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Architectures, Optimization Strategies,
Performance, Reliability and
Production Systems

About this book: Modern Al inference is no longer a side task tacked on
to training pipelines. It is a distinct engineering discipline with its own
performance constraints, reliability requirements, cost dynamics and failure
modes. This book explains how production inference systems are designed,
optimized, deployed and operated. It is written for software engineers, ML
engineers, platform engineers and technical leads who need to build inference
platforms that are fast, reliable, cost-efficient and understandable. You will
learn not only what inference engineering techniques exist but why they work,
how they work internally, when to use them, what trade-offs they introduce
and how to measure their impact. The book progresses from first principles
through sophisticated production-grade systems, always grounding guidance
in quantitative reasoning, reproducible measurement and trade-off analysis
rather than marketing claims or prescriptive recipes.



Introduction: The Inference Problem

The Scale of Inference Today

Inference is where machine learning meets the real world. It is the moment a
trained model actually does something useful: recognizes a face in a photo, ap-
proves or flags a payment, recommends the next video to watch, or generates
aresponse to a user question. Training builds the model. Inference is what the
model does with its life.

The scale of modern inference is staggering and still accelerating. Hy-
perscale operators report billions of inference requests per day across their
platforms. In 2025, inference workloads already consumed approximately
9 percent of global data center capacity, compared to about 14 percent for
training. By 2030, projections suggest inference will grow to 37 percent of data
center capacity, while training falls to 13 percent. This is not a marginal shift. It
is a structural reallocation of compute demand, driven by the fact that training
is a one-time expense per model while inference costs accumulate with every
request, every user interaction, every prediction.

Consider a single high-traffic LLM API: if it serves 100,000 requests per day
with an average response length of 300 tokens and an average prompt length
of 200 tokens, it generates 50 million tokens daily. At scale, that is hundreds of
thousands of GPU hours per month, running continuously. The economics are
such that a 10 percent improvement in inference efficiency can save millions
of dollars annually at a large organization.

This scale creates unique pressures. Systems must handle bursty traffic,
unpredictable request sizes, varying user expectations and strict service level
agreements, all while operating at hardware limits where every gigabyte of
memory and every second of compute is accounted for. Inference is no longer
aresearch problem. It is a systems engineering discipline.
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Why Inference Is Hard

Inference is hard for reasons that do not apply to many other domains. The
challenges are not just about speed. They are about a collision of conflicting
requirements in a physically constrained environment.

First, inference systems must simultaneously optimize for latency, through-
put and cost. These three goals pull in different directions. Reducing latency
typically requires dedicating resources to individual requests, which lowers
overall throughput and raises cost. Maximizing throughput usually means
batching requests together, which adds wait time and increases tail latency.
Minimizing cost often involves sharing hardware and using cheaper capacity,
which reduces both latency and throughput under load. Any real system
chooses a point on a multi-dimensional trade-off curve and the right choice
depends on the workload, the business model and the user experience require-
ments.

Second, inference workloads are highly variable. Requests arrive irregularly.
Some are tiny: a single image classification or a short classification label. Some
are massive: a 100,000-token prompt for a complex reasoning task. Some
requests finish in milliseconds; others take seconds or longer. This variability
makes capacity planning and resource allocation difficult. Oversize and you
waste expensive hardware. Undersize and you violate service level agreements.

Third, modern inference is fundamentally memory-bound much of the
time, especially for large language models. During autoregressive text gen-
eration, the dominant cost is not performing calculations but loading model
weights and attention cache from memory. This makes inference perfor-
mance less sensitive to raw compute power than one might expect and more
sensitive to memory bandwidth, memory capacity and how efficiently data
moves through the system. Understanding and working with these physical
constraints is central to inference engineering.

Fourth, inference systems must be reliable and observable in ways that go
beyond traditional services. A database can fail fast and raise an error. A neural
network can fail silently, returning a plausible-looking but incorrect prediction.
Latency can degrade gradually as traffic increases, without any discrete failure
event. Monitoring inference systems requires tracking not only availability and
error rates but also tail latency distributions, model output quality, token-level
performance metrics, resource utilization and cost per request. All of these
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metrics must be correlated to understand what is happening when things go
wrong.

Finally, inference infrastructure is expensive. GPUs and specialized accel-
erators cost tens of thousands of dollars each, consume significant power,
generate heat that must be cooled and depreciate quickly. Idle hardware
is a major cost in many organizations. Engineering good utilization without
sacrificing user experience is a constant balancing act.

Inference vs Training: Fundamental Asymmetries

Training and inference are not just different phases of the same process. They
are fundamentally different computational problems with different require-
ments, different constraints and different optimization priorities.

Training is an optimization problem. It repeatedly adjusts model param-
eters to minimize a loss function over a dataset. The key characteristic of
training is that it has no strict latency requirement. A training job may take
days, weeks, or months. That is acceptable as long as it eventually converges.
Training is also typically a one-time or infrequent operation per model version.
It benefits enormously from distributed parallelism, gradient accumulation and
fault tolerance.

Inference is a serving problem. It must return a prediction for new data
quickly, reliably and at scale. The key characteristic of inference is that it is
latency-sensitive. Users, applications, or downstream systems are waiting for
results. Inference must also be continuous. It runs forever, every day, every
hour, every minute. The cost model is different: instead of a one-time compute
bill, inference generates ongoing operational expenses proportional to request
volume.

These asymmetries have practical consequences:

* Training is compute-intensive and memory-intensive in ways that are rel-
atively predictable given the batch size and model architecture. Inference
faces variable workloads where batch sizes and sequence lengths change
dynamically, making resource planning harder.

* Training can afford to use full precision and can benefit from large
batches. Inference must often use reduced precision and small or variable
batches to meet latency requirements.
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* Training benefits from gradient computation and backward passes. Infer-
ence is purely a forward pass, which eliminates some overhead but also
limits some optimization opportunities.

* Training is typically done by a small team of ML engineers. Inference is
consumed by everyone: application developers, product teams, external
users. The operational requirements for inference are correspondingly
higher.

Many of the mistakes in inference engineering come from treating inference
as simply training without the backward pass. It is not. The entire optimization
landscape shifts.

What This Book Covers (and What It Does Not)

This book is about inference engineering as a complete discipline. It covers
the full lifecycle from workload characterization to production operation,
including:

* The foundational concepts needed to reason about inference: workload
types, traffic patterns, latency and throughput, tail latency, capacity
planning and performance metrics.

» System architectures and serving patterns: monolithic and distributed
serving, online versus batch inference, request routing, load balancing
and scaling strategies.

* Hardware for inference: GPUs, CPUs, TPUs, specialized accelerators,
memory hierarchies, interconnects and how their physical properties
shape system design.

* Model serving systems and runtimes: how serving frameworks work
internally, their roles in the stack and how to evaluate and choose them.

* Concurrency, batching and scheduling: the techniques that allow in-
ference systems to achieve high throughput and utilization, including
dynamic batching, continuous batching, queueing theory and admission
control.

* Memory management: how inference uses memory, the key-value cache
in language models, paged attention and memory-efficient strategies.

* Model optimization: quantization, pruning, distillation and compression,
with detailed explanations of mechanisms, accuracy trade-offs and prac-
tical considerations.
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* Compilation and graph optimization: how compilers transform compu-
tation graphs, fuse operations, optimize memory and generate efficient
code for specific hardware.

* Kernel-level optimization: low-level techniques for maximizing hardware
performance, including memory access patterns, cache utilization and
custom kernels.

* Performance engineering methodology: a systematic process for measur-
ing, profiling, identifying bottlenecks, optimizing and validating improve-
ments.

* Distributed inference: strategies for running inference across multiple
GPUs and nodes, including tensor parallelism, pipeline parallelism and
data parallelism.

* LLM-specific inference: the unique challenges of large language mod-
els, including prefill-decode asymmetry, efficient attention mechanisms,
speculative decoding and prefix caching.

» Workload-specific considerations: how inference requirements differ
across computer vision, speech, recommendation systems, embeddings,
multimodal models and conventional ML.

* Production operations: observability, SLOs, monitoring, deployment
strategies, versioning, rollback, security and reliability engineering.

* Cost and infrastructure efficiency: modeling inference costs, optimizing
spend, capacity planning and the relationship between performance,
quality and cost.

* End-to-end system design: realistic scenarios showing how to move from
requirements to a production-ready inference system.

The book does not cover training methodology in depth. It assumes basic
familiarity with machine learning concepts such as neural networks, gradient
descent and model evaluation. It is not a tutorial on how to train models or a
comparison of model architectures. It focuses exclusively on the engineering
challenges of serving models in production.

The book is vendor-neutral in its framing. It discusses specific frameworks,
runtimes and hardware where relevant, but always with the goal of explaining
architectural concepts rather than endorsing specific products. The principles
in this book apply regardless of whether you run on NVIDIA, AMD, Intel, or
custom accelerators and regardless of which serving framework you choose.
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How to Use This Book

This book is designed to be read sequentially, as each chapter builds on
concepts introduced in earlier chapters. The first few chapters establish
the foundational vocabulary and concepts needed throughout. The middle
chapters explore specific techniques, architectures and optimization strate-
gies in depth. The final chapters bring everything together in the context of
production operations and end-to-end system design.

If you already have experience with ML inference and want to use this book
as a reference, you can skip around to the chapters most relevant to your
immediate problem. A few quick suggestions:

* If you are building an inference system from scratch, start from the
beginning and read through at least Chapter 5 to understand the full
landscape before making architecture decisions.

* Ifyou are experiencing latency or throughput problems, Chapters 5, 11 and
13 provide detailed guidance on diagnosing and resolving performance
issues.

* If you are trying to reduce inference cost, Chapters 13, 17 and 18 cover
optimization techniques and cost engineering in detail.

* If you are working with large language models specifically, Chapters 13
and 14 are essential.

* If you are responsible for production reliability, Chapters 16 and 17 cover
the operational practices you need.

Throughout the book, technical claims are grounded in evidence: peer-
reviewed papers, official documentation, engineering publications and em-
pirical measurements. Where evidence is limited or techniques are still
experimental, this is stated explicitly. The book avoids marketing language and
hype, focusing instead on mechanisms, trade-offs and practical engineering
judgment.

The book contains no exercises or quizzes. Instead, each chapter aims to
provide enough depth and context that you can apply the concepts directly
to your own systems and make informed decisions based on your specific
requirements and constraints.

The discipline of inference engineering is maturing rapidly. New tech-
niques, hardware and frameworks appear frequently. The goal of this book
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is not to catalog every current technology but to explain the underlying
principles that will remain relevant as the field evolves. If you understand those
principles, you will be equipped to evaluate new technologies critically and
integrate them into your systems when they genuinely offer improvements.



Chapter 1: Inference Workloads and
Performance Fundamentals

What Is an Inference Request: Structure, Inputs,
Outputs, Metadata

Every inference system exists to answer a question: what happens when a
request arrives? The answer depends on understanding the request itself in
engineering terms, not just in machine learning terms. An inference request
is not simply input data passed to a model. It is a unit of work with structure,

constraints and context.

At its core, an inference request contains three elements:

1. Input data: the primary payload the model consumes. This might be an

image, a text prompt, an audio stream, a feature vector, or a structured
document. The size, format and preprocessing requirements of the input
strongly affect inference behavior.

. Model parameters: the algorithmic configuration that determines how
the model processes the input. For a classifier, this might include the
target class set and probability threshold. For a language model, this
includes temperature, top-k or top-p sampling parameters, maximum
token length, repetition penalties and system prompts. These parameters
do not change the model weights but change how the model uses them.

. Metadata: contextual information about the request that the serving
system needs but the model does not consume. This includes request
identifiers, user or tenant identifiers, priority levels, trace IDs, source
service information and expected response format. Metadata is essential
for routing, load balancing, observability, billing and security, but adds
processing overhead.

The structure of an inference request determines much of what follows.

A short classification request with fixed-size inputs can be served very differ-
ently from a long-context language model request with variable-length output.
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The first might complete in microseconds with a batch of thousands processed
together. The second might take seconds per request, cannot be easily batched
with other requests and grows in cost as the output length increases.

Requests also carry implicit constraints that may not be explicitly stated in
the API. A real-time fraud detection model has a hard latency budget: if the
prediction takes longer than 50 milliseconds, the system must fall back to a
default action. A chat application has a softer but still meaningful constraint:
time to first response should be under a few seconds and token generation
should be smooth enough to feel natural. A batch image processing job may
have no per-request latency requirement but a deadline for completing a
million images overnight.

Understanding the request at this level of detail is the foundation for
everything else: architecture, capacity planning, optimization, monitoring and
incident response. You cannot design a system for workloads you have not fully
characterized.

Latency: Definitions, Components and Why Tail Latency
Matters

Latency is the most discussed and most misunderstood metric in inference
engineering. The common definition is simple: the time from when a request
arrives until the response is complete. The engineering reality is much more
complex because latency is not a single thing. It is composed of multiple
phases, each with different drivers and each phase matters differently depend-
ing on the workload.

A complete latency breakdown for an inference request typically includes:

* Network latency: the time for the request to travel from client to server
and the response to travel back. This depends on physical distance,
network topology, protocol overhead and congestion. In many systems,
this is a small component but can dominate in geographically distributed
deployments.

* Queue time: the time the request spends waiting in a queue before
computation begins. Queue time is entirely determined by system load
and scheduling policy. Under light load it is negligible; under heavy load
it can dominate all other components. Queue time is also where tail
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latency problems are most visible: as utilization approaches capacity,
queue lengths grow non-linearly and a small fraction of requests wait
much longer than the rest.

* Preprocessing time: the time to validate, parse and transform the input
into the format the model expects. This might include tokenization
for text, image resizing and normalization, audio feature extraction, or
feature engineering for tabular data. Preprocessing is often CPU-bound
and can be a bottleneck if not designed carefully, especially for large
inputs.

* Model execution time: the time the model spends computing the predic-
tion. This is the core inference cost and includes all tensor operations,
memory transfers and control flow within the model. It is typically
split further into compute time (actual arithmetic operations), memory
access time (loading weights and activations) and communication time
(in distributed systems).

* Postprocessing time: the time to format, filter and package the output for
the client. This might include decoding logits into text, applying business
logic filters, formatting JSON responses, or translating model outputs into
domain-specific results.

* Serialization and transmission time: the time to serialize the response
and send it over the network. For large outputs (such as long text
generation or high-resolution images), this can be significant.

Understanding latency composition is important because optimization ef-
forts should target the dominant component. If queue time accounts for 80
percent of end-to-end latency under peak load, then optimizing the model
kernel will not help users who are waiting in the queue. If preprocessing
dominates, then model-level optimizations are misallocated effort.

The most critical aspect of latency in production systems is not average
latency but tail latency. Tail latency refers to the high-percentile response
times: the times experienced by the slowest fraction of requests, typically
measured at p95, p99, or p99.9.

Tail latency matters for several reasons. First, users do not experience
averages. They experience individual requests. If 99 percent of requests
complete in under 200 milliseconds but the slowest 1 percent take 5 seconds,
the user experience is defined by those 5-second waits, especially because
they tend to occur at inconvenient moments. Second, in systems composed
of multiple services, tail latency compounds. If each of ten microservices in a
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request path has a p99 of 200 milliseconds, the end-to-end p99 is not 2 seconds
but potentially much worse, because the tail of each service contributes
independently. Third, tail latency is often a symptom of deeper problems:
resource contention, garbage collection pauses, cache misses, scheduling
delays, or hardware issues. Average latency can look fine while tail latency
reveals underlying instability.

In inference systems, tail latency is particularly dangerous because the
workload is variable. A request with an unusually long input, an unusually
complex generation task, or a rare edge case can take orders of magnitude
longer than a typical request. Without careful design, such requests can block
resources and degrade performance for everyone.

Throughput and Utilization: The Tradeoff Landscape

Throughput and utilization are two sides of the same coin. Throughput is the
rate at which the system completes requests: requests per second, tokens
per second, or images per second, depending on the workload. Utilization
is the fraction of available capacity that is actively doing useful work: the
percentage of time GPUs are computing, CPUs are processing, or network links
are transmitting,.

The relationship between throughput and utilization is governed by basic
queuing principles. At low utilization, throughput scales roughly linearly:
double the traffic, double the throughput, with minimal impact on latency.
At high utilization, the system enters saturation: throughput grows more
slowly than traffic and latency increases dramatically. The exact shape of this
curve depends on the system architecture, scheduling policy and workload
characteristics, but the fundamental behavior is universal.

There is no such thing as free throughput. Every gain in throughput
requires either more resources or longer latency (or both). This is the latency-
throughput trade-off that dominates inference engineering. The trade-off
is not a dial to tune. It is a constraint curve defined by the physics of the
system. You cannot have both minimal latency and maximum throughput
simultaneously.

Batching is the primary mechanism for moving along this curve. By group-
ing multiple requests into a single computation, batching increases the fraction
of time the hardware spends doing useful compute rather than idle overhead,



Chapter 1: Inference Workloads and Performance Fundamentals 13

thereby increasing both throughput and utilization at the cost of adding
wait time for requests that must wait for a batch to form. Static batching
uses fixed batch sizes and waits until the batch is full or a timeout expires.
Dynamic batching adjusts batch sizes based on current conditions. Continuous
batching, used in advanced LLM serving systems, adds and removes requests
from batches on a per-step basis, achieving high utilization without requiring
all requests to have the same duration.

The choice of where to operate on the latency-throughput curve is a
business decision as much as an engineering decision. A real-time fraud
detection system must prioritize low latency and accept lower utilization and
higher cost. A batch recommendation generation job can prioritize throughput
and utilization and tolerate longer completion times. A chat API must balance
both: low enough latency to feel responsive, high enough throughput to handle
many concurrent users.

Request Arrival Patterns: Poisson, Bursts, Seasonality
and Shock Load

Inference systems do not face uniform, predictable traffic. Request arrival
patterns are one of the defining characteristics of real-world workloads and
they have enormous implications for system design, capacity planning and
reliability.

Four categories of arrival patterns are most relevant:

Poisson arrivals represent the simplest case: requests arrive independently
at a constant average rate. This is a reasonable approximation for many back-
ground workloads but rarely holds exactly in production. Poisson arrivals are
analytically tractable and form the basis for standard queuing models (M/M/c,
M/G/c). If your workload approximates Poisson, you can use well-known
formulas to estimate queue lengths, waiting times and required capacity.

Bursty arrivals are far more common. Traffic comes in surges separated
by quieter periods. This happens because user behavior is not uniform. People
interact with systems at particular times: when a product launches, when a
marketing campaign goes live, when a breaking event occurs, when a batch job
triggers a cascade of requests. Bursts challenge systems because capacity is
typically sized for average or even p95 load, not for peak load. When a burst
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arrives, queues build rapidly, latency spikes and the system may fail entirely if
protection mechanisms are inadequate.

Seasonal patterns operate on predictable cycles: daily, weekly, monthly.
E-commerce traffic peaks during holidays. Gaming traffic peaks during week-
ends. Professional services see daytime peaks in business hours. Seasonality
is manageable through planning: you can provision extra capacity ahead of
known peaks, use scheduled autoscaling, or shift non-urgent workloads to off-
peak hours. The challenge is accurately predicting the magnitude of seasonal
changes, which can shift due to external factors.

Shock loads are sudden, large-scale increases in traffic that are neither
predicted nor planned for. A viral social media post, a news event, a system
failure causing retries, or a denial-of-service attack can generate shock loads
that exceed designed capacity by orders of magnitude. Systems cannot be
sized for arbitrary shocks without enormous waste, so they must handle
them gracefully through mechanisms like load shedding, rate limiting, circuit
breakers and degradation modes. A well-designed system does not try to
survive a shock load unchanged. It protects itself and degrades in a controlled
manner.

Understanding your arrival pattern is essential for capacity planning and
architectural choices. A system that receives steady Poisson-like traffic can
operate at high utilization with minimal headroom. A system subject to
frequent bursts must maintain lower baseline utilization to absorb peaks. A
system vulnerable to shock loads must implement robust protection mecha-
nisms and define clear degradation policies.

The Latency-Throughput-Cost Triangle

Every inference system faces a triangle of competing objectives: latency,
throughput and cost. You can optimize for two of these at the expense of the
third, but not all three simultaneously. This is a fundamental constraint, not a
temporary limitation.

Consider the three edges of the triangle:

* Low latency and high throughput requires massive hardware overpro-
visioning. Every request gets dedicated resources, batching is minimal,
queue times are negligible and the system never nears saturation. This
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is extremely expensive and only feasible for the most latency-critical,
highest-value workloads.

* Low latency and low cost requires sacrificing throughput. The system
has limited resources. When traffic exceeds capacity, requests must
be rejected or queued for longer than acceptable, reducing effective
throughput. This is the model for niche, high-margin services that accept
limited scale.

* High throughput and low cost requires sacrificing latency. The sys-
tem maximizes resource utilization through aggressive batching, shared
infrastructure and efficient scheduling. Queue times are longer and
tail latency is higher. This is the model for batch processing, nearline
analytics and workloads where latency is not a primary concern.

The practical art of inference engineering is positioning a system at the right
point on this triangle for its specific requirements, then continuously adjusting
that position as requirements and workloads evolve. There is no universally
correct position. A fraud detection model should be on the low-latency edge.
A nightly batch embedding generation job should be on the low-cost edge. A
consumer-facing chat API should be somewhere in the middle, biased toward
latency but with significant throughput requirements.

A common mistake is to try to optimize for all three objectives simultane-
ously without explicit trade-offs. This results in systems that are expensive,
complex and mediocre at everything. Explicitly stating which objectives take
priority simplifies design decisions and leads to better systems.

Performance Metrics That Matter: p50, p95, p99, TTFT,
ITL, QPS, Tokens/sec

A production inference system must be measured and it must be measured with
the right metrics. Different workloads require different metrics, but several
core measures are universally important.

Latency percentiles (p50, p95, p99) are the most fundamental metrics. The
p50 (median) represents the typical request experience. The p95 represents
the experience of the slowest 5 percent of requests. The p99 represents the
slowest 1 percent. These percentiles reveal the distribution of response times
and expose problems that averages hide. A system with p50 of 100ms and p99
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of 2 seconds has a different problem than a system with p50 of 100ms and p99
of 300ms. The first has occasional catastrophic delays; the second is uniformly
responsive.

For LLM inference specifically, latency decomposes into more detailed
metrics:

* Time to first token (TTFT): the time from request submission until the
first output token is returned. This is the latency users perceive as
thinking time. TTFT is dominated by the prefill phase (processing the
input prompt), queue time and network latency. It is the most important
metric for user-perceived responsiveness.

* Inter-token latency (ITL): the time between consecutive output tokens
during generation. This determines how smoothly the output appears.
ITL is dominated by the decode phase and memory bandwidth. Consis-
tent ITL creates a natural streaming feel; variable ITL creates stuttering.

* Time per output token (TPOT): the average time to generate one token,
computed as total generation time divided by number of tokens. TPOT
and ITL are related but distinct: TPOT is a per-request average, while ITL
measures individual intervals.

* End-to-end latency: the total time from request submission to complete
response. This is TTFT plus the time to generate all remaining tokens.

Throughput metrics measure system capacity:

* Requests per second (RPS or QPS): the number of requests completed
per second. This is the standard metric for most workloads.

* Tokens per second (TPS): the total number of output tokens generated
per second across all requests. For LLMs, this is often more informative
than RPS because requests have variable output lengths.

» System TPS vs user TPS: system TPS measures total capacity, while user
TPS (tokens per second per user) measures individual responsiveness. As
concurrency increases, system TPS typically rises while user TPS falls,
because resources are shared.

Utilization metrics reveal how efficiently resources are used:

* GPU/CPU utilization: the fraction of time accelerators or processors
spend on useful compute. High utilization is generally good for cost but
can indicate the system is near saturation.
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* Memory utilization: the fraction of available memory in use. Critical for
large models where memory capacity limits batch size and concurrency.

* Network utilization: the fraction of network bandwidth consumed. Im-
portant in distributed systems where inter-node communication can be
a bottleneck.

Quality metrics ensure the system is correct:

* Error rate: the fraction of requests that fail. Includes timeouts, internal
errors and rejected requests.

* Goodput: the fraction of requests that meet defined quality criteria, such
as latency thresholds or accuracy requirements. Goodput is often more
meaningful than raw throughput because it accounts for requests that
completed but performed poorly.

Cost metrics track economic efficiency:

* Cost per request: infrastructure cost divided by number of requests.

* Cost per token: for LLMs, cost divided by tokens generated.

* Cost per unit of business value: the most meaningful cost metric, but
also the hardest to define. Examples include cost per classified document,
cost per recommended item, or cost per completed conversation.

No single metric tells the whole story. A system optimized for one metric
can degrade others. The best monitoring systems track multiple metrics and
correlate them to understand system behavior holistically.

Capacity Planning Fundamentals: From Workload to
Resource Estimates

Capacity planning is the process of determining how much hardware and
infrastructure is needed to handle expected traffic while meeting performance
requirements. Good capacity planning is quantitative, evidence-based and
iterative. It does not start with guesses. It starts with measurements.

The basic capacity planning workflow is:
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1. Characterize the workload: measure the expected request rate, input
size distribution, output size distribution and latency requirements. If
you are building a new system, use historical data from similar workloads,
load tests, or prototypes. Never rely solely on anecdotal estimates.

2. Measure per-request cost: run a controlled experiment with the model
onrepresentative hardware to determine how long a typical request takes,
how much memory it uses and how much compute it consumes. Repeat
for edge cases: the largest requests, the smallest requests and the median
request.

3. Calculate baseline capacity: divide expected request volume by per-
request cost. For example, if you expect 1,000 requests per second and
each request takes 100 milliseconds of GPU time on average, you need 100
GPU-seconds per second, or 100 fully utilized GPUs.

4. Account for utilization targets: systems cannot operate at 100 percent
utilization without unacceptable latency. A typical target utilization for
latency-sensitive systems is 50 to 70 percent. Adjust capacity accordingly.
If baseline is 100 GPUs at 100 percent utilization and you target 60 percent
utilization, you need approximately 167 GPUs.

5. Add headroom for variability: account for traffic spikes, burst patterns
and growth. A common practice is to add 20 to 50 percent headroom
depending on workload volatility and tolerance for overload.

6. Validate with load testing: deploy the system and run controlled load
tests that simulate expected traffic patterns. Measure actual latency,
throughput and utilization. Compare with estimates and adjust capacity.

7. Iterate: capacity planning is not a one-time activity. As workloads change,
as models change and as optimization efforts improve efficiency, capacity
requirements change. Re-evaluate regularly.

A more sophisticated capacity planning approach uses queuing theory to
model the relationship between arrival rate, service time, number of servers
and expected latency. For a system with Poisson arrivals and exponentially
distributed service times (M/M/c queue), the expected waiting time in the
queue is:

Wq = (tho™c / (c * (c - rho))) * (1 / mu)

where c is the number of servers, lambda is the arrival rate, mu is the service
rate per server and rho = lambda / (c * mu) is the utilization. This formula
shows that as utilization approaches 1, waiting time grows non-linearly. It also
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shows that adding servers reduces waiting time dramatically when the system
is heavily loaded.

Queuing models are approximations and real workloads rarely follow their
assumptions perfectly. Nevertheless, they provide valuable intuition: the cost
of operating near capacity is disproportionately high in terms of latency. This
is why systems must maintain headroom and why capacity planning must
account for variability, not just averages.

Good capacity planning is also specific to the workload type. An LLM
serving system must plan for variable-length outputs and the memory costs
of key-value caches. A computer vision system must plan for image sizes and
batch sizes. Arecommendation system must plan for feature fetches and model
cascades. The core principles are the same, but the details differ.



Chapter 2: Model Serving
Architectures and Patterns

The Serving Stack: API, Runtime, Model, Hardware

Every inference system is built in layers. Understanding the serving stack
clarifies responsibilities, failure boundaries and optimization opportunities. At
a minimum, there are four layers: the API layer, the runtime layer, the model
layer and the hardware layer.

The API layer is the interface through which clients interact with the infer-
ence system. It handles HTTP or gRPC requests, authentication, authorization,
request validation, rate limiting, response formatting and error handling. The
APIlayer is responsible for translating between client expectations and internal
representations. It is often implemented as a lightweight web service that
delegates inference to the runtime layer. The API layer is where you imple-
ment idempotency, retries, timeouts and protocol-specific behaviors such as
streaming responses.

The runtime layer is where inference actually happens. It loads the model
into memory, manages the computation graph, performs batching, handles
concurrency and executes the model on the underlying hardware. The runtime
layer is responsible for performance optimization, memory management and
hardware utilization. Frameworks such as NVIDIA Triton Inference Server,
vLLM, TensorRT-LLM, ONNX Runtime and custom serving implementations
all provide runtime capabilities. The runtime layer is where most inference
engineering work occurs, because it is where architectural decisions about
batching, memory and scheduling directly impact performance.

The model layer is the machine learning artifact itself: the weights, archi-
tecture definition, preprocessing configuration and postprocessing logic. The
model is trained by data scientists and ML engineers, then consumed by the
serving system. A well-engineered serving system treats models as deployable
artifacts with versioning, metadata and lifecycle management. The model layer
is typically decoupled from the API and runtime layers: the same model can be
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served by different runtimes and different models can be served by the same
runtime.

The hardware layer provides the physical compute, memory, storage and
networking resources on which inference executes. This includes GPUs,
CPUs, TPUs, specialized accelerators, NVMe storage, network interfaces and
interconnects. The hardware layer constrains everything above it: memory
capacity limits model size and batch size, memory bandwidth limits decode
speed, compute capacity limits throughput and network bandwidth limits
distributed system efficiency. Good architecture design works with hardware
constraints, not against them.

These layers are not rigid. In simple deployments, a single Python process
might serve as API, runtime and model host simultaneously. In complex
deployments, each layer is distributed across many processes and machines,
with dedicated services for load balancing, model management, monitoring
and configuration. The degree of separation between layers determines the
system’s complexity, flexibility and operational overhead.

Monolithic Serving vs Microservice Serving

One of the first architectural decisions when building an inference system is
whether to deploy it as a monolith or as a collection of microservices.

A monolithic serving architecture packages the API, runtime, model loading
and supporting logic into a single deployable unit. When a client makes a
request, it goes to one service that handles everything. This approach is
simple, fast and easy to reason about. There is no inter-service communication
overhead. Deployment is straightforward: update the monolith, redeploy,
done. Monitoring is centralized. Debugging is easier because all the code is
in one place.

A microservice serving architecture decomposes the system into multiple
specialized services. The API gateway handles protocol, authentication and
routing. Separate services handle different models or model families. Prepro-
cessing might be its own service. Postprocessing, caching and logging might
be independent services. Each service can be deployed, scaled and updated
independently.

The choice between monolith and microservices is not about which is better
in principle. It is about which fits your requirements.
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Monolithic serving is appropriate when:

* You are serving a single model or a tightly coupled set of models.

* Latency is critical and inter-service communication overhead matters.

* You have a small or medium-scale deployment where operational com-
plexity is a concern.

* The model and its serving requirements are stable and not changing
rapidly.

Microservice serving is appropriate when:

* You are serving many independent models with different scaling, update
and latency requirements.

* Different teams own different models and need independent deployment
control.

* Some components need to scale independently: for example, a pre-
processing service handling image transformations might need different
capacity than a classification model.

* You require fine-grained fault isolation: a failure in one model should not
bring down all models.

* You need language or framework diversity: different models may be best
served by different runtimes.

The cost of microservice architecture is complexity. Every added ser-
vice introduces network latency, potential failures, deployment coordination,
monitoring overhead and debugging challenges. For small-scale inference
workloads, microservices often add more problems than they solve. For large,
heterogeneous model portfolios, they provide necessary flexibility.

A pragmatic middle ground is the modular monolith: a single deployable
unit with clear internal boundaries and interfaces, designed so that compo-
nents can be extracted into separate services later if needed. This approach
avoids premature distributed complexity while preserving the option to evolve.

Online, Nearline and Batch Serving: When to Use Each

Inference workloads fall into three broad latency categories: online, nearline
and batch. Each category has different architectural requirements, optimiza-
tion priorities and cost characteristics.
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Online serving handles requests that must be answered immediately, typ-
ically within milliseconds to a few seconds. The client is waiting. Examples
include fraud detection during payment processing, real-time search ranking,
conversational Al chat and live recommendation personalization. Online serv-
ing systems must prioritize low latency and high availability. They run on fast
hardware (often GPUs or specialized accelerators), use minimal batching and
are sized to handle peak load. Cost per request is high because capacity must
be reserved for burst traffic even when utilization is low.

Nearline serving handles requests that must be answered relatively quickly
but can tolerate some delay, typically from a few seconds to a few minutes. Ex-
amples include email spam classification after delivery, document processing
after upload and recommendation pre-computation triggered by user activity.
Nearline serving systems can use more aggressive batching, share resources
with other workloads and tolerate occasional delays. Cost per request is lower
than online serving because systems can operate at higher utilization and use
cheaper hardware.

Batch serving processes large volumes of data at scheduled times with
no strict per-request latency requirement. Examples include nightly scoring
of millions of customer profiles, embedding generation for a search index,
offline model evaluation and data labeling for training. Batch serving systems
prioritize throughput and cost efficiency over latency. They can use maximum
batch sizes, schedule around other workloads and run on spot or reserved
capacity. Cost per request is the lowest of the three categories.

These categories are not mutually exclusive. A single system might support
multiple modes: an online endpoint for real-time predictions with a batch job
that pre-computes results for the most common inputs. A recommendation
system might have an online ranking model that scores items in milliseconds,
backed by a nearline retrieval model and a batch embedding generator.

The key insight is that mixing modes without proper isolation is dangerous.
A batch job that exhausts GPU memory can starve online requests. An online
traffic spike can delay batch processing. Systems that support multiple modes
should isolate resources, implement priority scheduling and define clear poli-
cies for what happens when capacity is contended.
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Stateful vs Stateless Serving Design

Most machine learning models are mathematically stateless: given the same in-
put, they produce the same output. However, serving systems often introduce
state, either explicitly or implicitly. Understanding the distinction between
stateful and stateless serving is essential for designing systems that scale and
recover from failures correctly.

Stateless serving means each request is processed independently, using
only the information contained in the request itself. The system holds no
memory of previous requests beyond the loaded model weights. Stateless
serving is simpler to design, easier to scale and more resilient to failures. Any
replica can handle any request. If a replica fails, another takes over without
dataloss. Stateless systems are the default choice for classification, regression,
computer vision and most conventional inference workloads.

Stateful serving means the system maintains information across requests.
This is necessary for certain workloads. Autoregressive language models, for
example, maintain a key-value cache of previous tokens during generation,
which is state relative to a single request but is cleared when the request
completes. Multi-turn conversational systems may need to store conversation
history across requests. Session-based recommendation systems track user
interactions over time. Recurrent neural networks used for sequence process-
ing carry hidden state from one timestep to the next.

State introduces complexity. Stateful systems must handle consistency: if
a request is rerouted to a different replica, the state must be available. They
must handle failure: if a replica holding state crashes, that state must be
recoverable or the request must be retried from a known checkpoint. They
must handle scalability: state grows with usage and eventually must be evicted
or partitioned.

The general principle is to minimize state wherever possible. When state is
unavoidable, design it explicitly with clear semantics: which requests share
state, how long state persists, what happens on eviction and how state is
recovered after failure. Stateless architectures are easier to operate. Stateful
architectures are harder but sometimes necessary.
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Request Routing and Load Balancing Strategies

When an inference system runs multiple replicas, requests must be distributed
among them. This is the job of request routing and load balancing. The strategy
used directly affects latency, throughput, fairness and resource utilization.

Simple load balancing strategies include:

* Round-robin: requests are distributed cyclically across replicas. Simple
and fair, but does not account for replica load or request cost. Works well
when all replicas are similar and all requests have similar cost.

* Random: each request is sent to a randomly selected replica. Similar to
round-robin in behavior, with slightly different variance characteristics.
Useful when simplicity is prioritized.

* Least connections: the requestis sent to the replica with the fewest active
connections. More adaptive than round-robin because it accounts for
current load. Works well when requests have variable duration.

* Weighted round-robin: replicas are assigned weights proportional to
their capacity and requests are distributed accordingly. Useful when
replicas have different hardware or configurations.

Advanced strategies are designed for the specific characteristics of infer-
ence workloads:

* Latency-based routing: the request is sent to the replica with the lowest
recent latency. This can improve overall latency but may cause instability
if all replicas converge on the same target and then overload.

* Request-aware routing: the load balancer considers request character-
istics (input size, expected output size, priority) and routes accordingly.
For example, long prompts might be routed to less loaded replicas to
avoid blocking. This requires the load balancer to understand workload
semantics.

» Affinity-based routing: related requests are routed to the same replica.
This is useful when the replica caches expensive computation (such as a
KV cache for shared prompt prefixes), because it increases cache hit rates.
However, it can create load imbalance.

Load balancing is not purely a networking problem. In inference systems,
the load balancer must be integrated with the serving system’s scheduling and
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resource management. A load balancer that distributes requests evenly across
replicas is ineffective if one replica is running a memory-intensive model and
another is running a small model. Effective load balancing requires visibility
into replica state, not just connection counts.

For large-scale distributed inference, load balancing operates at multiple
levels: between nodes, between GPUs within a node and within a serving
process between different models or model instances. Each level may use
different strategies optimized for its context.

Scaling Dimensions: Replication, Sharding, Partitioning

Inference systems scale in three primary dimensions: replication, sharding and
partitioning. Each dimension addresses different constraints and introduces
different trade-offs.

Replication is the simplest scaling strategy: run multiple identical copies
of the model, each capable of serving any request. Replication increases
throughput and improves availability. If one replica fails, others continue
serving. Replication is also the basis for load balancing. The limitation of
replication is that each replica requires its own copy of the model in memory,
which can be expensive for large models. A 70-billion-parameter model in
FP16 precision requires about 140 GB of memory. If you need ten replicas
for throughput, you need 1.4 TB of GPU memory, spread across many GPUs.
Replication is most effective when the model fits on a single device and you
need more capacity.

Sharding splits the workload across replicas, with each replica handling a
subset of requests based on some key. For example, a recommendation system
might shard by user ID: users with IDs 0 to 999 are handled by replica 1, users
with IDs 1000 to 1999 by replica 2 and so on. Sharding allows the system to scale
beyond the capacity of a single replica without requiring every replica to hold a
full copy of all data. However, sharding introduces complexity: requests must
be routed correctly and re-balancing the shard distribution when replicas are
added or removed requires data migration. Sharding is common in retrieval-
based systems where each replica holds a subset of the index or data.

Partitioning splits the model itself across multiple devices or replicas. This
is necessary when a single model is too large to fit on one device. There are
several forms of model partitioning:
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* Tensor parallelism partitions individual operations (such as matrix mul-
tiplications) across devices, with devices communicating during compu-
tation. Each device holds a slice of the model weights.

* Pipeline parallelism partitions layers of the model across devices, with
each device processing its layers in sequence and passing activations
forward. Each device holds a subset of the layers.

* Data parallelism with model sharding (sometimes called ZeRO or FSDP
for training, with analogous inference variants) partitions model parame-
ters across devices and redistributes them as needed during computation.

Model partitioning is powerful but complex. It adds communication over-
head, requires careful load balancing across devices and introduces failure
modes that do not exist in replicated systems. If one device in a partitioned
model fails, the entire request must be retried or the model instance must be
restarted. Partitioning is necessary for very large models but should not be
used when replication would suffice, because replication is simpler and more
resilient.

Choosing the right scaling dimension depends on the model size, the
hardware and the traffic requirements. For small models with high traffic,
replication is usually best. For large models with moderate traffic, partitioning
may be necessary. For systems with massive data (such as search or rec-
ommendation), sharding is often essential. Many production systems use a
combination: partitioning within a replica group, replication across groups and
sharding across the overall system.

API Design for Inference: Synchronous, Asynchronous,
Streaming, WebSockets

The API is the contract between the inference system and its clients. How
the API is designed affects usability, performance, resource usage and client
architecture.

Synchronous (blocking) APIs are the simplest: the client sends a request
and waits for the response. The connection remains open until the response
is complete. This is the standard pattern for most web APIs and works well
for short-lived requests with predictable response times. The disadvantage
is that the client blocks and if the request takes longer than expected, the
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client must either wait indefinitely or implement its own timeout logic. For
inference, synchronous APIs are appropriate for workloads where requests
complete quickly and reliably.

Asynchronous (non-blocking) APIs decouple request submission from re-
sponse retrieval. The client sends a request and receives an immediate
acknowledgment with a request ID. The client then polls an endpoint or waits
for a callback to retrieve the result. Asynchronous APIs are essential for long-
running inference tasks where blocking would be impractical: large batch jobs,
complex reasoning tasks, or video processing. They allow clients to continue
other work while waiting. The trade-off is added complexity: clients must
manage request IDs, implement polling or callback handlers and deal with
eventual consistency between request submission and result availability.

Streaming APIs send the response incrementally as it becomes available
rather than all at once. This is particularly important for LLM inference,
where output is generated token by token. With streaming, the client begins
receiving tokens as soon as the first token is generated, creating a responsive
user experience even if the full response takes several seconds to complete.
Streaming reduces perceived latency dramatically: users see output appear-
ing in real-time rather than waiting for the entire response. Implementing
streaming requires server-sent events (SSE), HTTP chunked transfer encoding,
or WebSocket connections. The complexity is on both server and client: the
server must support streaming and the client must handle partial responses
and stream termination correctly.

WebSocket connections provide bidirectional, persistent communication
between client and server. Unlike HTTP, which is request-response oriented,
WebSockets maintain an open connection that can carry messages in both
directions at any time. WebSockets are useful for interactive inference ap-
plications: real-time chat, collaborative editing, or continuous audio process-
ing. They reduce connection overhead for frequent exchanges and enable
the server to push updates to the client proactively. The trade-off is that
WebSockets are harder to scale and manage than HTTP because they maintain
stateful connections that must be tracked, load-balanced and recovered.

The choice of API pattern is not purely technical. It depends on user
expectations, client capabilities and operational constraints. A consumer chat
application almost certainly needs streaming. A backend fraud detection
system probably uses synchronous calls. Abatch data processing pipeline likely
uses asynchronous APIs. Good API design exposes the right patterns for the
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primary use cases without overcomplicating the interface for simpler cases.
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