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1 INTRODUCTION
With the increasing popularity of machine learning (ML) appli-
cations, networked computing systems like cloud datacentres are
facing rapidly growing demand for ML inference tasks. Expanding
systems to meet these demands, however, can be both costly and
environmentally unsustainable. While several computer architec-
ture optimizations have been proposed to alleviate monetary and
environmental costs, e.g., by reusing older devices or those less
customized to ML workloads, the resulting cost and performance
tradeoffs at a platform level have yet to be modelled.

A property of large language model (LLM) inference tasks which
sets them apart from many other computing tasks is that the com-
putation time of an inference task (dominated by output token
inference) is correlated with the length of its input [6]. Especially
as shorter-input requests reliably return fewer tokens, it is possi-
ble to isolate these tasks and allocate them on dedicated devices;
indeed, a form of this segmenting currently occurs in deployment.
As such, it is possible to use older or slower computation units
to handle this segment of demand. We present a preliminary cost
model for optimizing multiple device types within a fleet of servers,
where for the case of workload deterministically correlated to in-
put length, we devise an algorithm to fit linear bounds such that
the devices may fulfill a set of service-level objectives. We show
that in this scenario lends to optimization by linear programming,
and we present future work to bring the model closer to realistic
operational considerations.

This work aims to contribute to the existing area of research of
ML deployment optimization, especially for LLMs. On the software
and queuing level, there exist methods to partition a larger task
into smaller jobs for efficient distribution within a network [2, 3].
Much existing work also occurs at the architectural support level
in terms of dividing workloads across multiple processing units
and optimizing throughput of ML inference requests [4, 6, 10].
Alongside throughput optimization, there are attempts to study
and reduce environmental impact ofML datacenter operations, such
as reducing carbon emissions, water use, or energy consumption [1,
5, 8]. We also draw upon research on optimization and provisioning
in under device heterogeneity, especially for ML workloads [7, 9].

2 COST MODEL
We consider an ML service infrastructure composed of a variety
of devices of different specifications and ages, and various cost
modalities to minimize, e.g., money, carbon emissions, water use,
etc. For simplicity, we define each type of device 𝐷 as having the

Table 1: Key notation.

Symbol Definition
𝑣𝐷 Volume of device type 𝐷 provisioned
𝑢𝐷 Proportion of computing capacity from device 𝐷
𝑐𝐷,𝑖 Cost for a given cost type 𝑖 , device 𝐷
𝑅 Request volume per unit time

𝜏𝐷 , 𝜏𝐷 runtime and mean runtime of a job on device 𝐷

same set of costs and computing performance. In order to satisfy a
request volume of 𝑅 jobs (i.e., ML inference calls), jobs are allocated
to the different devices under the constraint that, in aggregate, the
device allocation must be able to serve the incoming job volume.
In this initial model, we hold incoming volume constant.

We propose a model for optimizing device procurement and
deployment at the fleet level as follows:

min
𝑢𝐷 ,𝑣𝐷

𝐶𝑜𝑠𝑡 =
∑︁
𝐷

𝑣𝐷

∑︁
𝑖

𝛾𝑖𝑐𝐷,𝑖

s.t. 𝐵®𝑢 ≤ ®𝑏,
∑︁
𝐷

𝑢𝐷 = 1

where 𝑣𝐷 = 𝑢𝐷𝑅𝜏𝐷

(1)

Table 1 summarizes the notation used in this problem formulation.
The objective function in Equation (1) consists of a weighted sum
of various cost modalities with weight parameters 𝛾𝑖 ≥ 0; these
are constant across all device types and represent the relative im-
portance of the cost modality to the overall optimization objective.
Different platforms may adjust the 𝛾𝑖 weights depending on their
priorities. We choose the provisioned volume 𝑣𝐷 of device type 𝐷
and the proportion of computing capacity 𝑢𝐷 used of device type
𝐷 so as to minimize this objective. We ensure that these variables
are compatible by specifying 𝑣𝐷 = 𝑢𝐷𝑅𝜏𝐷 , where 𝜏𝐷 denotes the
average runtime of a job on device 𝐷 . Thus, the provisioned vol-
ume is exactly determined by the proportion of computing capacity
𝑢𝐷 and amount or workload 𝑅𝜏𝐷 on device type 𝐷 . In addition,
we constrain the sum of the proportions 𝑢𝐷 to 1, so that they are
well-defined.

The most important element of this model is the set of linear
constraints 𝐵®𝑢 ≤ ®𝑏, a set of bounds determined by the service-level
objectives (SLO) of the inference task and the distribution of service
demand. We next detail how these are specified.
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2.1 Device allocation for a priori latency
distribution

In this work, we present a simplified scenario where task workload
is deterministic given some measurable property of the input (such
as token length, for a large language model inference workload).
As a result, for each device 𝐷 , a given workload corresponds to a
known runtime, and workloads are deterministically allocated to
an appropriate device. We suppose that the input length is charac-
terized by a cumulative probability distribution (CDF) 𝑃𝑖𝑛 (𝑤), e.g.,
a distribution of token lengths. Since the runtime is deterministic
given input size, this input distribution then induces a distribution
on runtime for device 𝐷 . The SLO can then be defined as bounds
on the percentiles of the resulting runtime distribution, e.g., 95% of
runtimes not exceeding a certain latency. Algorithm 1 computes
the resulting linear bounds for our optimization formulation (1).

Algorithm 1: Construction of linear inequality 𝐵®𝑢 ≤ ®𝑏.
Parameter :𝑛𝐷 device types, 𝑛𝑆 SLOs,

𝑥𝑆 percentile requirement of SLO 𝑆 ,
®𝑢 proportion of each device type,
𝑃−1
𝑖𝑛

(𝜎) inverse cdf of input size,
𝜎𝐷,𝑆 input size meeting SLO 𝑆 on device 𝐷

1 sort all 𝜎𝐷,𝑆 into array ®𝜎 from highest input size to lowest
2 create array ®𝐷 of corresponding index of ®𝜎 such that for

each index 𝑖 in ®𝜎 , 𝐷𝑖 is the resource type associated with 𝜎𝑖
3 𝐵 := empty matrix with 𝑛𝐷 columns and zero rows
4 𝑑 := [0 0 0] //where each 𝑑 𝑗 is the highest index of SLO for

each type of device 𝑗 with an already allocated bound

5 foreach (𝑖, 𝜎𝑖 ) do
6 𝑑𝐷𝑖

:= 𝑑𝐷𝑖
+ 1 //increment SLO index for 𝐷𝑖

7 InsertRow(𝐵, [𝑥𝑑 𝑗
for 𝑗 in (1 . . . 𝑛𝐷 )])

//all but one element of the row (at index 𝐷𝑖) should be

same as the row above

8 𝑏 := 𝑃−1
𝑖𝑛

( ®𝜎) //map 𝑃−1
𝑖𝑛 on every element of ®𝜎

Since the cost function in (1) is a linear function of ®𝑣 , the function
is monotonic in all dimensions of the search space. Additionally,
since the only constraints applied in themodel are linear and convex
(Figure 2), the optimization problem can be sufficiently solved using
linear programming.

3 FUTUREWORK
We plan to use this formulation to study realistic tradeoffs between
different cost modalities, e.g., monetary, carbon emissions, and
water usage cost in future work. As this model is significantly
simplified from real-world operations, we further outline a set of
extensions which will allow our model to better capture device pro-
curement and deprecation practices and incentives for large-scale
ML inference services. First, we aim to loosen the deterministic
relationship between the input length of LLM inference tasks and
runtime and develop an allocation method for this probabilistic
relationship. Another element to study is the scenario of incom-
plete SLO compliance, and the tradeoffs between cost and various
degrees of compliance. In addition, we intend to explore the prop-
erties of inference on other ML models and integrate a generalized

Figure 1: Visual interpretation of Algorithm 1. The rows of
𝐵 correspond fo the rectangles from top to bottom, with the
grey rectangle representing the first 𝑛𝐷 rows as tasks longer
than the highest SLO percentile do not have constraints. The
remaining rectangles are “stacked” below the line at 𝑥1 such
that they can cover the entirety of the cdf function 𝑃𝑖𝑛 (𝑤).

Figure 2: Visualization of bounds 𝐵®𝑢 ≤ ®𝑏 (shaded red region)
in (1) in a three-device scenario. The bounds form a convex
polytope on the 𝑛𝐷 = 3-simplex, for which the optimum
can be solved using linear programming. The green and blue
lines represent possible tangents formed by the cost function
and the optimal device composition in each case.

representation of ML inference workloads into our model, as well as
provisioning considerations in the case of dynamic demand volume
and distribution.

On the cost function, we envision further work on expanding (1)
to take into consideration the age of devices and capital costs (e.g.,
purchase cost of device, embodied carbon). Moreover, we intend to
model the marginal cost to using and replacing different types and
ages of devices within a system. These elements would contribute
towards a holistic device procurement and replacement strategy
for ML inference infrastructure.
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