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Abstract—Deep Neural Network (DNN) inference serving
presents significant challenges due to variable workloads, het-
erogeneous models, and strict Service Level Objectives (SLOs).
While GPU acceleration enables high-throughput inference, the
cost-effectiveness of these specialized resources depends on main-
taining high utilization. Current DNN serving systems employ
static or heuristic-based batching strategies that cannot adapt
effectively to dynamic cloud workloads. We present DNN-Adapt,
a novel system that employs reinforcement learning (RL) to
dynamically optimize batching decisions in DNN serving environ-
ments. DNN-Adapt introduces a hybrid batching framework that
combines traditional batching techniques with RL-based decision
making, a multi-timescale architecture that operates at different
levels of granularity, and a hybrid decision system that integrates
rule-based safety constraints with learned policies.

Index Terms—DNN inference scheduling, reinforcement learn-
ing, batching, GPU utilization

I. INTRODUCTION

Deep Neural Network (DNN) inference serving has become
a critical workload for applications ranging from computer
vision to natural language processing. As these services grow
in scale and importance, optimizing the efficiency of inference
execution becomes essential for both cost-effectiveness and
service quality. GPU accelerators provide the computational
capacity needed for DNN inference, but their high cost de-
mands sustained utilization to realize their economic benefits.

A key technique for improving GPU utilization is batch-
ing—grouping multiple inference requests together for simul-
taneous processing. Batching amortizes fixed costs and lever-
ages the GPU’s parallel processing capabilities, significantly
increasing throughput. However, current batching approaches
suffer from several limitations:

1) Workload Variability: Inference serving systems expe-
rience dynamic request patterns with diurnal variations,
sudden spikes, and unpredictable bursts that static batch-
ing strategies cannot effectively handle.

2) Multi-tenancy Challenges: Inference services typically
run multiple models concurrently, creating complex
resource contention patterns that heuristic-based ap-
proaches struggle to navigate.

3) Heterogeneous Model Landscape: Models with dif-
ferent computational profiles require tailored batching
strategies, making one-size-fits-all approaches subopti-
mal.

4) Complex Optimization Objectives: Inference serving
systems must balance throughput, latency, fairness, and

resource efficiency, often with dynamically changing
priorities.

In this Work-in-Progress (WIP) paper, we introduce DNN-
Adapt, a novel batching system for DNN inference that builds
upon the predictability principles of Clockwork [1] while
adding adaptive intelligence through reinforcement learning
(RL). By framing batching as a sequential decision-making
problem, DNN-Adapt learns optimal strategies from experi-
ence, continuously adapting to changing conditions without
requiring explicit programming for every possible scenario.

Our key contributions include:
• A hybrid batching framework that combines traditional

batching techniques with reinforcement learning to opti-
mize multiple objectives.

• A hybrid decision system that integrates rule-based safety
guarantees with learned policies to ensure both reliability
and optimality.

II. BACKGROUND AND MOTIVATION

A. Batching to achieve throughput

Batching is a critical technique that improves GPU utiliza-
tion through two mechanisms:

1) Fixed cost amortization: The overhead of launching
GPU kernels and data transfer is distributed across
multiple requests.

2) Parallelism exploitation: GPU architectures can pro-
cess multiple inputs simultaneously, often achieving
higher throughput with batched execution.

The relationship between batch size and throughput typi-
cally follows a saturating curve, while the relationship between
batch size and latency is generally linear for many models:

batch latency(b) = αb+ β (1)

Where β is the fixed cost of model invocation and α is the
marginal cost per request.

B. Prior work

Prior work, notably Nexus [2], Usher [3] and Clockwork
[1], have made significant strides in optimizing DNN
serving through advanced scheduling and resource allocation
techniques. Nexus [2] formulates inference serving with
batching as a MILP and proposes a greedy algorithm for
generating round robin schedules on GPUs, Usher [3]
proposes a similar technique but emphasises both GPU
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memory and compute utilization with models colocated on
the same GPU, while Clockwork [1] emphasized predictable
executions through ”consolidating choice” at the system
level. However, these systems rely on fixed strategies or
simple reactive policies that cannot fully leverage the inherent
predictability of DNN inference while adapting to the
dynamic nature of inference workloads.

C. Challenges in Cloud Environments

DNN Inference Serving in Cloud Environments Cloud-
based DNN inference services execute models on input data,
returning results to clients with strict latency requirements.
The computational intensity of modern DNNs makes GPUs
the preferred accelerator for these workloads. In cloud environ-
ments, these services must handle multiple concurrent requests
from many users while maintaining SLOs. Cloud-based DNN
serving presents several unique challenges:

Workload volatility: Cloud traffic exhibits significant vari-
ability, including diurnal patterns, sudden spikes, and unpre-
dictable bursts. Static batching strategies either under-utilize
resources during low traffic or violate SLOs during high traffic.

Multi-tenant resource sharing: Cloud servers typically ex-
ecute multiple models concurrently, creating complex resource
contention patterns. Optimal batching decisions must account
for this interference.

Model heterogeneity: Different models have distinct com-
putational characteristics, including optimal batch sizes, mem-
ory requirements, and execution patterns.

D. Reinforcement Learning for Adaptive Batching

Reinforcement learning provides an ideal framework for
addressing these challenges. The RL paradigm consists of:

- State: The current condition of the system (queue lengths,
GPU utilization, etc.) - Action: Decisions about batch execu-
tion (timing, size, etc.) - Reward: A scalar value quantifying
the desirability of the outcome - Policy: A mapping from states
to actions that maximizes cumulative rewards

The key advantage of RL for this problem is its ability
to learn optimal strategies through experience rather than
requiring explicit programming for every possible scenario.

III. SYSTEM DESIGN

A. Architecture Overview

DNN-Adapt is designed as a cloud-native system for op-
timizing DNN inference serving. Fig. 1 shows its high-level
architecture, which consists of:

1) Request Processor: Receives and validates inference
requests, routing them to appropriate model queues.

2) Model Queues: Maintain pending requests with meta-
data including arrival time and priority.

3) State Observer: Monitors system conditions including
queue states, GPU utilization, and performance metrics.

4) RL Decision Engine: Makes batching decisions based
on current state and learned policy.

Fig. 1. DNN-Adapt System Design

5) Execution Engine: Executes the current schedule by
batching requests and running inference on available
GPUs.

6) Training Module: Updates the RL model based on the
observed performance.

B. Reinforcement Learning Formulation

We have come up with the following simple formulation to
validate our idea. Each GPU is divided into S number of slots.
Initially, all slots are empty. The RL-agent can take an action
to place a certain model in a certain slot with a certain batch
size. For a given GPU, in one schedule, all slots are executed
one after the other, starting with slot 1. There is an additional
option for the RL-agent to specify whether to run a particular
slot in parallel with others. This means that all consecutive
slots with parallel flag set are run in parallel on that GPU.
The rest are run sequentially.

1) State Representation: For each model, we capture the
following as part of our state information:

• Request rate.
• Queue size.
• SLO latency.
• SLO satisfaction/violation rate.

We also capture the current schedule deployed. For each
slot in the cluster:

• Model id deployed(can be empty)
• Batch size
• parallel flag

2) Action Space: The action space is designed to allow the
RL agent to make incremental changes. At each step, the agent
can decide to deploy a model in a given slot with given batch
size or it can decide to change the batch size of an already
deployed model. The action space is represented as follows:

• Slot ID(including no-op)
• Model ID(including empty)
• Batch Delta - [-4, 5]
• Parallel Flag

3) Reward Function: The reward function encodes the
objectives of the system as a weighted sum of the following
components:

• RSLO, reward related to the SLO satisfaction rate.
• RGPU , reward related to the number of GPUs being used

by the schedule. The lower the better.
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• RBFR, reward related to batch fill rate, it encourages the
agent to select batch sizes that are consistently filled, dis-
couraging over-sized batches that do not reach capacity.

• RSSR, reward related to slot switch rate, designed to
discourage frequent re-assignment of models to different
slots.

• SLOmask = 1 − RSLO, Masked used to prioritize the
SLO satisfaction rate over the other reward terms.

R = α ·RSLO + β ·RGPU · SLOmask + γ ·RBFR · SLOmask

+ω ·RSSR · SLOmask

(2)

4) Learning Algorithm and Training: DNN-Adapt employs
Proximal Policy Optimization (PPO) [4] as its core reinforce-
ment learning algorithm, chosen for its sample efficiency,
stability.

IV. RELATED WORK

A. DNN Serving Systems
Several specialized systems have been developed for serving

DNN models in production environments. TensorFlow Serving
[5] and PyTorch Serve [6] provide frameworks for deploying
trained models but offer limited support for advanced batching
strategies. Clipper [7] introduced adaptive batching, which
dynamically adjusts batch sizes based on observed latency, but
uses simple heuristics rather than learning from experience.

Nexus [2] represents a significant advancement for DNN
serving on GPU clusters, introducing sophisticated scheduling
techniques including ”squishy bin packing” and query opti-
mization for complex workflows. Although Nexus achieves
high throughput while meeting latency SLOs, its epoch-based
scheduling limits adaptability to rapidly changing workloads.

B. Batching Optimization
Batching optimization has been explored through several

approaches: (1) Static batching uses fixed batch sizes deter-
mined offline; (2) Time-based batching collects requests over
fixed intervals but struggles with bursty traffic; (3) Size-based
batching triggers execution once a threshold is met, often
increasing latency under low load; and (4) Dynamic batching
adjusts sizes based on observed performance, though typically
relies on simple heuristics rather than learned policies.

DNN-Adapt differs fundamentally by framing batching de-
cisions as a reinforcement learning problem, enabling more
sophisticated and adaptive strategies.

C. Reinforcement Learning for Systems Optimization
Reinforcement learning has emerged as a powerful tech-

nique for optimizing complex systems. In cloud computing
contexts, RL has been applied to resource allocation [8], query
optimization [9], and adaptive video streaming [10].

The application of RL to DNN inference batching represents
a novel contribution of our work. While previous systems have
used RL for related problems, none have specifically addressed
the unique challenges of batching optimization in cloud-based
DNN serving environments.

V. CONCLUSION AND FUTURE WORK

DNN-Adapt introduces a reinforcement learning-based hy-
brid batching approach to optimize DNN inference serving in
cloud environments. While our initial design focuses on adapt-
ing to dynamic workload patterns and multi-tenant scenarios,
several key areas remain for future exploration.

As this is a work in progress, we do not yet have compre-
hensive results to report. In future work, we intend to further
develop the RL agent to achieve converged policies capable
of consistently satisfying latency SLOs. We also plan to scale
our system to operate on larger GPU clusters with more
diverse model deployments and explore how DNN-Adapt can
generalize across different production settings and workload
types.
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