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Abstract

Agent runtimes reason about workflow structure, validation, fail-
ure propagation, and join conditions, while model-serving systems
schedule requests using model, worker, and cache state. The missing
interface between these layers makes cross-layer decisions difficult
to specify and verify. We present SEMSERVE, a prototype execution
specification that carries explicit DAG semantics—including accep-
tance, join, failure, and criticality policies—from an agent runtime
to a semantic router and an LLM serving stack. The same specifica-
tion maintains a verifiable mapping from DAG nodes and attempts
to requests, sessions, workers, and logical KV-cache allocations.
This mapping enables two mechanisms: validator-triggered model
escalation and policy-aware cancellation with early KV-cache recla-
mation. On a four-GPU prototype using Qwen3 models, our initial
experiments show that criticality-driven escalation improves task
correctness at an additional latency cost, while early-join cancel-
lation substantially reduces wasted loser tokens and logical KV
occupancy. These results motivate a cross-layer semantic control
plane in which agent-level correctness conditions and serving-level
resource events are represented by explicit, auditable specifications
rather than ad hoc callbacks.

1 Introduction

Agentic applications are no longer isolated model invocations. A
single user request may expand into multiple model turns, tool
calls, validators, retries, and parallel branches whose execution
spans a CPU-side runtime, model-routing services, gateways, and
GPU workers. ReAct-style loops expose the interaction between
reasoning and tools [19], while coding-agent traces show that real
executions repeatedly cross these layers over long trajectories [22].
End-to-end behavior therefore depends not only on how an agent
plans, but also on whether its execution intent can control the
serving resources that realize the plan.

Existing systems provide important but separated pieces of this
stack. LLMCompiler and GPTSwarm optimize tool or DAG [6, 23];
Agentix reconstructs dynamic program context to improve infer-
ence scheduling [10]; and Murakkab jointly configures workflows,
models, and hardware under SLOs [1]. However, task-level con-
trol information that could enable parallel execution often remains
implicit in the model-generated text and is not extracted for run-
time scheduling. The runtime knows whether a branch is required,
whether its output passed validation, and whether a join has already
been satisfied. The serving stack instead knows the selected model
and worker, active request state, and KV-cache ownership. Neither
view alone is sufficient for verifiable cross-layer control.
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This separation becomes visible during execution. A validation
failure on a required branch may justify a stronger model, whereas
the same failure on an optional branch may not. When a first-
valid or top-k join becomes satisfied, remaining substitutable work
may no longer have semantic value and its inference and cache
state may be reclaimed. Yet a conventional model request does
not express these conditions, and the runtime often cannot verify
which model, worker, request, session, or logical KV allocation was
actually affected.

We present SemServe, a systematic framework for exploiting
application semantics in agentic serving. SemServe treats informa-
tion that emerges during agent execution—including task structure,
validation outcomes, completion requirements, branch criticality,
and resource relevance—as first-class system signals rather than
application-local metadata. It carries these semantics across the
end-to-end serving path so that execution, model selection, and
resource management can respond to the evolving state of an agent
workflow. This unified semantic view provides a common basis for
coordinating quality, latency, and resource efficiency while making
cross-layer decisions explicit and verifiable.

SemServe uses an execution DAG as its structured substrate.
DAG nodes and edges represent work and dependencies, while the
semantic specification defines when a region is complete and which
resource actions are authorized. This combination lets the system
turn agent-level correctness conditions into concrete serving ac-
tions. Our goal is a complete semantic path from task execution to
model and resource control.

This paper makes the following contributions:

e We formulate SemServe as a systematic view of agentic serv-
ing in which application semantics become first-class sig-
nals across tool execution, context structure, DAG design,
resource management, and model routing.

o We define an explicit cross-layer semantic specification that
separates graph dependencies from failure, join, acceptance,
and criticality semantics, and links these semantics to ob-
servable execution and resource outcomes.

o We instantiate this view in an end-to-end prototype and eval-
uate two representative mechanisms—validator-triggered
model escalation and early-join cancellation with asynchro-
nous logical KV-cache reclamation.

2 Background

Agent systems span five recurring management dimensions: tool
execution, context structure, DAG design, resource management,
and model routing. Table 1 compares whether each system manages
and optimizes these dimensions as first-class concerns.


mailto:yaohuaxi@link.cuhk.edu.cn
mailto:yuminchen@cuhk.edu.cn

Table 1: Management dimensions in agent systems. v/ denotes
native management or optimization, A partial or application-
defined support, and X no native mechanism.

Tool Context DAG Resource Model

System Execution Structure Design Management Routing
SemServe v v v v 4
Agentix A v v v X
Murakkab v A v v A
LangGraph v v v X A

Agentix uses program context and dynamic DAG structure to
schedule LLM calls and serving resources, while tools remain exter-
nal interrupts and routing is not based on request semantics [10].
Murakkab represents models and tools in a declarative DAG and
jointly optimizes workflow and hardware choices, but its context
and model selection are primarily profile- and SLO-driven rather
than per-turn semantic control [1]. LangGraph natively manages
tools, stateful context, and graph execution, while resource manage-
ment and model selection remain application-defined [8]. SemServe
connects all five dimensions through one runtime-to-serving con-
trol loop.

3 SemServe Overview

SemServe connects a custom DAG-based agent runtime to semantic
routing and LLM serving. The runtime handles task decomposi-
tion, dependencies, validation, and joins; lower layers select mod-
els and workers, execute requests, and manage cache state. Four
goals guide the design: explicit semantics separate readiness from
parallel-region completion; cross-layer visibility binds branches
and attempts to their model, request, session, worker, and logical
KV state; verifiable feedback reports actual resource choices and
lifecycle outcomes; and off-path cleanup reclaims unnecessary work
without delaying eligible answers. These goals preserve distinctions
among completed, accepted, critical, and surplus branches across
layers, extending classical workflow patterns [15] and program-
aware serving in Agentix and Murakkab [1, 10].

3.1 Architecture

SemServe is organized as four logical layers connected by an exe-
cution path, a control path, and a resource-feedback path.

The agent execution layer receives a user task, creates and up-
dates the execution graph, schedules ready nodes, coordinates
model and tool operations, validates branch outputs, evaluates
completion policies, and manages the lifecycles of branches and at-
tempts. Concurrent branches retain isolated histories, call identities,
session state, and cancellation scope.

The semantic decision layer translates task properties and run-
time state—such as domain, complexity, criticality, retry history,
required capability, reasoning mode, and the remaining service
objective—into an abstract execution requirement. It determines
the capability and reasoning budget needed by a model turn without
selecting a particular serving process.

The serving coordination layer resolves this abstract require-
ment to a compatible model pool and then to a concrete execution
endpoint. It considers availability, load, and reusable state, binds the

request and session identities to the selected endpoint, and exposes
lifecycle operations for active requests.

The inference execution layer performs model computation,
emits text, tool-call, completion, failure, and cancellation events,
and maintains the request-, session-, prefix-, and logical cache state
associated with each model turn.

3.2 Runtime-to-Worker Control and
Worker-to-Runtime Feedback

Below, we follow the direction of data flow to illustrate how Sem-
Serve coordinates agent execution with model serving: the run-
time propagates task and control information toward LLM workers,
while execution and resource feedback returns to support valida-
tion, scheduling, and lifecycle decisions.

Runtime — LLM worker. When a model node becomes ready,
the runtime sends the normal Responses-style execution payload:
branch-local instructions and input, tool schemas, prior tool results,
and an output budget. A semantic envelope adds the information
that cannot be inferred reliably from the prompt. Branch and at-
tempt identifiers bind concurrent requests and retries to the correct
DAG lineage; failure, join, acceptance, and criticality fields state the
completion and validation semantics of the region; and required
capability, reasoning mode, retry history, and remaining deadline
guide model selection and execution budgeting. Request and session
handles are retained so that a later policy decision can address the
corresponding inference state for abort, session closure, or cache
invalidation.

LLM worker — runtime. The return path carries the standard
generated items, tool calls, usage, and terminal status, together with
newly exposed execution evidence. The actual model, reasoning
mode, and worker show whether the requested routing decision
was enforced; request and session status correlate streaming and
lifecycle events with the owning attempt; and logical cache and
invalidation outcomes show whether reusable state was released.
The runtime records this evidence in the corresponding DAG node
before validation and join evaluation. It can then activate down-
stream work, create an independent retry or capability escalation,
or launch policy-authorized cleanup. The upward path therefore re-
ports verifiable outcomes; it does not give the serving layer control
over the runtime.

4 SemServe Design and Evaluation

SemServe designs and optimizes all five dimensions identified in
Table 1: tool execution, context structure, DAG design, resource
management, and model routing. Figure 1 maps the four logical
layers to the prototype components used in evaluation. The fol-
lowing subsections present the corresponding insight, design, and
prototype evidence for each dimension. Unless noted otherwise,
experiments use four RTX 5090 GPUs (32 GB each), Qwen3-4B and
Qwen3-8B, and the following layer instantiation: a Responses-style
runtime (agent execution) — VSR (semantic decision) — SGLang
gateway (serving coordination) — SGLang workers (inference exe-
cution).
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Figure 1: Prototype architecture used in evaluation. Solid arrows show execution and scheduling; dashed arrows show policy-
derived control and resource-lifecycle events across the runtime, semantic router, gateway, and worker layers.

Table 2: Tool-execution results; E2E values are per-run means
in seconds.

Workload Runs Baseline SemServe E2E |

Serial long task 30 11.669
Four-branch DAG 10 6.848

8.118 30.43%
5.809 15.17%

4.1 Tool Execution

Insight 1: Read-only external tools can occupy a substantial fraction of
an agent loop’s latency, making tool execution a major opportunity for
end-to-end performance optimization.

Design. An optional CPU-side Multinomial Naive Bayes classifier
predicts and ranks the next tool action from runtime traces [4, 9, 12,
14]. Admission is limited to audited read-only, idempotent tools. A
prediction executes against a temporary DAG overlay tagged with
the base graph version; an exact match on the authoritative tool
name and normalized arguments atomically commits and reuses
the result.

Result. Table 2 summarizes latency across 30 serial long-task runs
and ten four-branch DAG runs; all 40 final outputs passed validation.
The parallel DAG also reduced mean TTFT by 1.006 s, with the
smaller E2E gain consistent with the 2 s MCP branch remaining
on the join-critical path. The controlled workload achieved 80/80
admitted-tool hits with no wrong speculation. CPU prediction cost
was 0.3-0.44 ms for serial tasks and about 1.9 ms for the four-branch
DAG. Because the plan extractor was near-oracle and delays were
controlled, these results represent the mechanism’s upper bound
rather than open-task accuracy.

4.2 Context Structure

Insight 2: Concurrent branches accumulate distinct histories and lifecycle
state, making context structure an important optimization dimension for
correctness, scalability, and execution efficiency.

Design. SemServe scopes execution context to a branch and its
current attempt. Each child receives an isolated model history, tool
observations, call identifiers, active transport state, serving session,
and cancellation scope. A retry creates a new attempt context linked
to the same branch rather than reusing the failed attempt’s mutable

provider state. Context updates are committed only to the owning
branch and become visible to downstream nodes through explicit
DAG dependencies.

Result. In the controlled four-branch all_terminal workflow, all
ten runs completed and all 40 child branches reached the expected
terminal state. Trace inspection preserved separate provider histo-
ries, call identifiers, and sessions for concurrent children, with no
observed cross-branch cancellation or response-chain contamina-
tion. This is an isolation mechanism check rather than a general
memory-quality evaluation.

4.3 DAG Design

Insight 3: DAG dependencies capture execution order, but parallel regions

may differ in their completion, validation, and failure requirements, making
DAG design a key optimization dimension for agent workflows.

Design. SemServe represents tasks, child agents, model turns, tool
calls, validations, joins, final answers, and cleanup operations as
typed DAG nodes. Nodes record dependencies, lifecycle state, valida-
tion and policy outcomes, model requirements, resource mappings,
timestamps, and token counters. Required edge conditions activate
ready nodes concurrently, while every retry creates a new attempt
node rather than reviving a terminal node. This combines dataflow
readiness [6, 11] with auditable multi-agent lineage [18]; semantic
decomposition can likewise produce dependency-aware plans [24].

The semantic completion of each parallel region is declared by
P = (F, ], A, C): failure, join, acceptance, and criticality. A compati-
bility checker rejects contradictory combinations before execution.
The same DAG scheduler can therefore express all-required ag-
gregation, first-valid races, top-k/quorum reduction, and critical
fail-fast regions without changing graph dependencies. Edges de-
fine readiness, whereas the policy specification defines validation,
reduction, retry, and when cancellation or reclamation becomes
permissible [5, 15, 20]. Figure 2 shows representative compositions.
Result. The all-required specification completed 10/10 runs, cor-
rectly terminated all 40 child branches, and preserved every node,
edge, attempt, and lifecycle event. The first-valid specification au-
thorized cancellation only after a candidate passed validation. Thus,
the same execution substrate changes completion behavior through
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Figure 3: Runtime-built four-branch all_terminal DAG used
for the mechanism check.

its policy specification; the resulting resource effects are evaluated
next. Figure 3 shows the controlled four-branch execution.

4.4 Resource Management

Insight 4: Agent workflows may become semantically complete while serv-
ing work and cache state remain active, leaving significant room to optimize
resource efficiency and response latency.

Design. After committing the policy-authorized result, SemServe
launches one background cleanup chain per eligible branch: abort
the request, close the session, invalidate its prefix, and release logi-
cal slots. Chains run concurrently and do not block answer delivery.
The runtime maps each branch and attempt to its active request, ses-
sion, worker, and logical cache allocation. Serving engines manage
prefix reuse and KV allocation internally [2, 7, 21]; SemServe binds
that lifecycle to agent-level join and failure semantics and records
each observed stage as a DAG event. The prototype claims logical
reuse only; physical CUDA VMM unmapping and an immediate
decrease in process-visible HBM remain out of scope.

Result. Among seven first-valid runs that cancelled two losers,
moving permitted cleanup off the response path reduced mean
E2E from 15.544 s to 12.881 s (17.13%). Across eight correct Hu-
manEval/MATH race pairs, policy-authorized cancellation reduced
output tokens by 55.51% and KV token-seconds by 62.21%, while
instantaneous KV peak fell by 9.02% because branches overlapped
before winner validation. At least 11 in-flight requests reached the
worker abort path; two prefix invalidations returned found=false,
exposing a remaining request-lifecycle race. In all_terminal runs

Table 3: Eight correct race pairs; values are per-run means.

Metric LangGraph SemServe Difference
Output tokens 1654.9 736.3 -55.51%
Total tokens 9209.9 8634.3 -6.25%
KV peak (tokens) 2527.5 2299.6 -9.02%
KV token-seconds 12178.0 4602.6 -62.21%
Mean EZ2E (legacy) 12.48 s 15.19 s +21.76%

no branch was reclaimable, so the runtime paid orchestration over-
head without a resource advantage. The benefit is therefore specific
to policy-proven redundant tails.

4.5 Model Routing

Insight 5: Agent tasks can require different model capabilities as execution

unfolds, while prompt-only routing observes only static input, making model
routing a key dimension for balancing quality and serving cost.

Design. For every model turn, the runtime sends VSR task domain,
complexity, criticality, required capability, reasoning mode, retry
history, and remaining SLO [13, 16]. VSR chooses the 4B or 8B pool,
and the SGLang gateway chooses a worker within that pool. A failed
critical 4B attempt increments the weak-model failure count and
creates an independent retry attempt. The scheduler can increase
capability (4B normal — 8B normal) or reasoning depth (4B normal
— 4B thinking) [3, 17]; non-critical failures do not automatically
consume the strong pool. Returned model, worker, request, and
session IDs verify that the requested escalation actually occurred.
Result. Across 60 HumanEval runs (20 per policy), adaptive 4B—8B
achieved 14/20 correctness, compared with 12/20 for both fixed 4B
and fixed 8B. Eight failed 4B attempts triggered 8B retries and two
recovered (25%). The adaptive policy used 32 8B model turns, 60%
fewer than the 80 turns under fixed 8B, with no routing violations.
Its additional retry path increased mean E2E to 16.59 s, compared
with 11.69 s for fixed 4B and 13.69 s for fixed 8B, demonstrating
selective quality recovery at additional latency cost.

5 Conclusion and Future Work

SemServe connects agent-level execution semantics to model serv-
ing through a cross-layer control and feedback path. In our early
controlled experiments, criticality-aware 4B—8B escalation raised
HumanEval artifact correctness from 60% to 70% while using 60%
fewer 8B model turns than fixed 8B. In first-valid races, policy-
authorized cancellation reduced output tokens by 55.51% and KV
token-seconds by 62.21%; moving loser cleanup off the response
path reduced triggered-race mean E2E by 17.13%. These results in-
dicate that explicit runtime semantics can improve selective quality
recovery and resource efficiency .

Future work spans two directions. LLM engineering should im-
prove the robustness of planning, validation, and semantic routing
across task domains, including better calibration of capability esca-
lation and reasoning depth. Second, a bidirectional semantic control
plane would extend the current downward control and upward
evidence path into a closed loop: serving-side conditions such as
queueing, cache pressure, worker availability, and SLO risk could in-
fluence runtime graph adaptation, while runtime policies continue
to guide serving decisions.
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