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Abstract

We introduce ZSERVE, an adaptive framework
designed to optimize the deployment of large
language models (LLMs) in production envi-
ronments. ZSERVE tackles critical challenges
in LLM serving with three key innovations: (1)
Resource-aware Parameter Mining, which
automatically identifies optimal hardware con-
figurations for various accelerators, eliminating
the need for manual tuning while maximizing
performance; (2) Workload-aware Dynamic
Reconfiguration, which seamlessly switches
between SLO-centric and throughput-centric
serving modes based on real-time workload
characteristics without service interruption; and
(3) A Unified Monitoring and Scaling In-
terface, which simplifies deployment manage-
ment across heterogeneous infrastructures. In
contrast to static frameworks like RayServe
and Xinference, ZSERVE introduces dynamic
runtime adaptation, leveraging novel queue
handoff and memory-efficient state migration
to switch serving modes without dropping
in-flight requests. Experimental results with
LLMs from 7B to 70B parameters show that
ZSERVE achieves up to 45% higher throughput
during peak periods while preserving latency
targets during moderate traffic, demonstrating
consistent gains across model scales and hard-
ware configurations.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success across tasks ranging from con-
tent generation and code completion to complex
reasoning tasks (Brown et al., 2020; Touvron et al.,
2023). As organizations increasingly deploy LLMs
in production environments, the need for robust
infrastructure stacks has become evident (Qin et al.,
2025). As shown in Figure 2, the modern LLM
deployment stack typically follows a top-down ar-
chitecture: application interfaces and APIs at the
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Figure 1: ZSERVE adapts between SLO-centric mode
and throughput-centric mode as workload intensity
changes.

highest level, serving frameworks that handle re-
quest management, inference engines that optimize
computation, and hardware accelerators at the foun-
dation (Zheng et al., 2024; Kwon et al., 2023).
Each layer addresses a distinct aspect of the serving
process, ranging from user-level functionality to
computational optimization.

Despite substantial progress across each layer,
current LLM serving solutions have a significant
limitation: the absence of adaptive middleware ca-
pable of dynamically adjusting serving parameters
during runtime (Li et al., 2023). Currently, oper-
ators must choose static configurations optimized
either for latency or throughput when deploying
models. This inflexibility restricts adaptability, es-
pecially under variable workloads characterized by
fluctuating request concurrency and diverse input-
output sequence lengths.

This limitation becomes particularly problem-
atic when considering Service Level Objectives
(SLOs)—quantifiable metrics that define expected
service performance such as response time or avail-
ability—which are critical for user-facing LLM ap-
plications. Organizations typically establish SLOs
such as maximum acceptable latency for the first to-
ken generation or consistent token production rate
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Figure 2: The LLM software stack follows a top-down architecture, with application interfaces at the top and
hardware acceleration at the bottom. The highlighted section illustrates the role of ZSERVE as an adaptive
middleware layer that bridges the gap between static serving frameworks and dynamic, variable workload patterns.

to ensure satisfactory user experiences (Patel et al.,
2024; Zhong et al., 2024). However, traditional
serving frameworks force system architects into
suboptimal compromises: either provision multi-
ple specialized instances for different workload
patterns, increasing operational complexity and re-
source costs, or accept performance degradation
when actual usage patterns diverge from the ini-
tial configuration assumptions (Liu et al., 2024;
Rasley et al., 2020; Fang et al., 2021). Neither
approach efficiently utilizes the underlying com-
putational resources or provides consistent service
quality across varying demands.

To address these challenges, we present
ZSERVE, an adaptive middleware layer that bridges
static serving frameworks and dynamic work-
load requirements through three key innovations.
First, our resource-aware parameter mining tech-
nique automatically discovers optimal, hardware-
specific configurations, eliminating manual tun-
ing while maximizing performance across diverse
accelerator-model combinations. Second, as il-
lustrated in Figure 1, our dynamic reconfigura-
tion module enables seamless transitions between
latency-optimized (SLO-centric) and throughput-
optimized serving modes based on real-time work-
load characteristics, without restarting the service
or dropping in-flight requests. Third, ZSERVE of-
fers a unified monitoring and scaling interface that
abstracts hardware heterogeneity, enabling consis-
tent operational workflows and metrics collection
across different types of accelerators.

Our evaluation on industry-standard LLMs
demonstrates that ZSERVE achieves up to 45%
higher throughput during peak load periods while
maintaining latency targets during moderate traffic
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compared to static configurations. The system’s au-
tomated parameter mining replaces extensive man-
ual tuning with a systematic profiling workflow,
while its seamless mode transitions eliminate the
need for instance restarts when adapting to chang-
ing workloads. By introducing dynamic adaptabil-
ity to the LLM serving stack, ZSERVE represents a
significant step toward more efficient and resilient
production deployments of large language models.

2 System Design and Architecture

Optimizing LLM serving configurations presents
two fundamental challenges: first, the performance
landscape varies dramatically across hardware plat-
forms, model architectures, and workload patterns;
second, static configurations cannot efficiently
adapt to dynamic workload fluctuations. ZSERVE
addresses these challenges through a system archi-
tecture that separates configuration discovery from
runtime adaptation.

ZSERVE comprises four integrated components:
(1) an offline profiling engine that systematically
maps the performance landscape, (2) a configura-
tion selector that initializes deployments with opti-
mal parameters, (3) a runtime adaptation module
that dynamically reconfigures serving parameters,
and (4) a monitoring interface that provides visibil-
ity and control over the system’s behavior.

2.1 Resource-Aware Parameter Mining

Manual discovery of optimal serving parameters
for each hardware configuration is prohibitively
time-consuming and often results in suboptimal
performance. ZSERVE employs a systematic pa-
rameter mining process that automatically identi-
fies hardware-specific performance profiles, evalu-



Algorithm 1 Offline Profiling

Input: Dataset or data distribution D, Hardware
environment 7, Workload patterns W
Output: Configuration library £
L—{}
Load D or generate synthetic data for w € W.
for parallel configuration (TP, PP, PD) do
for chunk size cs € {512,768,1024, ... } do
for query per second q € {1,2,4,...} do
Configuration C < (TP, PP,PD, c¢s, q).
Deploy C on H.
Execute workload pattern w¢ with C.
Record TTFT, TPOT, Throughput.
end for
end for
end for
for w € W do
for C s.t. we = w do
Evaluate performance for C.
end for
Identify the best-performing configurations
under each serving objective.
Append the selected configurations to L.
end for
return £

ating LLM serving behavior using four critical met-
rics: Time to First Token (TTFT) measures initial
response latency, Time Per Output Token (TPOT)
captures generation speed, throughput measures
overall system capacity, and SLO attainment rate
quantifies the percentage of requests meeting pre-
defined service level objectives.

Algorithm 1 outlines our performance profiling
approach. For each hardware environment, we
systematically explore the parameter space, vary-
ing parallelism strategies such as Tensor Paral-
lelism (TP), Pipeline Parallelism (PP), and PD-
Disaggregation (Zhong et al., 2024) as well as
batch configurations and request rates. The algo-
rithm first characterizes workloads into canonical
patterns—short input/short output (SISO), short
input/long output (SILO), long input/short output
(LISO), and long input/long output (LILO), to en-
sure optimizations reflect realistic usage scenarios.

The profiles are categorized by workload pattern
and stored in a configuration library that serves
as the foundation for intelligent runtime decisions.
This automated process replaces extensive manual
tuning with a systematic, reproducible profiling
workflow.
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Figure 3: An example of dynamic reconfiguration in
ZSERVE. Under low-concurrency workloads (left), the
system can employ a PD-Disaggregation mode. As
workload patterns shift, the profiler determines that a
hybrid deployment is optimal (right).

2.2 Automatic Configuration Selection and
Dynamic Reconfiguration

Traditional LLM deployments rely on static param-
eter selection, which often comes with obscured
performance implications. ZSERVE overcomes this
limitation through automated initialization and con-
tinuous adaptation. During deployment, the con-
figuration selector detects the underlying hardware
and retrieves relevant performance profiles from
the configuration library. It then applies heuris-
tic matching to align stored profiles with current
deployment scenarios. Only high-level objectives
(e.g., latency sensitivity or throughput maximiza-
tion) need to be specified in this process. ZSERVE
automatically derives optimal parameters based on
objectives and hardware characteristics.

Beyond initial configuration, ZSERVE’s runtime
adaptation module continuously monitors perfor-
mance metrics to detect workload shifts. When a
deviation is observed, the system assesses poten-
tial reconfigurations to enhance performance. As
illustrated in Figure 3, ZSERVE can switch from a
PD-Disaggregation mode to a setup with chunked
prefill (Holmes et al., 2024) and tensor parallelism
to better accommodate the current load.

A parallelism reconfiguration (e.g., switching
from TP=4 to DP=4) involves four coordinated
phases that together enable live, non-disruptive
transitions:

(1) Weight Resharding. Changing the tensor
parallelism degree requires redistributing model
weights across GPUs. For example, transition-
ing from TP=4 (each GPU holds i of the weight
shards) to DP=4 (each GPU holds a full replica)
requires an all-gather operation to reconstruct com-
plete weight tensors on each device. Conversely,
scaling up TP involves scatter operations to parti-
tion weights. On NVLink-connected GPUs, this
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transfer completes in sub-second time even for
models with tens of billions of parameters.

(2) Execution Graph Re-instantiation.
Accelerator-specific execution graphs (e.g., CUDA
Graphs on NVIDIA GPUs, ACL Graphs on
Huawei Ascend NPUs) bind to specific device
memory addresses and tensor shapes, and thus
cannot be reused across different parallelism
configurations. = ZSERVE pre-captures graph
templates for each target configuration at startup;
during a transition, a new instance is instantiated
from the corresponding template (<1s).

(3) Request Migration. When a reconfiguration
changes the instance count from m to 2" - m, in-
flight requests are redistributed deterministically.
For scaling up (n > 0), all requests and their asso-
ciated metadata on instance p are distributed across
new instances in the range [p - 2", (p+1) - 2"—1]
according to a load-balancing policy. For scaling
down (n < 0), requests on instance p are consol-
idated onto instance |p - 2" |. This deterministic
mapping avoids request duplication or loss during
transitions.

(4) KV Cache Rebuilding. Under tensor par-
allelism, the KV cache is sharded along the
num_kv_heads dimension across GPUs. A change
in TP degree invalidates the existing shard lay-
out, requiring KV cache reconstruction. Rather
than recomputing KV states from the original con-
text (which would incur full prefill cost), ZSERVE
performs direct cross-device memory copies to re-
assemble KV cache blocks into the target shard
configuration. This approach preserves all cached
states while avoiding redundant computation.

Together, these four phases enable ZSERVE to
complete a full parallelism reconfiguration (e.g.,
TP=4 — DP=4 for a 14B-parameter model on
4xA100-80GB with NVLink) within approxi-
mately 5 seconds under moderate load (~20 con-
current requests, average sequence length 2048).
By dynamically switching between SLO-centric
configurations (optimized for consistent response
times) and throughput-centric configurations (max-
imizing processing capacity), a single deployment
can efficiently serve heterogeneous workloads that
would otherwise require distinct specialized in-
stances.

2.3 Unified Monitoring Interface

ZSERVE provides a unified monitoring interface
that integrates programmatic APIs, a command-
line interface (CLI; Appendix A), and an intuitive

Web-based dashboard (Figure 4). This interface
collects and visualizes key metrics (e.g., through-
put, GPU utilization) and adaptation events in real-
time via WebSocket connections. Beyond pas-
sive monitoring, it supports active management
across three core modules: (1) Model Repository
Management for registering and versioning mod-
els with hardware compatibility metadata; (2) De-
ployment Configuration for fine-grained control
over execution parameters (e.g., batch size, KV
cache allocation); and (3) Runtime Monitoring
for tracking performance distributions and trigger-
ing scaling actions. This unified design signifi-
cantly reduces operational complexity in dynamic
multi-tenant environments.

3 Implementation

ZSERVE is implemented as an integration layer
for popular LLM inference engines, currently sup-
porting VLLM and SGLang on NVIDIA GPUs
and MindIE on Huawei Ascend accelerators, while
maintaining a consistent interface for application
developers. We developed a RESTful API server
that exposes unified endpoints for model manage-
ment, inference requests, and performance moni-
toring. Most notably, it supports runtime weight
redistribution without instance restarts, which is es-
sential for ZSERVE’s live reconfiguration between
serving modes. Figure 5 shows how ZSERVE inte-
grates with user-facing interfaces and serving en-
gines.

4 Evaluation

Setup. To comprehensively evaluate ZSERVE’s
adaptive capabilities, we conducted experiments
across multiple model scales and hardware config-
urations. Our evaluation setup is as follows: (1)
Models. We use Qwen2.5-7B, Qwen2.5-14B, and
LLaMA3.1-70B to assess scalability across differ-
ent architectures and parameter counts. (2) Hard-
ware configurations. We deploy the 7B and 14B
models on a single node with 2xA100-80GB GPUs,
and the 70B model on a single node with 8xH800-
80GB GPUs. (3) Baseline comparison. We use
vLLM services deployed through Xinference with
default and optimized static configurations as base-
lines.

Baselines. Our primary baseline consists of
vLLM model services deployed through Xinfer-
ence with static configurations. We established two
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Figure 4: Web-based monitoring and scaling interface of ZSERVE, illustrating its core functional modules and their
integration with the underlying middleware components.
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Figure 5: ZSERVE’s integration with user-facing inter-
faces and serving engines.

baseline variants: (1) PD-Disaggregation configu-
ration optimized for latency-sensitive workloads
with predictable response times; (2) Chunked
Prefill configuration optimized for throughput-
intensive batch processing scenarios. Both base-
lines utilize identical hardware resources and are
evaluated under the same synthetic workload pat-
terns to ensure fair comparison.

Service Level Objectives. We use the following
SLO targets: Qwen2.5-7B (TTFT < 100ms, TPOT

< 30ms), Qwen2.5-14B (TTFT < 200ms, TPOT
< 50ms), and LLaMA3.1-70B (TTFT < 150ms,
TPOT < 50ms in TP=2, TTFT < 80ms, TPOT <
30ms in TP=4).

Results. Figure 6 presents our comprehensive
performance evaluation. At low query rates
(QPS 1-4), where SLO compliance is paramount,
ZSERVE operates in SLO-centric mode and
achieves SLO-attainment rates comparable to the
PD-Disaggregation baseline while significantly out-
performing the Chunked Prefill configuration. This
demonstrates ZSERVE’s ability to maintain service
quality during moderate traffic periods.

As workload intensity increases (QPS 16-64),
where strict SLO requirements become challeng-
ing to maintain, ZSERVE transitions to throughput-
centric mode. This adaptive reconfiguration en-
ables ZSERVE to achieve up to 45% higher
normalized throughput compared to static PD-
Disaggregation deployments, while maintaining
competitive performance against the throughput-
optimized Chunked Prefill baseline. Notably, this
performance gain is achieved without manual inter-
vention, instance restarts, or request loss, highlight-
ing the practical value of dynamic adaptation in
production environments where workload patterns
fluctuate unpredictably.
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Figure 6: Performance comparison of ZSERVE against baseline methods on Qwen2.5 models (7B and 14B
parameters) and LLaMA3.1-70B under different tensor parallelism configurations (TP=2 and TP=4).

5 Related Work

Recent advancements in LLM serving have
emerged across model execution, operator opti-
mization, and deployment frameworks. On the
model execution side, specialized inference en-
gines such as vLLM (Kwon et al., 2023) and
SGLang (Zheng et al., 2024) employ continuous
batching and efficient scheduling mechanisms that
substantially improve memory efficiency and hard-
ware utilization. In parallel, low-level operator
optimizations such as FlashAttention (Dao et al.,
2022; Dao, 2023) have focused on improving the
core computation efficiency of transformer archi-
tectures. By leveraging I/O-aware algorithms and
accelerator-specific memory patterns, these meth-
ods reduce runtime latency and improve throughput
in GPU-heavy workloads.

To manage deployment complexity, several uni-
fied serving frameworks have been proposed. For
instance, Xinference (Lu et al., 2024) and Ray-
Serve (Moritz et al., 2018) provide abstractions
for heterogeneous hardware, along with standard
APIs and resource management capabilities. How-
ever, these systems primarily focus on horizon-
tal scaling (adding/removing instances) rather than
vertical adaptation (modifying serving configura-
tions within instances). This limitation becomes
particularly evident under workloads with rapid
fluctuations where instance startup latency makes
horizontal scaling ineffective.

Despite these advancements, a common limita-
tion remains: most systems require static configu-
ration choices that cannot adapt to evolving work-
load patterns. This often results in a fixed trade-
off between throughput-oriented batch processing

and latency-sensitive request serving. Building on
the aforementioned inference engines, our work
focuses on dynamic adaptation mechanisms by
proposing a unified serving system that dynami-
cally reconfigures serving parameters in response
to observed workload patterns, eliminating the
trade-off between throughput and latency optimiza-
tion.

6 Conclusion

By incorporating resource-aware parameter min-
ing, workload-aware dynamic reconfiguration, and
a comprehensive monitoring and scaling interface,
ZSERVE demonstrates significant improvements
in throughput and resource utilization while main-
taining SLO compliance. The system seamlessly
transitions between SLO-centric and throughput-
centric modes without restarting the service or drop-
ping in-flight requests, adapting to changing work-
load patterns in real-time. This adaptive approach
eliminates the traditional need to choose between
optimizing for latency or throughput, allowing a
single deployment to efficiently handle diverse op-
erational scenarios. As LLLM applications continue
to proliferate, ZSERVE’s adaptive middleware rep-
resents an important step toward making industrial-
scale language model deployment more accessible,
efficient, and cost-effective across heterogeneous
infrastructure environments.
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A Command-line Interface

ZSERVE provides a comprehensive CLI that sup-
ports the complete serving lifecycle through intu-
itive commands for model management, deploy-
ment control, and runtime configuration.

Performance Profiling Before deployment,
users can generate hardware-specific performance
profiles to guide configuration selection:

zserve-cli profile --model Qwen2.5-7B
--data-type auto --output-path
./profiles

Server Initialization The serving infrastructure
can be launched with configurable networking pa-
rameters:

zserve-cli start-server --port 8080
--host 0.0.0.0 --enable-dynamic-
reconf

Model Deployment Adding models to the serv-
ing pool supports configuration customization and
dynamic reconfiguration options:

zserve-cli add --model Qwen2.5-7B --
config-file config.json --enable-
dynamic-reconf --backend vllm

Resource Management Models can be removed
from the serving infrastructure when no longer
needed:

zserve-cli remove --model Qwen2.5-7B

Runtime Reconfiguration Administrators can
manually trigger serving mode transitions as
needed:

zserve-cli change-mode --target-mode
throughput-centric

The CLI integrates intelligent load-balancing
that automatically routes incoming requests to ap-
propriate model instances based on the model name
and available resources, eliminating the need for
manual shard allocation or request distribution.

337



