification,
sometimes with nested loops. While this can help
on difficult queries by increasing opportunities to
detect and repair errors, deploying the same heavy
pipeline for every query wastes computation: it
increases latency and token cost, and provides little
marginal benefit on easy cases where later stages

mostly confirm the initial output.

3.2 Empirical Difficulty Distribution Analysis

To estimate the potential gains from adaptive
scheduling, we measure how often a complex work-
flow is needed on code-generation and reason-
ing benchmarks. On MBPP, HUMANEVAL, and
GSM8K, we run each instance through a represen-
tative automatically generated workflow (similar
to Fig. 1) and record both the first-agent output
(before refinement and verification) and the final
workflow output (after all stages). Using the bench-
mark tests as an oracle, we label each query as
Easy if the first-agent output passes, Hard if the
first-agent output fails but the final output passes,
and Unsolvable if both outputs fail.

Fig. 2 shows a strongly skewed difficulty distri-
bution. Across MBPP and HUMANEVAL, roughly
half of the problems are solved by the first agent
alone. Only about 20% benefit from the full re-
finement and verification pipeline, and the remain-
der remain unsolved even after the workflow com-
pletes.

These results suggest two implications:
1. Most queries do not require the full work-

flow. For easy instances, additional stages
increase cost and latency without improving
correctness.

2. Adaptive scheduling has substantial head-
room. If a scheduler can identify easy in-
stances and return results earlier, it can avoid
unnecessary LLM calls and tool executions,
while reserving the full workflow for the
smaller subset of hard instances where it
helps.

4 System Design and Implementation

4.1 Cascade Scheduler

A key inefficiency in complex LLM workflows is
that every query is forced through the same heavy
pipeline, regardless of difficulty. We address this
with an LLM-as-Scheduler (LAS) controller that
makes per-step routing decisions based on interme-
diate artifacts. Given an intermediate result, LAS
can either (i) early-exit and return the current out-
put, or (ii) route the query to a more suitable next
agent (e.g., refinement, verification, or testing). In
this way, LAS turns a static workflow into an adap-
tive one.

As shown in Fig. 3, LAS is implemented as a
two-stage cascade. The first stage is a low-overhead
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Figure 3: LLM-as-Scheduler (LAS). Each agent emits a structured envelope. A fast Cascade Gate (low overhead)
decides whether to invoke the full LAS controller. LAS fuses validator signals to decide whether to early-exit or
reroute to another step/agent.

gate that quickly inspects each intermediate artifact
(or a set of artifacts in debate settings). The gate
routes clearly low-quality candidates to continue
through the original workflow, and flags promis-
ing candidates that may be safe to skip expensive
stages. The gate can be computed in parallel with
workflow execution and adds negligible latency.

When a candidate is flagged, the second stage
invokes a larger scheduler LLM. It combines the
gate features with an LLM-judge score against a
task-specific rubric, and then selects the next hop in
the workflow DAG—for example, skipping refine-
ment and going directly to testing, or terminating
with an early exit.

4.2 Gate Unit

Invoking the full LAS controller after every agent
would add nontrivial overhead. We therefore intro-
duce a Cascade Gate, a lightweight decision stage
that quickly determines whether a given intermedi-
ate artifact warrants detailed scheduling or can be
handled by a low-cost rule.

4.2.1 Inputs and features.

The gate consumes only cheap-to-compute fea-
tures:

1. Spec adherence (binary). Programmatic
checks implemented in Python, including
schema validation and regex constraints. We
denote this as fspec ∈ {0, 1}.

2. Lite judge score. A small evaluator (e.g.,
a compact encoder/classifier such as Distil-
BERT) produces slite ∈ [0, 1] under a short
rubric.

3. Local agreement/consistency. If multiple
candidates are available, we compute a Jac-
card similarity between the token sets of candi-
date outputs as an agreement score a ∈ [0, 1].

4. Historical agent reliability. An exponen-
tially weighted moving average of recent fail-
ures for the producing agent, r ∈ [0, 1], to
reflect prior reliability.

Spec adherence is used only when the task im-
poses an explicit output format (e.g., code genera-
tion). For tasks with unconstrained formats such as
GSM8K, where the output is just a single number,
we do not use spec-adherence checks.

The gate computes a cheap score

g = wspec · fspec + wlite · slite + wagr · (a− 1) + whist · (1− r)

and compares g against a risk-tiered threshold
τgate(tier). It then returns one of:

• Good results: pass to LAS for further con-
sideration. If fspec = 1 and g ≥ τgate, the
result appears strong and may be able to skip
subsequent stages. To avoid misclassification,
we forward it to LAS for fine-grained schedul-
ing.

• Poor results: continue with verification. If
fspec = 0, contradictions are detected, or g ≤
τgate, the result is unlikely to be sufficient and
may require further refinement in the original
workflow.

4.2.2 Implementation
All gate features are computed with lightweight
Python scripts to minimize latency and avoid addi-
tional LLM calls. For spec adherence, we rely on
schema validation, regex- and type-based checks,
and task-specific unit tests implemented in Python,
producing a boolean indicator (or, when applicable,
a calibrated score) fspec ∈ [0, 1].

The lite judge is a compact encoder-only clas-
sifier (e.g., DistilBERT) fine-tuned separately for
each benchmark. During training, we run the full
multi-agent workflow on all training examples. For
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every agent output, we evaluate correctness and
use it as a binary supervision signal. Each train-
ing instance consists of a short textual summary of
the query and its candidate output, paired with the
corresponding correctness label. The classifier is
optimized to provide a coarse prediction of output
quality. At inference time, it performs a single for-
ward pass over the summary of a candidate output
and returns a scalar confidence score slite ∈ [0, 1].

For local agreement/consistency, we compute
the average pairwise Jaccard similarity between
the token sets of candidate outputs. In structured
domains such as code or math, we additionally in-
clude the fraction of pairs that agree on the final
answer. Both are computed using only string pro-
cessing and set operations, yielding an agreement
feature a ∈ [0, 1]. For other agents where there are
no multiple candidate outputs, we set the a to the
default value 1. We minus it by 1 in the calculation
because if there is no agreement then the result is
highly possible to be poor.

For parameter selection, we choose the weights
wspec, wlite, wagr, whist and the gate threshold τgate
via grid search to maximize performance on the
validation set.

4.2.3 Low-overhead advantage
Because all of these features are obtained from
pure scripts and a single small encoder, the gate
is fast and low-overhead: it can run on CPU and
in parallel with downstream agents, and its cost is
negligible compared to a single LLM call. This
makes the gate well-suited as a first-layer selec-
tor: most low-quality cases can be handled using
cheap checks, while only promising cases are for-
warded to the LAS scheduler for more expensive,
fine-grained routing.

4.3 LLM-as-Scheduler (LAS) Routing

If the gate unit forwards the current result to LAS,
we invoke a high-capacity LLM as a routing policy.
The gate has already summarized the intermediate
artifact into inexpensive signals (spec adherence
fspec, lite judge score slite, agreement a, historical
reliability r, and aggregate score g), together with
metadata about the current agent and step. LAS
takes these gate features, a description of the work-
flow graph, and the current artifact, and asks a large
LLM to decide how to route the query next.

Conceptually, early exit is treated as a particu-
lar routing decision: the scheduler can route to a
dedicated output unit that returns the answer to the

user. Otherwise, it can route to a verification or
refinement agent, to a test unit (for code or math),
or to another specialized agent that is better suited
for the next subtask. The large LLM thus acts as
a global controller that reasons over (i) what the
current output claims, (ii) how strong the gate sig-
nals are, and (iii) which agents are available in the
workflow, and then chooses the next hop.

In practice, we construct a structured prompt for
the scheduler LLM that includes:

• a short description of the original task and risk
tier,

• the current step (producing agent, its role, and
what it has done),

• the gate features (fspec, slite, a, r, g) and any
validator results,

• a catalog of available agents and units (verifi-
cation, test, refinement, final output),

• the current artifact (optionally truncated or
summarized for length).

The scheduler LLM is instructed to choose exactly
one action from a small, discrete set of allowed
routes and to return its decision in a machine-
readable format that can be parsed by the orches-
tration layer. The orchestration layer parses the re-
turned JSON, reads the action and target fields,
and invokes the corresponding agent or output unit.
For example, an action early_exit with target
output_unit routes directly to the output stage;
an action test with target test_runner_agent
passes the artifact to the test agent; and an action
refinement sends the artifact to a refinement agent
that attempts to improve the answer before return-
ing to verification or testing.

We implement the scheduler as a stateless func-
tion that constructs the prompt, calls the large LLM,
and post-processes its response. A high-level pseu-
docode sketch is given below.

The function BuildSchedulerContext
collects the task description, current agent,
gate features, validator results, and a com-
pact representation of the remaining workflow.
FormatSchedulerPrompt serializes this con-
text into the structured prompt shown above.
CallLargeLLM makes a single call to the large
model. ParseSchedulerResponse enforces a
strict schema on the returned JSON and can
reject malformed answers. The additional post-
processing in the last two blocks implements
simple policy rules, such as biasing against early
exit on high-risk tiers when the gate score is not
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Algorithm 1 LAS routing with an LLM scheduler
Require: Envelope E with fields:

artifact, gate_features, validators, meta
Require: Workflow description W (agents, roles, edges)
Require: Risk tier t
Ensure: Action a and target unit u
1: context← BuildSchedulerContext(E,W, t)
2: prompt← FormatSchedulerPrompt(context)
3: response← CallLargeLLM(prompt)
4: (a, u, r)← ParseSchedulerResponse(response)
5: if a not in

{early_exit, verification, test, refinement}
then

6: (a, u)← DefaultFallbackRoute(E,W )

7: if t is high risk and a = early_exit and
gate_features.g is modest

then
8: (a, u)← OverrideToVerification(W )

9: return (a, u)

wspec wlite wagr whist τgate

MBPP 0.06 0.85 0.07 0.02 0.803
HumanEval 0.07 0.82 0.07 0.04 0.824
GSM8K 0 0.75 0.14 0.11 0.852

Table 1: Gate unit weights and score thresholds on
different datasets.
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Figure 4: LAS prediction diagnostics (stacked bar
chart).
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5 Evaluation

5.1 Experimental setup

5.1.1 Datasets
We evaluate our method on three public bench-
marks. For code generation, we use Hu-
manEval (Chen, 2021) and MBPP (Austin et al.,
2021). For mathematical reasoning, we use
GSM8K (Cobbe et al., 2021). For all benchmarks,
we use the official test sets only for final evalua-
tion. We use the training sets of each benchmark
to train the gate-unit judge model, and we use the
validation sets for hyperparameter selection.

5.1.2 Metrics
For GSM8K, we report Solve Rate (%), defined as
the fraction of problems whose final answer exactly
matches the reference after standard normalization.

For HumanEval and MBPP, we report pass@1, de-
fined as the fraction of problems for which the
single generated program passes all reference unit
tests. Unless otherwise noted, we report all metrics
on the official test sets after average on 5 runs. If a
benchmark has no validation set, we split training
set by 8:2 for the validation set. We also report
output token consumption as Tokens and total end-
to-end latency as Lat in the results table. We report
output-token usage because, under many pricing
schemes, output tokens are more expensive than
input tokens and thus dominate cost.

5.1.3 Baselines
We compare LAS against six baselines: IO (single-
call), Chain-of-Thought (CoT) (Wei et al., 2022),
Self-Refine (Madaan et al., 2023), Reflexion (Shinn
et al., 2023), ADAS (Hu et al., 2024), and
AFlow (Zhang et al., 2024). These baselines cover
common hand-crafted multi-step prompting strate-
gies (CoT, Self-Refine, Reflexion) and strong auto-
matically generated multi-agent workflows (ADAS,
AFlow). AFlow is a state-of-the-art automated
workflow optimization method that searches over
multi-agent workflows and then executes the dis-
covered workflow as a fixed pipeline at inference
time. It can achieve high accuracy but also incurs
substantial overhead.

We use AFlow as the primary reference point
for comparison. In all cases, we use the same base
models for generation wherever applicable, so that
differences reflect the workflow and scheduling
strategy rather than changes in backbone model
capability. Since our main contribution is dynamic
workflow adjustment, we instantiate LAS on top of
the AFlow workflow, which is the most accurate
but also the most expensive configuration. The cas-
cade scheduler observes intermediate results and
routes each query to appropriate downstream steps,
instead of always executing the full workflow.

5.1.4 Implementation details
LAS uses a two-stage cascade for scheduling. The
first stage is a lightweight gate, where we use Dis-
tilBERT as the lite judge model. The second stage
invokes an LLM scheduler: we use Doubao-seed-
1.6 (Doubao) as the scheduler LLM, and Doubao-
seed-1.6-lite as the main executor for agents in
the workflow. These models are accessed through
public APIs provided by the Volcano Engine plat-
form (volcengine). We select these models because
they offer a favorable cost–quality trade-off. For
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MBPP HumanEval GSM8K

Method Acc. Tokens Lat. (s) Acc. Tokens Lat. (s) Acc. Tokens Lat. (s)

IO 79.3 1005.4 19.54 92.6 1424.7 23.52 91.7 1342.5 25.54
COT 84.2 4058.7 67.04 93.7 2678.5 87.89 94.1 6852.1 94.24
Self Refine 82.1 3804.4 79.60 92.2 6352.1 93.85 92.1 8825.4 115.14
Reflexion 85.5 4361.5 89.72 93.1 7263.5 107.20 92.9 11250.4 129.5
ADAS 89.2 5824.3 121.25 95.3 8982.4 169.64 92.3 15723.7 167.27
AFLOW(baseline) 94.2 6643.2 134.28 95.9 9390.8 171.56 95.9 17582.5 198.26
Ours 93.7 2430.3 77.99 94.5 5876.5 108.34 95.1 8624.1 125.15
∆ Ours vs baseline -0.5% -63.4% -41.9% -1.4% -37.4% -36.8% -0.8% -50.9% -36.9%

Table 2: Comparison of methods across MBPP, HumanEval, and GSM8K benchmarks. Acc, Tokens, Lat refer to
output accuracy, output token consumption, end-to-end latency respectively.

fairness, all baselines use the same executor mod-
els; only the workflow structure and the presence
or absence of LAS differ across methods.

Gate parameter selection. We tune the gate
weights wspec, wlite, wagr, whist and the gate thresh-
old τgate via grid search on the validation set, and
then report final performance on the test set. The
selected values are shown in Table 1. We do not
apply spec-adherence checks on GSM8K because
the final output is a single number; accordingly,
wspec = 0 for GSM8K. For GSM8K, we addition-
ally require each agent to output a short rationale
together with its answer, and we use the rationale
(together with the answer) as input to the lite judge
model to estimate answer credibility.

Scheduler prediction diagnostics. To better un-
derstand routing behavior, we record LAS deci-
sions and summarize them by ground-truth diffi-
culty labels. In addition to the heatmap analysis
(Fig. 6), we provide a stacked bar chart in Fig. 4.

5.2 Results and analysis

Table 2 compares our cascade scheduler with
a single-agent baseline (IO), manually designed
multi-step methods (CoT, Self-Refine, Reflexion),
the ADAS workflow, and a complex multi-agent
workflow baseline (AFLOW). Relative to other
multi-step or multi-agent baselines, our method
achieves higher or comparable accuracy while
using substantially fewer tokens and lower la-
tency across all three benchmarks. On MBPP and
GSM8K, for instance, it improves accuracy by sev-
eral percentage points over CoT, Self-Refine, and
Reflexion while using roughly 2–3× fewer tokens
and notably less latency, suggesting that dynamic
routing offers a better accuracy–efficiency trade-off
than fixed pipelines.

Compared with AFLOW (the most accurate but
also the most expensive configuration), our sched-

uler trades a small accuracy decrease for large ef-
ficiency gains. As shown in the ∆ row of Table 2,
accuracy drops by at most 1.4 percentage points,
while output-token usage decreases by about 43–
63% and latency by about 36–41%.

5.3 Ablation Study

We ablate the gate and LAS components on MBPP
(Table 3).

Only Gate disables LAS and uses the gate score
as the sole early-exit signal. It is faster and more
token-efficient than the AFLOW baseline because
it skips many downstream verification steps, but it
suffers a large accuracy drop (see also § 5.5).

Only LAS removes the gate and lets LAS sched-
ule on every agent output. It largely preserves
accuracy relative to fixed AFLOW, but substan-
tially increases token usage. Since LAS runs asyn-
chronously with the main workflow, the latency
increase is limited.

Our full Gate+LAS cascade matches Only LAS
closely in accuracy while keeping tokens and la-
tency low, providing a better quality–cost balance
in practice.

Method Acc. (%) Tokens Lat. (s)

AFLOW (baseline) 94.2 6643.2 134.28
Only Gate 86.7 2516.4 65.24
Only LAS 93.9 3678.1 90.25
Gate+LAS (ours) 93.7 2430.2 77.99

Table 3: Ablation of the gate and LAS components on
MBPP. For Only Gate and Gate+LAS, we tune the gate
threshold on the validation set and report results on the
test set.

Ablation on gate unit components. As shown
in Table 4, neither the lite judge alone nor the com-
bination of the other three components matches the
performance of the full gate unit. This indicates
that all components make complementary contri-
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butions, and that their joint use leads to the best
overall performance.

Component Precision Accuracy Recall
Spec adherence + agreement + history + lite judge 66.29% 70.64% 98.60%
Spec adherence + agreement + history 61.90% 64.40% 95.78%
Lite judge 63.50% 66.20% 94.20%

Table 4: Ablation study on different components of the
gate unit.

5.4 Overhead analysis

Table 5 breaks down the overhead of the gate and
LAS scheduler. The gate runs at every step, is
script-based, and makes no additional generative
LLM calls; it uses zero extra tokens and adds only
0.15 s per invocation. Relative to a typical work-
flow agent (1106 tokens and 26.78 s), its overhead
is negligible.

While the LAS module incurs latency and token
consumption similar to those of an average agent,
it can route workflows to early-exit or test stages,
thereby substantially reducing computation in later
steps. Consequently, LAS achieves a significant re-
duction in end-to-end latency, as shown in Table 2.

Component Tokens Lat. (s)

Average workflow agent 1106 26.78
Gate unit 0.0 0.15
LAS scheduler 725 19.44

Table 5: Per-component overhead of the gate and LAS
scheduler on MBPP.

5.5 Prediction accuracy analysis

Gate-only protocol. In the Only Gate setting,
the gate assigns a confidence score to each interme-
diate artifact. We sweep a threshold τ : if the score
is at least τ , we early-exit and return the current
output; otherwise, we proceed to the next stage.

5.5.1 Gate unit
We evaluate the gate on MBPP using the proto-
col in § 5.5. Treating an output as acceptable if it
early-exits at threshold τ , we compare predictions
against unit-test correctness and sweep τ to obtain
an ROC curve. As shown in Fig. 5 and Table 6, the
gate reaches 70.64% accuracy at its best operating
point. Recall is high (98.60%), so the gate rarely
misses correct outputs; precision is lower (66.29%),
so some outputs flagged as safe are incorrect. This
supports using the gate as a trigger, with LAS han-
dling borderline cases to reduce unsafe early exits.
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Figure 5: ROC curve for the gate unit predicting output
correctness on MBPP.

Model Accuracy Precision Recall

Gate 70.64% 66.29% 98.60%

Table 6: Best operating point of the gate unit on MBPP
(chosen by maximizing accuracy).

5.5.2 LAS routing accuracy
We evaluate LAS by assigning each agent out-
put a ground-truth routing label based on the ear-
liest stage at which the instance can be solved:
early exit (already passes tests), test (fails currently
but passes after verification), refinement (requires
downstream refinement), or unsolvable (fails after
all stages). We compare LAS actions to these la-
bels. Fig. 6 and Fig. 4 show that LAS often matches
the optimal routing choice, with an average routing
accuracy of 65.72%. Many errors are benign (e.g.,
predicting Test instead of Early exit), which
adds limited verification cost while still avoid-
ing expensive refinement. Harmful errors—where
the ground truth is Refinement but LAS predicts
Early exit or Test—occur in only 2.7%, consis-
tent with the small end-to-end accuracy drop.
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Figure 6: Heatmap of LAS routing decisions versus
ground-truth routing labels.
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Figure 7: Pareto frontier of Only Gate.

5.6 Overhead and accuracy trade-off

We plot the Pareto frontier (accuracy vs. end-to-
end latency) for Only Gate. We use the threshold-
sweep protocol in § 5.5 to obtain operating points.

Fig. 7 shows the trade-off between accuracy and
overhead: if the threshold decreases, more cases
will early exit, the end-to-end latency will be lower,
but the accuracy will also decrease.

The training overhead for the lite-
judge(DistillBERT) is also low. Only 50
epochs of training can achieve the accuracy of
70.64% on the MBPP test set. And the total
training time is less than one hour.
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7 Conclusion

We highlight the inefficiency of fixed multi-agent
workflows and propose LLM-as-Scheduler (LAS),
a cascade controller that adapts execution per query
via a lightweight gate and an LLM scheduler. Ex-
periments show that LAS preserves nearly all ac-
curacy while reducing token usage by 50.5% and
latency by over 36%.

8 Limitations and Future Work

Limitations. Our approach relies on a
lightweight decision component (a small
language model) to make fast routing and early-
exit determinations. While this design is critical
for reducing end-to-end cost and latency, it may
introduce errors when the small model is poorly
calibrated for a new domain. In addition, our
current evaluation focuses on a limited set of

benchmarks and workflow configurations, and the
generalizability of the learned gating/scheduling
behavior across tasks, model families, and tooling
environments remains under study.

Future Work. Our next step is to improve robust-
ness and transfer. We plan to investigate (i) more
transferable decision modules that reduce reliance
on benchmark-specific supervision (e.g., domain-
agnostic confidence signals and self-supervised cal-
ibration), (ii) cross-task and cross-workflow eval-
uation protocols to better characterize when LAS
transfers without retraining, and (iii) extend our
framework to boarder benchmarks including RAG
and Tool-using tasks. We also aim to explore re-
placing the small model with alternative low-cost
decision mechanisms and to analyze the trade-off
between decision accuracy and scheduling over-
head under varying latency and budget constraints.

9 AI assistant use explanation

We used AI assistant in improving writing and writ-
ing code in experiments.
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A Example of LAS system prompt

An example prompt for the scheduler LLM is as
follows:

SYSTEM:
You are a routing controller for a multi-agent LLM workflow. Given the current 
intermediate result, gate signals, and the available agents, decide where to send the 
request next. Be conservative on high-risk tasks.
USER:
[Task]
You are solving a programming problem. The final goal is to produce a correct 
Python function that passes all tests.
[Risk tier]
tier = "medium”
[Current step]
agent_name: "draft_coder”
agent_role: "Generate an initial solution.”
"step_id: 3
[Gate features]
spec_adherence: 1
lite_judge_score: 0.82
agreement_score: 0.76
historical_reliability: 0.90
gate_score_g: 0.84
[Validator summary]
* syntax_check: passed 
* basic_unit_tests: not_run
* safety_filters: passed
[Available routes]
1. early_exit_to: "final_output_unit"
2. continue send_to: [next_agent]
3. verification send_to: “test_runner_agent”
[Current artifact] <snippet of the generated code here>
Decision:
Choose the single best action from the list above.
Respond in strict JSON with fields:
{"action": "<one of: early_exit, verification, test, refinement>",
"target": "<name of the target agent or unit>",
"reason": "<short natural language justification>"}.
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