
MACHINE LEARNING FLEET EFFICIENCY:
IMPROVING TPU SYSTEMS AT SCALE WITH ML PRODUCTIVITY GOODPUT

Arissa Wongpanich 1 Tayo Oguntebi 2 * Jose Baiocchi Paredes 1 Yu Emma Wang 1

Phitchaya Mangpo Phothilimthana 3 * Ritwika Mitra 1 Zongwei Zhou 4 * Naveen Kumar 1

Vijay Janapa Reddi 5 *

ABSTRACT
Machine learning (ML) infrastructures operating at warehouse scale present unique performance characterization
challenges beyond traditional high-performance computing metrics. This paper introduces a systematic framework
for analyzing ML fleet efficiency, demonstrated on Google’s production TPU infrastructure comprising thousands
of accelerators running diverse workloads. Our fleet-wide analysis reveals performance dependencies spanning
the entire ML system stack, from hardware to model architecture, data pipelines, frameworks, compilers, and
schedulers. We identify critical gaps in conventional utilization-based performance metrics and propose ”ML
Productivity Goodput” (MPG) to capture fleet-wide efficiency across heterogeneous ML environments. MPG
decomposes efficiency into scheduling, runtime, and program components, enabling precise identification of
bottlenecks at specific system layers. Applied to Google’s production TPU workloads, our segmented analysis
identified optimization opportunities across the stack: scheduling goodput exceeding 95% for all job sizes
through careful preemption tuning, runtime improvements via framework modernization and asynchronous
checkpointing, and program-level gains through compiler optimizations like communication-computation overlap.
This establishes MPG as a practical methodology for managing large-scale ML computing infrastructure.

1 INTRODUCTION

As machine learning (ML) models become larger and more
complex, production systems must deploy highly parallel
training and low-latency inference (Pope et al., 2023) appli-
cations at unprecedented scale. Much like how the boom
of internet-scale services prompted the development of the
warehouse-scale computer (WSC) (Barroso & Hölzle, 2009;
Kanev et al., 2015), the current explosion of foundation
ML models is now ushering in the era of the ML fleet.
ML fleets, referred to as “AI hypercomputers” (Vahdat &
Lohmeyer, 2023), are a new paradigm in computer systems,
where domain-specific accelerators (DSAs) work in tandem
with a modular ML system stack to achieve significant per-
formance and energy efficiency improvements. They are
characterized by their massive scale and ML-centric work-
loads, often requiring more compute power, more storage,
and more complex networking than traditional WSCs.

Despite the rapid development of these ML fleets, the chal-
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Figure 1. Five-year historical ML fleet breakdown by accelerator
type. The rapid proliferation of domain-specific accelerators in
response to ML-based workloads has presented novel challenges
in optimizing ML fleets. Managing these domain-specific acceler-
ators means effectively handling hardware and workload hetero-
geneity, as well as hardware-software co-design at scale.

lenges associated with building and operating them at scale
remain significant and poorly understood in the literature.
To that end, this paper addresses these challenges by present-
ing a playbook for instrumenting and optimizing large-scale
ML fleets, using Google’s production Tensor Processing
Unit (TPU) infrastructure for internal workloads as our case
study. In contrast to previous Google TPU papers, which
have predominantly focused on hardware architecture de-
sign and chip-level performance evaluations (Jouppi et al.,
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Figure 2. ML Productivity Goodput (MPG) and its components.

2023; 2021; 2017), our work provides the first in-depth per-
spective on the software stack that enables these DSAs to
operate efficiently at scale. Although our study centers on
Google’s ML fleet, which is primarily composed of TPUs
(Figure 1), the insights and methodologies we present are
broadly applicable to ML fleets consisting of other DSAs.

A critical gap motivates our work: no systematic frame-
work exists for measuring and improving efficiency across
the entire ML fleet stack. As organizations scale to thou-
sands of accelerators running heterogeneous workloads, this
gap becomes acute. Optimizations that improve individ-
ual jobs may inadvertently degrade fleet-wide efficiency,
yet traditional datacenter metrics that have been designed
for typical general-purpose computing cannot capture this
tension. These metrics fail to account for the unique char-
acteristics of ML workloads: bulk-synchronous execution
requirements, tight hardware-software coupling, and rapid
co-evolution of models and infrastructure.

The contributions of this paper are as follows. First, we pro-
vide a methodology to dissect the ML fleet by segmenting it
along the layers of a system stack, from the low-level hard-
ware layer to the user-facing application layer. This analysis
reveals three major challenges for ML fleet optimization:
hardware heterogeneity, workload heterogeneity, and hard-
ware/software co-design. Traditional optimization strategies
often rely on stable hardware and workload characteristics,
which do not apply to ML fleets. Architecture-centric met-
rics, such as TOPs/Watt or peak FLOPS, also fall short in
capturing the complexity and efficiency of an ML fleet.

Our second contribution addresses these issues. To view the
fleet holistically and capture its performance across multi-
ple layers of the ML system stack, we introduce the “ML
Productivity Goodput” (MPG) metric. Unlike traditional
metrics that equate “busy” with “productive,” MPG mea-
sures actual forward progress by encompassing scheduling
efficiency, runtime efficiency, and compiler / program effi-
ciency. MPG is analogous to the “iron law” of computer
performance (Eeckhout, 2010), but adapted for ML fleets

Figure 3. The ML fleet system stack and optimization lifecycle.

as shown in Figure 2. The MPG metric identifies areas for
improvement across the entire ML fleet by breaking down
performance across different segments, such as accelerator
type, model architecture, and workload phase (e.g., training
vs. serving). Decomposing MPG into its subcomponents –
Scheduling Goodput (SG), Runtime Goodput (RG), and Pro-
gram Goodput (PG) – further helps us uncover optimization
opportunities that remain hidden in aggregate metrics.

Finally, we share our experience leveraging the MPG metric
in a real fleet of TPUs and discuss strategies that we de-
ployed to improve fleet efficiency. MPG helps us identify
compiler optimizations to generate more efficient code for
specific hardware configurations, improve scheduling algo-
rithms to better utilize heterogeneous resources within the
fleet, and more. Even after optimizations are implemented
in the fleet, the MPG metric can be used to validate and
track fleet-wide improvements.

Beyond our deployment on Google’s TPU infrastructure,
MPG provides a vendor agnostic methodology for operators
of any heterogeneous ML infrastructure to quantify pro-
ductive forward progress rather than raw utilization. The
metric’s decomposable structure exposes inefficiencies that
traditional datacenter metrics obscure, enabling targeted tun-
ing across hardware, runtime, and workload design. We
believe that by reframing efficiency around goodput rather
than occupancy, this work offers the community a shared
vocabulary and measurement framework for evaluating the
real-world performance of large scale ML systems.

2 ANATOMY OF AN ML FLEET

In order to measure the performance of the ML fleet and
identify opportunities for improvement, we must study its
characteristics across all levels of the system stack. In this
section, we dissect Google’s ML fleet and analyze its compo-
nents from the hardware to the application level, as shown
in Figure 3. Segmenting the fleet based on these layers
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Figure 4. A sample breakdown of Google’s ML fleet for internal
workloads, segmenting on workload topology size (the number of
accelerators requested by a given job). Progressive snapshots over
the course of one year illustrate the ML fleet’s growing share of
jobs using an “extra-large” number of accelerators.

provides actionable metrics which can be used to improve
performance, later discussed in Section 3 and Section 4.

2.1 Accelerators

ML fleets are distinguished from other types of large-scale
systems by their accelerator-centric architecture. In order
to tailor to the matrix-intensive operations that underpin
ML workloads, there has been a Cambrian explosion of ML
hardware accelerators (Hennessy & Patterson, 2019), with
new accelerators being deployed at an unprecedented rate
compared to traditional WSC fleets (Jouppi et al., 2021).

Figure 1 illustrates this dynamism, showing dramatic shifts
in our ML fleet’s hardware makeup for internal workloads
over just a few years. ML fleets typically incorporate a
diverse array of hardware including CPUs, GPUs, TPUs,
and other accelerators, each fulfilling specific roles. For
example, CPUs may be responsible for scheduling, GPUs
for training tasks, and edge accelerators for deployment and
serving. The challenge lies in orchestrating these heteroge-
neous accelerators to maximize their individual strengths.

Hardware heterogeneity extends beyond just accelerator
type. Even within a single class of hardware accelerators,
there can be many different generations, adding another
layer of complexity to fleet management. Each hardware
generation introduces unique features that require significant
optimizations to extract peak ML workload efficiency.

One notable example is the integration of the SparseCore
(SC) in TPUv4 (Jouppi et al., 2023), which was designed to
significantly boost performance for embedding-heavy mod-
els. Subsequent large-embedding model teams would likely
need to consider the hardware specifications of the SparseC-

Figure 5. An ML workload requires all requested TPUs to be allo-
cated before the task can start. In this example training workload,
forward progress is saved via checkpoints. Delays during workload
initialization and checkpoint writing, which are part of the Run-
time and Framework layers, can reduce overall system efficiency.

ore when designing their embedding configurations. Model
design configurations such as embedding dimension, vocab-
ulary size, valence, and others might also be co-designed to
optimize performance on SparseCore-enabled TPUs.

The SparseCore example demonstrates how hardware-
software co-design is becoming increasingly important in
improving the efficiency of these diverse accelerators, form-
ing a symbiotic relationship where the computational needs
of future workloads affect the next generation of hardware,
and the hardware capabilities inform the types of workloads
that the ML fleet is best equipped to handle (Shi et al., 2020).

2.2 Scheduler

The scheduler directly manages the hardware in a fleet by
coordinating the allocation of resources. For the case study
presented in this paper, it coordinates TPU allocations for
Google’s internal-facing ML workloads. There are two in-
terconnected challenges that a scheduler must address when
allocating hardware for an ML fleet: (1) optimizing per-
formance across various hardware types, and (2) balancing
utilization with stability and fault tolerance.

Figure 4 illustrates the first challenge. It shows the allo-
cation of workloads in Google’s internal-facing ML fleet
with different chip requirements over time, categorized into
sizes based on the total number of TPU chips in the required
topology. In this categorization, workloads with size “small”
refer to jobs that request a single TPU or a handful of TPUs,
while workloads with size “extra-large” refer to jobs that re-
quest the largest number of TPUs (often requiring multiple
pods, as described in Kumar et al. (2021)).

As Figure 4 shows, the allocation of TPUs can shift dramat-
ically over the course of just one year. As large-scale ML
models become more prevalent in an ML fleet, an increasing
number of workloads will require correspondingly larger
meshes of connected accelerators. The ML fleet scheduler
must be able to respond to these rapidly changing conditions



Machine Learning Fleet Efficiency

Figure 6. Fleet workloads using the Pathways runtime over a sam-
ple of one year. Pathways adoption has increased rapidly to ac-
commodate changing workloads, as it provides better support for
distributed execution and data processing.

to keep the ML fleet well allocated.

Optimizing job scheduling while meeting these resource
requirements can be framed as a bin-packing problem. Each
workload may specify a different accelerator type, chip
topology, and location requirement, and needs to be sched-
uled according to fleet constraints in a way that reduces
overall fragmentation of the fleet. Since workloads are con-
stantly being started and completed, the machine availability
of the fleet is constantly changing, requiring a robust de-
fragmentation algorithm. In addition, latency requirements
may require accelerators for a workload to be grouped to-
gether near certain locations or data cells, adding another
constraint to the scheduling optimization problem.

The utilization of fleet resources must also be balanced
with stability and fault tolerance. For example, to reduce
disruptions, some machines may intentionally remain un-
derutilized so that higher priority jobs may be more easily
scheduled when needed. In large-scale ML fleets, hardware
failures are inevitable, and the scheduler must be robust
enough to handle these failures gracefully, redistributing
workloads and ensuring job continuity without significant
performance degradation.

2.3 Runtime/Compiler

The runtime and compiler layers are responsible for bridging
the gap between high-level ML models and the underlying
hardware accelerators. The runtime layer focuses on the
execution environment of ML programs, handling important
tasks such as program setup, data feeding, result manage-
ment, and checkpoint creation, as illustrated in Figure 5.

The runtime layer can also manage the distribution strat-
egy of code execution, as with notable runtimes like Path-
ways (Barham et al., 2022). Figure 6 shows the growth
of Pathways-based workloads in Google’s TPU fleet. It
highlights the demand for runtimes that support efficient

Figure 7. Single-client and multi-client frameworks.

distributed execution for ML workloads. It also emphasizes
the rapidly shifting distribution of workload runtimes in a
fleet, which adds to fleet management complexity.

The compiler layer, working with the runtime, transforms
high-level ML model code into executable code optimized
for specific accelerators. Compilers such as XLA (Acceler-
ated Linear Algebra) operate on graph intermediate repre-
sentations, outputting programs tailored to the target accel-
erator, such as a specific version of a TPU.

Compiler optimization in ML fleets faces unique challenges
due to the rapid evolution of hardware accelerators, requir-
ing frequent updating of optimization strategies to lever-
age the specific features of each new hardware generation.
Moreover, the impact of optimizations can be difficult to
generalize, as an optimization that improves one workload
may degrade another due to differences in computation or
communication patterns. This emphasizes the need for a bal-
anced approach to optimization, considering both platform-
independent techniques for flexibility and platform-specific
optimizations for maximum performance.

2.4 Framework

The framework layer sits on top of the runtime/compiler and
encompasses various ML frameworks and libraries, such as
TensorFlow (Abadi et al., 2016), JAX (Frostig et al., 2018),
and PyTorch (Paszke et al., 2019). One of the key responsi-
bilities of ML frameworks is defining the structure of dis-
tributed ML applications. For example, TensorFlow’s distri-
bution strategy (tf.distribute.Strategy) provides
a framework for distributing training across multiple devices
or machines. These can have single-client or multi-client
architectures, depending on workload needs, as shown in
Figure 7. These frameworks must also map ML primitives to
hardware-specific designs to achieve optimal performance.
This is important for specialized hardware like TPUs, which
are designed for bulk-synchronous training.
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As the primary point of interaction for users, the framework
layer not only abstracts underlying complexities but also
plays an important role in determining the overall efficiency
and capabilities of the fleet. Frameworks must balance the
need for user-friendly APIs with the need to leverage under-
lying hardware-specific optimizations, while also managing
the complexities of distributed computing, data pipeline
optimization, and integration with lower-level services.

2.5 ML Model & Data

To characterize the ML Fleet at the highest level of the
stack, we want to know: What types of workloads are we
spending most of our compute cycles on? This is a critical
question because it drives nearly every design decision we
make for the ML Fleet at every level of the stack, from the
hardware (how many chips should be allocated to training
vs. inference vs. other) to the software (JAX vs. other
frameworks, runtime distribution strategies, and compiler
optimizations). Workload heterogeneity analysis is useful
for understanding what kind of models are prevalent in the
production fleet, especially since different workloads stress
the hardware in different ways. This understanding can
drive decisions about which accelerators to deploy and how
many, or which compiler optimizations to carry out.

In practice, we observe that the model and data layer of
the ML fleet stack are the most affected by fluctuating user
demands. User requirements such as the model architecture,
size of the training dataset, or even use of different numerical
formats in the training model can impact the efficiency of
the job, which can have a cascading effect on fleet efficiency.

In a production ML fleet, there are varying proportions of
workloads dedicated to each phase of the ML model life
cycle: training, bulk inference, and real-time serving. Thus,
the fleet must be flexible enough to handle the requirements
of each of these phases. For example, training workloads
tend to be compute-intensive and require highly parallel sys-
tems, while real-time serving workloads minimize latency
and bulk inference workloads maximize throughput.

This holistic workload heterogeneity is essential for de-
veloping metrics that capture efficiency across the diverse
demands placed on the fleet, which we address next.

3 ML PRODUCTIVITY GOODPUT

The optimization of ML fleet efficiency is a complex, cycli-
cal challenge. The first challenge is measuring, understand-
ing, and reporting fleetwide efficiency, establishing a base-
line for current performance. Second, we must identify
and quantify fleet-wide inefficiencies, pinpointing areas that
require improvement. Third, we must eliminate these ineffi-
ciencies by implementing changes across the fleet, which in
turn leads back to the first stage as we measure the impact

Figure 8. Breakdown of an ML workload using MPG.

of these changes. To keep pace with this cycle, we require a
metric that not only quantifies current performance but also
guides optimization efforts across the fleet.

3.1 Metric Features

Ideally, the MPG metric must be a clearly defined and ac-
curate measure of forward progress; improvements in the
metric must also reflect real improvements in the efficiency
of the fleet. This metric must be capable of overcoming two
significant challenges.

1. It must capture the dynamic nature of ML fleets:
The fleet is constantly fluctuating due to variables such
as changes in workload composition, updates to the
code stack, and evolving hardware. To effectively im-
prove efficiency, any change in the metric must be
explainable despite these fluctuating variables.

2. It must explain the trade-offs between individual
and aggregate efficiency. At a fleetwide scale, jobs
must be scheduled in concert with one another to en-
sure maximum aggregate efficiency of the fleet. How-
ever, individual jobs may have certain service-level
requirements, meaning that this metric must be decom-
posable based on workload characteristics.

3.2 A New Approach: ML Productivity Goodput

MPG is designed to address the myriad challenges discussed
in Section 2, as well as to overcome the limitations of ex-
isting approaches. Just as the Iron Law of Processor Per-
formance (Emer & Clark, 1984) breaks down CPU per-
formance into instructions

program × cycles
instruction×

time
cycle , the MPG

metric decomposes ML fleet efficiency into scheduling, run-
time, and program components (see Figure 2).

This multi-layered structure, as shown in Figure 8, offers
several advantages over traditional metrics. First, it al-
lows precise identification of performance bottlenecks or
improvements at specific layers of the stack, facilitates a
more granular analysis of efficiency trends over time, and
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Figure 9. The scheduling goodput for training workloads measures
the percentage of time when all of the TPU workers are available
to work at the same time. It measures the portion of time that all
of the necessary resources are available to make progress.

mitigates the risk of misleading interpretations that can arise
from aggregated data. Second, by decoupling these submet-
rics, we enable more targeted optimization efforts and gain
deeper insights into the complex interactions within the ML
fleet. Finally, this approach not only enhances our ability to
measure current performance but also provides a framework
for guiding improvements, discussed in Section 4.

Scheduling Goodput: How often does an application have
all necessary resources to make progress?

Scheduling Goodput (SG) quantifies the efficiency of re-
source allocation in an ML fleet. It measures the fraction of
time that an application has all the required resources simul-
taneously available to make progress. This metric can be
lower than traditional Occupancy metrics, particularly in dis-
tributed, bulk-synchronous applications where all required
chips must be available concurrently.

The numerator of SG is calculated as the simultaneous up-
time of all tasks in a distributed ML application that must
be connected to make synchronous progress, as shown in
Figure 9. This is referred to as “allocated chip-time” or
“all-allocated” time. The denominator is fleet capacity, ex-
pressed as chip-time. This provides a full view of how
effectively the scheduling layer is using the fleet’s resources.

Scheduling Goodput offers insights into potential ineffi-
ciencies in resource allocation, such as fragmentation of
available resources, delays in coordinating multiple chips
for distributed applications, and mismatches between appli-
cation requirements and available resources. By optimizing
SG, we can improve the overall efficiency of resource uti-
lization in the ML fleet, ensuring that applications have the
necessary resources to make consistent progress.

Runtime Goodput: Of the time that an application has all
necessary resources, how often is it making progress?

Runtime Goodput (RG) measures the efficiency of the or-
chestration layers in managing the execution of ML applica-
tions once resources are allocated. This metric focuses on
the actual productive time of an application, accounting for
various overheads in the runtime environment. The orches-

tration layer is responsible for critical tasks such as initializ-
ing chips, connecting them into slices for bulk-synchronous
progress, loading and compiling programs, feeding data
to these programs, and ensuring that training progress is
regularly saved through checkpoints.

The numerator of RG is the productive chip-time of the ap-
plication’s progress that has been saved in checkpoints; work
done between the last checkpoint and failure (or preemp-
tion) does not count as “productive” time and is therefore
not included in RG. The denominator of RG is the allocated
chip-time defined as the numerator of SG.

Runtime Goodput can help with identifying bottlenecks in
the runtime environment, such as slow data loading, inef-
ficient checkpointing, or suboptimal program compilation.
It can guide the efforts to streamline the execution pipeline
and improve the overall throughput of ML workloads.

Program Goodput: Of the time that an application is mak-
ing progress, how close is it to the ideal roofline?

Program Goodput (PG) assesses the efficiency of the ap-
plication code itself, measuring how effectively it utilizes
the available computational resources. While a traditional
roofline performance model might seem suitable for this
purpose, it falls short in capturing the true efficiency of mod-
ern ML workloads. The traditional roofline model is highly
sensitive to compiler decisions, such as how ML operators
are fused or rematerialized, or which operands are placed
in which memory space. It rewards individual ops that are
close to peak utilization, but penalizes correct optimizations
that result in computation graphs where the utilization may
be lower, but overall execution time is shorter. For example,
Figure 10 shows a graph of two ops which see a latency
reduction after being fused together. Since the traditional
roofline looks at each op in isolation, it does not help us
identify this potential improvement.

To overcome these limitations, we use a compute-based
roofline model that compares the ideal execution time of the
workload against its actual execution time. The ideal pre-
dicted execution time, which is the numerator of PG, is de-
rived from the mathematical operations and operand shapes
in the unoptimized high-level operations (HLO) graph. This
analysis allows us to estimate how many FLOPs the program
would require at its theoretical peak performance. Since we
are analyzing the computation graph before any compiler
optimizations, this prediction is agnostic to compiler deci-
sions. Compiler optimizations like fusion change memory
access patterns and operator placement, but do not change
the underlying mathematical computation required. For ex-
ample, fusing matmul + bias + activation does not reduce
the FLOPS; instead, it reduces memory traffic. The theoreti-
cal peak remains determined by the arithmetic operations.
Thus, our baseline accurately reflects the compute work
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Figure 10. Traditional roofline models may not capture optimiza-
tions that reduce whole-program compute / memory utilization
while also reducing runtime. Program Goodput (PG) tracks produc-
tive FLOPs and increases when overall execution time decreases.

required, and PG measures how efficiently the compiled
program achieves that compute.

The denominator of PG is the actual execution time. The PG
metric can thus be interpreted as a percentage reflecting how
well optimized the ML program is, with a score of 100% in-
dicating perfect performance matching the theoretical peak.

4 IMPROVING FLEETWIDE EFFICIENCY

This section shows how MPG quantifies ML fleet perfor-
mance through optimization examples from Google’s pro-
duction fleet. We present a breakdown of the MPG compo-
nents using segmented fleet data and show how this proce-
dure identifies concrete optimization techniques. Addition-
ally, we show the effects of deploying these optimizations
and how MPG validates and tracks improvements.

The key insight is that aggregated MPG alone does not help
practitioners identify high-impact improvements. This is
where the decomposability of the metric becomes essential.
By breaking MPG into its three components (Scheduling
Goodput, Runtime Goodput, and Program Goodput) we di-
agnose fleetwide issues and identify optimization types that
would most improve fleet efficiency. Furthermore, segment-
ing the fleet using the characteristics described in Section 2
allows us to identify issues with specific workload types and
propose targeted model-level optimizations.

4.1 Scheduling Goodput Optimizations

The optimization of Scheduling Goodput (SG) can be pre-
sented as a bin packing problem, as described in subsec-
tion 2.2. Users launch workloads with varying TPU topol-
ogy sizes, and the scheduling algorithm must determine how
to best fit these workloads into the existing fleet of allocated
chips. This process presents numerous challenges, primarily
due to the wide variety of job sizes in the fleet, ranging from
single-chip to multipod configurations (Kumar et al., 2021).

A complication in job scheduling is that it requires more than

Figure 11. Scheduling goodput by job size. Extra-large and small
jobs tend to have better scheduling goodput due to the scheduler’s
preemption algorithm.

mere availability in the fleet. The topology of the available
hardware must also satisfy the topology requirements of the
workload, which is sometimes impossible without first pre-
empting other jobs. Consequently, suboptimal scheduling
can have a cascading effect on other components of MPG.

We can identify availability issues in the ML Fleet by look-
ing at the SG for jobs with different chip allocation require-
ments, as shown in Figure 11. The data shows that the
overall SG is already close to optimal, due to defragmen-
tation techniques and scheduling optimizations. However,
it is interesting to note which jobs tend to have the highest
SG: extra-large jobs which require the greatest number of
chips or possibly multiple TPU pods, as well as smaller jobs
which require only a single chip or a few chips.

This is likely due to the way the scheduler deals with evic-
tions; evicting extremely large jobs would have a severe
negative impact on the overall MPG score due to their huge
startup overhead. Once the extra-large job is running, it
is also immensely dependent on checkpointing and data
sharding, affecting the Runtime and Program Goodput com-
ponents as well. In short, evicting extra-large jobs from
the hardware would present a cascading series of failures,
strongly incentivizing the scheduler to reduce churn for
these jobs and evict medium-sized jobs instead.

On the other hand, extremely small jobs usually do not
get prematurely evicted since they are more likely to finish
quickly, and if pre-empted, it is usually quicker to find topo-
logically matching availability. With extremely small jobs,
the scheduler has more flexibility to intelligently allocate
the workloads to optimal compute cells in order to defrag-
ment the overall ML fleet availability. It is also important to
note that for workloads of all sizes, the SG is greater than
95% due to the particular pre-emption preferences of the
scheduler. The pre-emption preferences of the scheduler
can be tuned, e.g. to require a SG of greater than 95% for
medium-sized jobs, but this could reduce the SG for other
segments of the fleet.



Machine Learning Fleet Efficiency

Figure 12. Runtime goodput speedups over the course of one quar-
ter, segmented by fleet workload types. Speedup is normalized to
the top N fleet workloads, measured at the start of the quarter.

4.2 Runtime Goodput Optimizations

Outside of device time, host overhead and pre-emptions
can be major bottlenecks for some workloads, and can be
tracked by measuring Runtime Goodput. For example, train-
ing jobs usually use input pipelines to ingest and transform
input data, which could be bottlenecks for certain models
that ingest large amounts of data. Some solutions help re-
duce host overhead, such as Plumber (Kuchnik et al., 2022),
which is a tool to find bottlenecks in ML input pipelines.

We can improve the RG of the ML fleet with asynchronous
strategies such as sharding the dataflow graph, as proposed
by Pathways (Barham et al., 2022). The segmented analysis
of RG shows that the particular workloads on Pathways tend
to have higher RG scores over time, validating the benefits
of Pathways for our particular ML Fleet. Also, techniques
such as asynchronous checkpointing (Maurya et al., 2024;
Nicolae et al., 2020) can reduce the time spent fetching
previous model training checkpoints where the accelerators
temporarily pause training and are completely idle.

Other strategies, such as ahead-of-time compilation, where
programs are compiled on less expensive hardware such as
CPUs and then executed on TPUs, can also improve RG. By
offloading compilation to a less expensive chip and storing
the results in a compilation cache, we can reduce the total
runtime of more specialized accelerators. These techniques
are often implemented in common ML frameworks, such as
TensorFlow (Abadi et al., 2016) and JAX (Bradbury et al.,
2018).

To demonstrate the benefits of these framework-specific op-
timizations, we can examine the RG of the ML Fleet at the
framework level of the system stack described in Figure 3.
This can help us understand which frameworks or runtime
strategies may be better suited for which workloads. Fig-
ure 12 shows RG scores from a sample of Google’s ML
fleet for internal workloads, segmented based on character-
istics such as model architecture, product area or workload

Figure 13. Runtime Goodput trends for a slice of the ML fleet over
a period of six months, segmented by workload phase.

phase (training, real-time serving, or bulk inference), and
compared to a baseline of top fleet workloads.

Although the segments in Figure 12 are not explicitly
identified, we demonstrate how segmenting RG based on
workload characteristics (Segment A, Segment B, and Seg-
ment C) can reveal trends that would otherwise be hidden by
aggregate fleet metrics (represented by the “Top Fleet Work-
loads” segment). For example, training workloads running
JAX with Pathways may tend to have a higher RG, possi-
bly due to the fact that Pathways is single-client (Barham
et al., 2022) and therefore better optimized for training than
multi-client frameworks.

Examining the data along a different axis, training versus
real-time serving versus bulk inference, can also be helpful.
Using a sample from Google’s ML fleet, Figure 13 illus-
trates that training workloads tend to have a higher RG than
serving workloads. This is most likely due to the inherently
different nature of serving and training. Typically, train-
ing workloads have more constant computational demands,
while real-time serving can fluctuate based on user demand.
The slight decrease in serving RG can be attributed to transi-
tory demands on the fleet, but it remains relatively stable in
comparison to the bulk inference segment. The huge fluctua-
tion in RG for bulk inference highlights the changing nature
of production fleet demands. Previously, the bulk inference
segment of the fleet was dominated by workloads running
on a single core, where each chip contained a replica of the
model, resulting in more easily accessible checkpoints/data
and less accelerator wait time. However, as we move to
larger models, the weights must be sharded across multiple
chips, resulting in more expensive data reads. Additionally,
the rise of expert-based models (Shazeer et al., 2017) has
made bulk inference runtime much more complex to opti-
mize, as some machines must wait for others for distillation
of weight updates in a student-teacher model. This has re-
sulted in an temporary decrease of RG for the bulk inference
segment between “Month 3” and “Month 6” of Figure 13.
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Figure 14. This figure shows the effect of an XLA algebraic sim-
plification optimization on PG across a benchmark of the top 150
fleet workloads. Looking at the PG in this way allows us to bisect
which code changes improved or regressed overall fleet efficiency.

This example illustrates how analyzing disaggregated RG
can allow ML fleet architects to make informed decisions
about their runtime stack by pinpointing segments that may
be more susceptible to shifting fleet demands.

4.3 Program Goodput Optimizations

We present techniques and strategies that have been used at
Google over recent years for improving Program Goodput
in our ML fleets, ranging from parallelization methods to
compiler optimizations. Recall that PG measures the effec-
tive utilization of computational resources. As ML models
grow in size and complexity, optimizing PG becomes in-
creasingly important to make efficient use of hardware and
reduce compute times. With PG instrumentation, we have
been able to pinpoint which segments of the fleet require
further optimization at the compiler or ML model level.

Overlapping communication and computation. To iden-
tify potential system optimizations that can improve fleet
efficiency, we can look at the PG of workloads segmented
by performance characteristics. In other words, how many
of the workloads in the fleet are compute-bound versus
communication-bound? By segmenting the PG in this way,
it is possible for us to identify that many high-cost work-
loads are communication-bound.

To address this issue at the high-level operation (HLO) level,
a technique that overlaps communication with computa-
tion was developed and deployed in our production fleet
(described in Wang et al. (2022)). This technique decom-
poses communication collectives, along with the dependent
computation operations, into a sequence of finer-grained
operations to hide data transfer latency so that better system
utilization is achieved. This approach improved the over-
all system throughput by up to 1.38× and achieves 72%
FLOPS utilization on 1024 TPU chips for a large language
model with 500 billion parameters (Wang et al., 2022).

Compiler autotuning. At the fleet level, we have also

developed and deployed optimizations that improve code-
generation quality and can be generalized to any work-
load in the fleet. XTAT (Phothilimthana et al., 2021) is
an autotuner for ML compilers that tunes multiple compiler
stages, including tensor layouts, operator fusion decisions,
tile sizes and code generation parameters. Evaluated over
150 ML training and inference models on TPUs, XTAT of-
fers speedups over the heavily-optimized XLA compiler.
Building on XTAT, CATWILD (Cano et al., 2026) imple-
ments a Feedback-Directed Optimization (FDO) loop at
datacenter scale, continuously tuning approximately 70% of
the TPU training fleet and improving Program Goodput.

Example: Quantifying the impact of an XLA optimiza-
tion on the TPU fleet. It is rare for any single optimization
to have a significant impact on overall fleet-wide PG. But
we can track the impact of these optimizations by looking at
the change in PG for a fixed set of benchmarked workloads
or segment of the production fleet over time. For example,
looking at a benchmark of the top 150 most costly work-
loads in the fleet, Figure 14 pinpoints the effect of a code
change that was submitted to the XLA compiler—an alge-
braic simplification in the compiler graph. The increase in
PG for the benchmark of 150 workloads suggests that the
impact of this optimization can be generalized to the fleet.

It is also helpful to look at PG fluctuations across hardware
segments of the fleet. Figure 15 shows an example where
looking at segmented PG can uncover insights that would
otherwise be hidden by looking at aggregate metrics. In
this case, the segmented data suggests that when a new ML
accelerator chip is introduced to the fleet, the workloads
running on that chip may initially have a low PG, since
the model / compiler code has not been fully tailored for
that chip yet. As user adoption increases and accelerator-
specific software optimizations are rolled out to the fleet,
PG gets closer to theoretical peak efficiency. In other words,
accelerator maturity tends to yield greater PG over time.
As the chip nears the end of its lifecycle (represented by
decreasing allocation in the fleet, and shown in Figure 15 by
the “Chip decommissioned” label), the PG decreases due to
lower chip usage and natural workload/compiler drift. This
shows the importance of co-design across all layers of the
ML fleet to make sure that both the software (compiler) and
hardware (chips) are optimized for the latest workloads.

5 DISCUSSION

To put things into perspective for MPG, we considered more
traditional approaches to measuring ML fleet efficiency such
as Capacity, Occupancy, and Duty Cycle. Figure 16 illus-
trates how we may have traditionally tended to think about
performance metrics (Li et al., 2023; Mars et al., 2011;
Kanev et al., 2015). However, our experience reveals that
these traditional metrics can sometimes fall short in provid-
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Figure 15. Program Goodput (PG) vs. allocation trends.
ing a holistic view, given the unique challenges we have
discussed in Section 2. While we cannot provide specifics
other than what is already shared in Section 4, we can share
the key insights and lessons learned from our evaluation of
these metrics in a production environment. Below, we share
some common pitfalls of historical approaches for fleetwide
performance measurement.

Myth 1: High Capacity equates to high resource avail-
ability. While capacity can tell us how many individual
accelerators may be available in the fleet at a given time, it
does not take into account the topological shape of those
accelerators. For example, an ML training workload request-
ing thousands of chips in a certain physical mesh shape may
never be scheduled if the only available accelerators are
fragmented across different clusters or data centers. Other
factors, such as the geographical location of data storage
cells and accelerators, are not included in the capacity met-
ric, even though they significantly affect job scheduling.
Therefore, high capacity by itself as a metric does not neces-
sarily effectively translate to high availability for workloads,
and we should instead opt for scheduling efficiency as a
more robust metric.

Myth 2: High Occupancy guarantees productivity. Oc-
cupancy is defined as the fraction of accelerators allocated
to jobs and is often measured by the scheduler (e.g. Borg
(Verma et al., 2015)). Occupancy is traditionally seen as
an efficiency indicator, but it can be misleading as it masks
inefficiencies in the system stack. For example, an accelera-
tor might be successfully allocated but stuck in I/O wait or
running poorly optimized code, thus resulting in a high occu-
pancy but very little actual progress being made towards the
workload task. This is important for long-running tasks such
as ML model training, where frequent pre-emptions may
hinder checkpoint progress but still result in a nominally
high occupancy. The metric therefore does not distinguish
between productive and unproductive use of resources.

Myth 3: Duty Cycle accurately represents useful work.
Duty Cycle measures whether an accelerator is in use, not
how much of its compute capacity is used. When looking
at an ML workload running on a TPU, duty cycle does not
provide any signal on how much the matrix-multiply units

Figure 16. Traditional utilization-based metrics. MPG uses good-
put as a measure of fleet efficiency rather than utilization.

(MXUs) are utilized (Jouppi et al., 2023). It is agnostic of
the program-level efficiency and does not take into account
the effectiveness of the operations being performed. An
accelerator could have a high duty cycle while executing
unnecessary or redundant computations.

Overarching Misconception: Utilization == Productivity.
The thread among these metrics is the assumption that keep-
ing accelerators busy equates to productive work. However,
this overlooks critical factors. (1) Quality of Computations:
None of these metrics assess whether the operations being
performed are actually contributing to the desired output.
(2) Workload Efficiency: They do not consider whether the
workloads are optimally designed for the hardware. (3)
System-level Bottlenecks: Focusing solely on accelerator
usage ignores potential bottlenecks in data loading, memory
access, or inter-accelerator communication. (4) Forward
Progress: The traditional metrics provide no insight into
how much useful work is being accomplished towards com-
pleting an actual ML task, thus motivating the need for a
goodput-based metric, MPG.

5.1 Generalizability

While our case study focuses on Google’s TPU infrastruc-
ture, the MPG framework is designed to be vendor-agnostic.
The three-component decomposition (SG × RG × PG)
relies on metrics available in any standard distributed ML
stack. Scheduling Goodput (SG) can be derived from any
cluster manager’s logs (e.g., Slurm or Kubernetes) by mea-
suring the delta between resource allocation and worker syn-
chronization. Runtime Goodput (RG) is measurable through
framework-level instrumentation in PyTorch(Ansel et al.,
2024) or JAX (Bradbury et al., 2018) to distinguish produc-
tive compute from orchestration overheads like checkpoint-
ing. Finally, Program Goodput (PG) is computable from
the intermediate representation (IR) of modern compilers
(e.g., Triton (Tillet et al., 2019) or XLA (Sabne, 2020)) by
comparing theoretical mathematical FLOPS to actual hard-
ware execution time. Practitioners can also leverage tools
and profilers such as XProf (Hundt et al., 2026), which is
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available for CPUs, GPUs, and TPUs. These metrics are
all exposed via public interfaces such as the Google Cloud
Goodput Measurement API (Google, 2024).

6 CONCLUSION

Our study analyzes ML fleet efficiency using Google’s pro-
duction TPU infrastructure. We provide an anatomy of the
ML system stack and highlight the unique challenges of
performance optimization for ML fleets, including rapid
model and hardware evolution and the orchestration of hard-
ware/software co-design. To address these challenges, we in-
troduce the ML Productivity Goodput (MPG) metric, which
decomposes ML fleet efficiency into three key components:
Scheduling, Runtime, and Program Goodput.

The composable nature of MPG enables us to dissect effi-
ciency trends over time and precisely identify performance
bottlenecks at specific stack layers. Applied to Google’s
TPU fleet, MPG guided analysis drove measurable improve-
ments: scheduling policies tuned to maintain >95% goodput
across all job sizes, runtime gains through framework mod-
ernization and asynchronous checkpointing, and program
level speedups via compiler optimizations.

The key insight from our production deployment is that tra-
ditional utilization metrics (capacity, occupancy, and duty
cycle) are insufficient for ML fleets. These metrics mea-
sure whether accelerators are busy rather than whether they
make productive forward progress. MPG addresses this
gap by tracking checkpoint saved work and comparing ac-
tual execution time to theoretical peak performance. The
methodology presented in this paper can be applied to large
scale ML fleets across industry.
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