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Abstract

While distributed speculative decoding can offer efficient acceler-

ation for Large Language Model (LLM) inference in cloud-edge

environments, unleashing its full potential confronts significant

challenges, including complex token draft-length management, un-

certain prompt arrivals and system conditions, and joint edge bat-

tery orchestration under fluctuating grid-energy prices. To system-

atically address these challenges, we conduct an intensive math-

ematical and algorithmic study. We first formulate a long-term

cost minimization problem that captures all the challenges. Then,

we decompose this problem into two subproblems and solve them

alternately as time goes in an online manner. Particularly, we de-

sign a learning-centric algorithmic framework which employs ban-

dit learning to address the intractability and manage draft length

selection in the first subproblem and applies online learning to

address the online uncertainty and manage battery states and grid-

energy use in the second subproblem, both without relying on

future inputs. We further conduct rigorous theoretical analysis,

proving sub-linear regrets against offline optimal objectives and

asymptotically-diminishing violation of long-term constraints. Ex-

tensive evaluations with real-world LLM inference demonstrate

that our approach substantially outperforms several state-of-the-art

methods, with many additional advantages.
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1 Introduction

To provision high-quality low-latency Large LanguageModel (LLM)

inference services, the service provider leveraging cloud and edge

infrastructures faces a critical trade-off: edge-only deployment is

constrained by limited computational resources, while cloud-only

processing introduces substantial wide-area network delay [1, 2].

Cloud-edge speculative decoding [3] resolves this by strategically

distributing the inference pipeline, as visualized in Figure 1. That is,

a lightweight draft LLM at the network edge auto-regressively gen-

erates an initial sequence of tokens locally, delivering rapid output

to the end user; this draft is then sent to the remote cloud, where

a powerful target LLM verifies all tokens in a single parallel for-

ward pass, accepting correct ones and correcting the first mismatch.

This architecture preserves the quality of cloud-scale models while

significantly reducing the time-to-first-token and amortizing the

latency over multiple tokens per communication round [4].

However, efficiently managing this distributed pipeline across

the cloud-edge continuum requires the joint optimization of com-

munication, computation, and energy usage, which is a non-trivial

task due to the unique and fundamental challenges as follows.

First, the LLM inference service must dynamically manage the

draft length, which directly trades computation against communica-

tion in the speculative-decoding process. The draft length impacts

the number of speculative-decoding iterations between each edge

and the cloud, while in every single iteration, sending too many

draft tokens strains the network link and wastes computation at

the edge but sending too few decreases parallelism utilization in the

cloud [5, 6]. Further, the draft length at the edge needs to adapt to

the target LLM’s token-acceptance rate in the cloud, requiring dy-

namically balancing the exploration of new different length options

with the exploitation of previously-chosen lengths [7, 8]. These are

all exacerbated by unpredictable inference-request arrivals, fluc-

tuating network conditions, and pre-determined communication

traffic budget, demanding smart learning-based coordination that

can operate effectively without any prior knowledge.

Second, the LLM inference servicemust also dynamicallymanage

the energy of the joint cloud-edge system, which constitutes a major

https://creativecommons.org/licenses/by/4.0
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Figure 1: System scenario

source of the operational expenditure nowadays. In particular, this

is not just only about how the complexity of speculative decoding

influences the grid-energy consumption for the cloud, but also about

how it could entail the charging and discharging operations for the

batteries widely equipped at today’s edges (e.g., 5G edge servers)

[9, 10]. Edge battery-energy storage has the advantage of shifting

energy footprint to low-price periods, but has limited capacity and

degradation with use [11]. The core dilemma is whether to conserve

energy from the grid now even at a high price, or to use the stored

energy now which risks battery depletion and even higher grid-

energy cost in the future, while jointly managing the speculative-

decoding-based LLM inference. Decisions must be made online

without future energy price and request loads.

Unfortunately, existing research has inadequately addressed the

aforementioned challenges. Studies [1, 4, 12ś14] that provide LLM

inference services through cloud-edge collaboration often overlook

the energy consumption of LLMs and the potential of speculative

decoding to accelerate inference. Research [5, 6, 15ś17] on LLM

speculative decoding in resource-constrained networks either fo-

cuses solely on communication without considering the impact of

energy consumption, or never accounts for limited communication

resources. Those [9, 10, 18ś20] investigating edge battery manage-

ment also neglect the cloud-edge LLM inference scenario. Detailed

discussions of related work are in Section 6.

This paper, for the first time, presents a rigorous modeling and

mathematical study on the joint online scheduling of speculative

decoding and battery energy for the cloud-edge collaborative LLM

inference systems. We make four-fold contributions:

First, we model and formulate a long-term optimization problem

that minimizes the total cost of cloud-edge LLM inference. Our

models capture the end-to-end distributed speculative decoding

process, including the computation delay of edge generation and

cloud verification, the communication delay of token transference

between edge and cloud, and the cloud-edge energy expense with

edge battery degradation. Our problem turns out to be a nonlinear

mixed-integer program, pursuing optimization over diverse infer-

ence requests while respecting the communication budget with

sufficient energy provisioning. Our formulation is general and read-

ily accommodates the dynamism and heterogeneity of inputs such

as inference requests, energy prices, and battery degradation costs.

Second, we devise a novel learning-centric decomposition-based

algorithmic framework that operates in polynomial time to solve

this problem online. Our approach decomposes the original problem

into two subproblems, containing draft length control and energy

control, respectively. For the former subproblem, we design a bandit

learning [21, 22] approach that, for each edge, constructs a feasible

set of draft length options under the communication budget and

updates the weights of the selected draft lengths through expo-

nential weighting as time goes, using such weights to dynamically

manage the trade-off between exploring new draft lengths and ex-

ploiting existing draft lengths. For the latter subproblem, with the

given draft length, we design an online learning [23, 24] approach

to manage battery operations and grid-energy use, which utilizes

the convex-concave reformulation and the alternate primal-dual

updates facilitated by a virtual queue, without relying on future

inputs. Overall, our key algorithmic strategy is to group and isolate

the different challenges, namely integrality, posterior, state transi-

tions, and online uncertainty, in separate subproblems, and identify

and leverage different algorithmic techniques to address them.

Third, we derive rigorous theoretical analysis for our algorithms.

For the first subproblem, we prove that the regret, i.e., the gap be-

tween the expected inference delay incurred by our online draft

length selections and that incurred by the single best draft length

grows slower than the natural progression of time. For the second

subproblem, we also prove that, for the joint energy expense and

battery degradation, the regret, i.e., the difference between the ob-

jective value from our online energy decisions and that from the

series of the per-slot optimal energy decisions, possesses sub-linear

growth with regard to the length of the time horizon, and that the

violation of the long-term constraint due to battery state transitions

is sub-linear, i.e., diminishing asymptotically. Finally, combining

these results through introducing intermediate auxiliary terms, we

prove that our original problem can adopt a sub-linear upper bound

upon its regret with regard to overall static offline optimal decisions.

Fourth, we conduct extensive experiments using real LLM in-

ference datasets [25ś29], draft-target LLM pairs [7, 8], workload

traces [30], grid-energy prices [31], and edge locations [32], as well

as cloud-edge communication conditions [1, 33], capacity [11], effi-

ciency [9], and battery degradation parameters [34]. We compare

our proposed approach against multiple state-of-the-art alterna-

tives under various settings, and obtain the following results: (i)

our approach reduces the total cost by about 20%∼50% compared

to others; (ii) the regrets and the violation grow sub-linearly in

practice, aligned with our theoretical analysis; (iii) our approach

scales with robustness as workload and communication budget

vary; (iv) by adjusting weights and other parameters, our approach

can successfully navigate optimization trade-offs between infer-

ence latency and energy consumption; (v) our algorithms finish

execution within tens of milliseconds in each one-minute time slot,

fully acceptable in reality; (vi) as grid-energy price fluctuates, the

battery energy is well utilized by our algorithms to jointly supply

adequate energy to LLM inference at minimum total expense.

2 Modeling and Formulation

2.1 System Settings and Models

We summarize our main notations and descriptions in Table 1.

Cloud-Edge LLM Infrastructure:We target an LLM service

provider that owns a cloud-edge infrastructure and uses this infras-

tructure to offer the LLM inference service to the end users. This
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Table 1: Notations and Descriptions

Input Description

I Set of inference requests
N Set of edges
T Set of time slots
h𝑖,𝑛 Context for request 𝑖 on edge 𝑛

udraft Sequence of draft tokens on edge

qdraft Sequence of probabilities for draft tokens
utarget Output sequence in cloud

𝑢𝑘 𝑘-th draft token in draft sequence udraft

𝜅 First position where rejection occurs in acceptance test
𝑢̃𝜅 Corrected or newly-generated token at position 𝜅
𝑣𝑘 Random value sampled for acceptance at position 𝑘

𝑝draft
𝑘

Probability of 𝑘-th draft token by draft LLM (abbreviated as 𝑞𝑘 )

𝑝
target

𝑘
Probability of 𝑘-th draft token by target LLM (abbreviated as 𝑝𝑘 )

𝑓 draft𝑛 Conditional probability distribution function of draft LLM on edge 𝑛
𝑓 target Conditional probability distribution function of target LLM in cloud
𝛼 Probability of accepting a draft token by target LLM

𝑈𝑛𝑡 Number of accepted draft tokens per iteration on edge 𝑛 at 𝑡
𝐺𝑛𝑡 Number of output tokens per iteration on edge 𝑛 at 𝑡
𝑀𝑖𝑛𝑡 Total length of output sequence for request 𝑖 on edge 𝑛 at 𝑡

𝑇
′

𝑛 Time consumed for auto-regressively generating a token on edge 𝑛
𝐷𝑛 Communication set-up time between edge 𝑛 and cloud
𝛽𝑛 Time consumed for edge𝑛 to transfer a token with probability to cloud

𝛽
′

𝑛 Time per token for cloud to transfer output sequence to edge 𝑛

𝛽
′′

𝑛 Network traffic of sending a draft token and probability from edge 𝑛

𝑇
′′

Time consumed by a parallel verification for draft tokens in cloud
𝜑𝑖𝑛𝑡 Total delay for resolving request 𝑖 on edge 𝑛 at 𝑡
𝑇𝑛𝑡 Total delay of all steps per iteration on edge 𝑛 at 𝑡
𝜌𝑖𝑛𝑡 Network traffic incurred between edge 𝑛 and cloud for request 𝑖 at 𝑡
𝐴𝑛 Budget on total cumulative traffic of edge 𝑛

𝜉
′

𝑖𝑛𝑡 Energy of edge 𝑛 for generating draft tokens for request 𝑖 at 𝑡

𝜉
′′

𝑖𝑛𝑡 Energy of edge 𝑛 for transmitting draft tokens for request 𝑖 at 𝑡
𝜓𝑖𝑛𝑡 Energy of cloud for handling draft tokens of request 𝑖 from edge 𝑛 at 𝑡
𝑃𝑛,𝑄𝑛 Energy efficiency constants depending on draft LLM on edge 𝑛
𝑃,𝑄 Energy efficiency constants depending on target LLM in cloud
𝑟𝑛 Energy of edge 𝑛 per single-token transmission
𝑠𝑡 Energy price of power grid at 𝑡
𝑎𝑛 Minimum battery energy limit of edge 𝑛
𝑏𝑛𝑡 Available battery energy of edge 𝑛 at 𝑡
𝑐𝑛 Maximum battery energy limit of edge 𝑛
𝑚𝑛 Acquisition price of battery for edge 𝑛
𝑜𝑛 Maximum number of cycles that battery of edge 𝑛 can operate
𝑑𝑛 Degradation cost per unit energy charged or discharged for edge 𝑛
𝜂𝑐 Battery charging efficiency
𝜂𝑑 Battery discharging efficiency

Decision Description

𝛾𝑛𝑡 Number of draft tokens to generate per iteration on edge 𝑛 at 𝑡
𝑥𝑛𝑡 Amount of grid energy to charge battery of edge 𝑛 at 𝑡
𝑦𝑛𝑡 Amount of energy to discharge from battery of edge 𝑛 at 𝑡
𝑧𝑛𝑡 Amount of grid energy for supporting LLM inference on edge 𝑛 at 𝑡
𝑒𝑡 Amount of grid energy for supporting LLM inference in cloud at 𝑡

infrastructure consists of a cloud data center and a group of dis-

tributed and potentially heterogeneous łedgesž, where each edge is

a micro data center or server cluster co-located with a cellular base

station or WiFi access point in close proximity to the end users. The

cloud and the edges are interconnected via wired networks, and

the end users connect to the edges via wireless or wired networks.

We denote the set of edges as N = {1, 2, . . . , 𝑁 }. We consider the

system operating over a series of time slots T = {1, 2, . . . ,𝑇 }.

LLM Inference via Speculative Decoding: Without loss of

generality, the distributed speculative-decoding-based LLM infer-

ence service has a full-fledged powerful target LLM run in the cloud

and one lightweight and often smaller draft LLM run on each edge.

Decoder
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Figure 2: Indicative example of speculative decoding: The

draft LLM autoregressively generates draft tokens łis good

for" (Step 1), and sends them to the target LLM (Step 2); The

target LLM verifies and corrects them (Step 3), and returns

output tokens łis good at" to the draft LLM (Step 4).

At each time slot 𝑡 , for each inference request 𝑖 ∈ I = {1, 2, . . . , 𝐼 }

(i.e., a sequence of input tokens) that arrives at the edge 𝑛 from

the end user, the edge 𝑛 sends the context h𝑖,𝑛 (e.g., input tokens

from the user, plus other system prompts if needed) to the cloud

and afterwards the LLM inference (i.e., generating the sequence of

output tokens) using speculative decoding is an iterative process

between the edge 𝑛 and the cloud, where each iteration is composed

of multiple steps described as follows (also see Figure 2):

• Step 1: The draft LLM on the edge 𝑛 auto-regressively gener-

ates a speculative draft token sequence of the length 𝛾𝑛𝑡 ∈

{1, ..., 𝛾max} as pre-specified, denoted as u
draft ≜ {𝑢1, ..., 𝑢𝛾𝑛𝑡 },

where𝑢𝑘 ,∀𝑘 ∈ {1, ..., 𝛾𝑛𝑡 } refers to the 𝑘-th draft token. Each

𝑢𝑘 , ∀𝑘 is sampled from the conditional probability distribu-

tion 𝑝draft
𝑘
(·) ≜ 𝑓 draft𝑛 (·|h𝑖,𝑛, u

draft
1:𝑘−1
), where 𝑓 draft𝑛 depends on

the draft LLM; h𝑖,𝑛 is the context so far; and udraft
1:𝑘−1

is the se-

quence of draft tokens before the 𝑘-th draft token. The edge

𝑛 also extracts the actual probability of the draft token𝑢𝑘 , ∀𝑘

as 𝑞𝑘 ≜ 𝑝draft
𝑘
(𝑢𝑘 ), thereby producing qdraft ≜ {𝑞1, ..., 𝑞𝛾𝑛𝑡 }.

• Step 2: The edge 𝑛 sends udraft and qdraft to the cloud.

• Step 3: The target LLM in the cloud processes the entire

sequence udraft in one parallel forward pass to compute the

conditional probability distribution for each position 𝑘 as

𝑝
target

𝑘
(·) ≜ 𝑓 target (·|h𝑖,𝑛, u

draft
1:𝑘−1
), where 𝑓 target depends on

the target LLM. The cloud then performs the acceptance

test sequentially. That is, for each position 𝑘 , it calculates

the probability 𝑝𝑘 ≜ 𝑝
target

𝑘
(𝑢𝑘 ), samples a random value

𝑣𝑘 ∼ Uniform(0, 1), and accepts the draft token 𝑢𝑘 if 𝑣𝑘 ≤

min{1,
𝑝𝑘
𝑞𝑘
}. Let 𝜅 be the first position where rejection occurs,

i.e., 𝜅 ≤ 𝛾𝑛𝑡 or 𝜅 = 𝛾𝑛𝑡 + 1. The output sequence is u
target ≜

{𝑢1, ..., 𝑢𝜅−1, 𝑢̃𝜅 }, where 𝑢̃𝜅 ∼ 𝑝
target
𝜅 (·) is the corrected or

newly-generated token. The cloud updates the context as

h𝑖,𝑛 ← h𝑖,𝑛 ⊕ utarget.

• Step 4: The cloud sends the output sequence utarget to the edge

𝑛, and the edge 𝑛 updates the context as h𝑖,𝑛 ← h𝑖,𝑛 ⊕ u
target,

preparing for the next iteration.

Without loss of generality and following existing research [3],

we consider the expected number of tokens in the output sequence

produced per iteration in speculative decoding for each inference
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request from the edge𝑛 at the time slot 𝑡 . Denote𝛼 as the probability

for the cloud to accept a single draft token. Let𝑈𝑛𝑡 be the number of

accepted draft tokens, and𝐺𝑛𝑡 be the number of tokens in the output

sequence. Then, we have1 E[𝐺𝑛𝑡 ] = 1+E[𝑈𝑛𝑡 ] = 1+
∑𝛾𝑛𝑡

𝑘=1
P[𝑈𝑛𝑡 ≥

𝑘] = 1 +
∑𝛾𝑛𝑡

𝑘=1
𝛼𝑘 = 1 + 𝛼 · 1−𝛼

𝛾𝑛𝑡

1−𝛼
=

1−𝛼𝛾𝑛𝑡 +1

1−𝛼
.

Delay of LLM Inference:We account for the total computation

and communication delay for resolving the inference request 𝑖

via distributed speculative decoding between the edge 𝑛 and the

cloud at the time slot 𝑡 . Note that the delay and the traffic incurred

by transferring the context of each inference request to the cloud

naturally relies on system inputs and not on the control decisions

considered in this work, also explained next.

First, given𝑀𝑖𝑛𝑡 as the total length of the output sequence, i.e.,

the total number of output tokens for responding to this inference

request, the number of cloud-edge speculative decoding iterations

for this inference request is𝑀𝑖𝑛𝑡/E[𝐺𝑛𝑡 ].

Second, each iteration consists of Steps 1∼4 as stated, and for

each of such iterations, we have the following: (i) Computation

delay of Step 1 is 𝛾𝑛𝑡𝑇
′

𝑛 , where 𝑇
′

𝑛 represents the time consumed for

all operations related to auto-regressively generating a single token

on the edge 𝑛; (ii) Communication delay of Step 2 is 𝐷𝑛 + 𝛽𝑛𝛾𝑛𝑡 ,

where𝐷𝑛 is the communication set-up time between the edge 𝑛 and

the cloud, and 𝛽𝑛 is the time consumed for the edge 𝑛 to transfer

a single token with its probability to the cloud; (iii) Computation

delay of Step 3 is 𝑇
′′
, which is the time consumed in the cloud by a

single parallel forward pass for draft token verifications (note that

the sequential acceptance test is often negligible in time compared

to the forward pass); (iv) Communication delay of Step 4 is 𝐷𝑛 +

𝛽
′

𝑛E[𝐺𝑛𝑡 ], where 𝛽
′

𝑛 is the time per token for the cloud to transfer

the output sequence to the edge 𝑛.

Therefore, the total delay, written as a function of 𝛾𝑛𝑡 , is

𝜑𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≜ 𝑀𝑖𝑛𝑡/E[𝐺𝑛𝑡 ] ·𝑇𝑛𝑡 , (1)

where𝑇𝑛𝑡 = 𝛾𝑛𝑡𝑇
′

𝑛 + 2𝐷𝑛 + 𝛽𝑛𝛾𝑛𝑡 +𝑇
′′
+ 𝛽

′

𝑛E[𝐺𝑛𝑡 ] is the total delay

of all steps per iteration.

Traffic of LLM Inference: For the speculative-decoding-based

LLM inference for each inference request 𝑖 from the edge 𝑛 at the

time slot 𝑡 , the network traffic incurred between the edge 𝑛 and the

cloud, written as a function of 𝛾𝑛𝑡 , is

𝜌𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≜ 𝑀𝑖𝑛𝑡/E[𝐺𝑛𝑡 ] · (𝛽
′′

𝑛𝛾𝑛𝑡 + E[𝐺𝑛𝑡 ]), (2)

where 𝛽
′′

𝑛 refers to the amount of network traffic incurred by send-

ing a single draft token and its probability. To prevent the consump-

tion of excessive communication resource, we impose a budget 𝐴𝑛

on the total cumulative traffic of edge 𝑛 at every 𝑡 .

Energy of LLM Inference: First, the energy consumption of the

edge includes the energy of computation and the energy of trans-

mission. For the inference request 𝑖 that arrives at the edge 𝑛 at the

time slot 𝑡 , the draft LLM performs łprefillž and łdecodež operations

to auto-regressively generate the draft tokens, which consumes the

energy of 𝜉
′

𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≜ 𝑃𝑛 · |h𝑖,𝑛 |
2 + 𝑄𝑛 · |h𝑖,𝑛 | · 𝑀𝑖𝑛𝑡/E[𝐺𝑛𝑡 ] · 𝛾𝑛𝑡 ,

where 𝑃𝑛 and 𝑄𝑛 are constants depending on the draft LLM, the

server energy efficiency, etc.; the energy for transmitting all draft

1The notation E[𝐺𝑛𝑡 ] could be E[𝐺𝑛𝑡 |𝛼 ] to be more precise, as it is a conditional
expectation for a given 𝛼 .
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Figure 3: Time flow of cloud-edge system

tokens to the cloud is 𝜉
′′

𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≜ 𝑟𝑛 ·𝑀𝑖𝑛𝑡/E[𝐺𝑛𝑡 ] · 𝛾𝑛𝑡 , where 𝑟𝑛
is the energy used by the edge 𝑛 per single-token transmission.

Second, the energy consumption of the cloud also includes the

energy of computation and the energy of transmission. We only

consider the former because the energy for transmitting the entire

output sequence to the edge 𝑛 depends on system inputs and is thus

not the target of our optimization. For the inference request 𝑖 from

the edge 𝑛 at the time slot 𝑡 , due to the essential similarity between

the forward pass and acceptance test operations and the prefill and

decode operations, the computation energy can be expressed as

𝜓𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≜ 𝑀𝑖𝑛𝑡/E[𝐺𝑛𝑡 ] · (𝑃 ( |h𝑖,𝑛 | +𝛾𝑛𝑡 )
2 +𝑄 ( |h𝑖,𝑛 | +𝛾𝑛𝑡 )), where

𝑃 and 𝑄 are constants depending on the target LLM, the cloud

energy efficiency, etc.

Energy Expense and Battery Management: The cloud-edge

LLM inference infrastructure connects to a power grid; each edge

also has its local battery or battery groups equipped, where the

batteries can be charged or discharged dynamically. To support the

LLM inference operations, an edge can draw energy from both the

grid and its battery, and the cloud can draw energy form the grid.

We denote the grid energy price at the time slot 𝑡 as 𝑠𝑡 , i.e., drawing

grid energy to either charge the batteries or directly support LLM

inference incurs energy expense. For the battery of the edge 𝑛

at the time slot 𝑡 , we denote its available battery energy as 𝑏𝑛𝑡 ,

enforcing 𝑎𝑛 ≤ 𝑏𝑛𝑡 ≤ 𝑐𝑛 , where 𝑎𝑛 and 𝑐𝑛 are the desired minimum

and maximum battery limits, respectively, and can be specified

by the system or the battery manufacturer. As every charge or

discharge operation harms the battery’s lifespan, we consider the

degradation [1] per unit energy charged or discharged as 𝑑𝑛 ≜

𝑚𝑛/{2𝑜𝑛 (𝑐𝑛 −𝑎𝑛)}, where𝑚𝑛 is the acquisition price of the battery

and 𝑜𝑛 is the maximum number of cycles that the battery can

be operated for. We also use 𝜂𝑐 and 𝜂𝑑 to represent the battery

charging and discharging efficiency. That is, if the battery of the

edge 𝑛 charges 𝑥𝑡𝑛 and discharges 𝑦𝑡𝑛 amount of energy, then the

net charged and discharged energy is 𝑥𝑡𝑛𝜂𝑐 and 𝑦
𝑡
𝑛/𝜂𝑑 . See Figure 3

for the time flow visualization.

ControlDecisions:At each time slot 𝑡 , the cloud-edge speculative-

decoding-based LLM inference system makes the following control

decisions: (i)𝛾𝑛𝑡 ∈ {1, ..., 𝛾max}, denoting the number of draft tokens

to generate per iteration at the edge 𝑛 with regard to all inference

requests that arrive at the edge 𝑛; (ii) 𝑥𝑛𝑡 ≥ 0, denoting the amount

of grid energy used to charge the battery of the edge 𝑛; (iii) 𝑦𝑛𝑡 ≥ 0,

denoting the amount of energy discharged from the battery of the

edge 𝑛 to support the LLM inference on the edge 𝑛; (iv) 𝑧𝑛𝑡 ≥ 0,



Online Scheduling of Battery-Aware Speculative Decoding for Energy-Efficient Cloud-Edge Collaborative LLM Inference ICPP ’26, September 28-October 01, 2026, Singapore

denoting the amount of grid energy used to support the LLM infer-

ence on the edge 𝑛; (v) 𝑒𝑡 ≥ 0, denoting the amount of grid energy

used to support the LLM inference in the cloud.

Total Cost of Cloud-Edge LLM Inference: The total cost of

LLM inference contains multiple components as follows: (i) the

total latency, i.e.,
∑

𝑡

∑
𝑖

∑
𝑛 𝜑𝑖𝑛𝑡 (𝛾𝑛𝑡 ); (ii) the total energy expense

of all edges, i.e.,
∑

𝑡

∑
𝑛 𝑠𝑡 (𝑥𝑛𝑡 + 𝑧𝑛𝑡 ); (iii) the total energy expense

of the cloud, i.e.,
∑

𝑡 𝑠𝑡𝑒𝑡 ; (iv) the degradation cost incurred by all

edge batteries, i.e.,
∑

𝑡

∑
𝑛 (𝑑𝑛 (𝑥𝑛𝑡𝜂𝑐 + 𝑦𝑛𝑡/𝜂𝑑 )).

2.2 Problem Formulation and Challenges

Problem Formulation: Using the models shown above, we formu-

late the optimization problem that controls the speculative decoding

process to minimize the total cost:

min P ≜
∑

𝑡

∑
𝑖

∑
𝑛 𝜑𝑖𝑛𝑡 (𝛾𝑛𝑡 ) +

∑
𝑡 (𝑠𝑡 (

∑
𝑛 (𝑥𝑛𝑡 + 𝑧𝑛𝑡 ) + 𝑒𝑡 ))

+
∑

𝑡

∑
𝑛 (𝑑𝑛 (𝑥𝑛𝑡𝜂𝑐 + 𝑦𝑛𝑡/𝜂𝑑 )) (3)

s.t.
∑

𝑖 𝜌𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≤ 𝐴𝑛,∀𝑡,∀𝑛, (3a)

𝑏𝑛𝑡 = 𝑏𝑛,𝑡−1 + 𝑥𝑛𝑡𝜂𝑐 − 𝑦𝑛𝑡/𝜂𝑑 ,∀𝑡,∀𝑛, (3b)

𝑎𝑛 ≤ 𝑏𝑛𝑡 ≤ 𝑐𝑛,∀𝑡,∀𝑛, (3c)
∑

𝑖 (𝜉
′

𝑖𝑛𝑡 (𝛾𝑛𝑡 ) + 𝜉
′′

𝑖𝑛𝑡 (𝛾𝑛𝑡 )) ≤ 𝑦𝑛𝑡 + 𝑧𝑛𝑡 ,∀𝑡,∀𝑛, (3d)
∑

𝑖

∑
𝑛𝜓𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≤ 𝑒𝑡 ,∀𝑡, (3e)

var. 𝛾𝑛𝑡 ∈ {1, ..., 𝛾max}, 𝑥𝑛𝑡 ≥0, 𝑦𝑛𝑡 ≥0, 𝑧𝑛𝑡 ≥0, 𝑒𝑡 ≥0,∀𝑡,∀𝑛. (3f)

The objective (3) minimizes the total cost of LLM inference. Con-

straint (3a) ensures the network traffic remains within the budget.

Constraint (3b) reflects the state transition of battery energy. Con-

straint (3c) applies the battery limits. Constraint (3d) ensures the

power grid and the edge battery jointly offer sufficient energy to

each edge to support LLM inference. Constraint (3e) ensures the

power grid offers sufficient energy to the cloud to support LLM in-

ference. Constraint (3f) specifies the domains of decision variables.

Problem Challenges: It is not trivial to solve the problem P

online.2 First, P is online optimization with time-coupled state

transitions. Constraints (3b) and (3c) impose a decisive relation upon

the control decisions 𝑥𝑛𝑡 and 𝑦𝑛𝑡 across time slots. Every decision

made currently based on current inputs will inevitably impact what

decisions can be made in the future; however, future inputs remain

uncertain currently, making anticipatory decision-making hard.

Second, many inputs, including 𝜑𝑖𝑛𝑡 (·), to P are posterior, i.e., only

revealed at 𝑡 after a concrete control action is taken at 𝑡 , which

escalates the difficulty of online decision-making. Third, the mixed-

integer nonlinearity makes P intractable even in an offline setting,

not to mention we desire to solve it in an online manner. Overall,

this problem is difficult to solve because of its discrete decisions,

online uncertainty, and time-coupled constraints.

3 Online Algorithms Design

3.1 Decomposed Scheduling: Algorithm 1

Algorithmic Rationale:Our core idea is decomposing our original

problem P into two subproblems P1 and P2, and then addressing

the integrality and posterior, contained in P1, and the state transi-

tions and online uncertainty, contained in P2, separately. Based on

2We use the notation like P to refer to either an optimization problem or just its
objective function, which is clear from the context.

Algorithm 1 Energy-Aware Online Scheduling Framework

1: Initialize: Set 𝑥𝑛0 = 𝑦𝑛0 = 𝑧𝑛0 = 𝑒0 = 0;

2: for 𝑡 = 1, 2 · · ·𝑇 do

3: Invoke Algorithm 2 to get draft length 𝛾𝑛𝑡 ;

4: Given draft length 𝛾𝑛𝑡 , invoke Algorithm 3 to get 𝑒𝑡
for cloud energy and {𝑥𝑛𝑡 , 𝑦𝑛𝑡 , 𝑧𝑛𝑡 } for edge energy;

5: Execute speculative decoding on the cloud and edges;

6: end for

this idea, we design Algorithm 1, which we call the Energy-Aware

Online Scheduling framework (EAOS), as our overall control algo-

rithm. In each time slot, Algorithm 1 invokes Algorithms 2 and 3

to address P1 and P2, respectively, which will be elaborated in the

next two subsections, and performs the speculative-decoding-based

LLM inference following the control decisions made.

Problem Decomposition: We derive the two subproblems.

The first subproblem P1 is as follows:

min P1 ≜
∑

𝑡

∑
𝑖

∑
𝑛 𝜑𝑖𝑛𝑡 (𝛾𝑛𝑡 ) (4)

s.t.
∑

𝑖 𝜌𝑖𝑛𝑡 (𝛾𝑛𝑡 ) ≤ 𝐴𝑛,∀𝑡,∀𝑛, (4a)

var. 𝛾𝑛𝑡 ∈ {1, ..., 𝛾max},∀𝑡,∀𝑛. (4b)

The objective (4) is the total latency. Constraint (4a) originates from

(3a). Constraint (4b) specifies the domain for the draft length.

The second subproblem P2 is as follows:

min P2 ≜
∑

𝑡 (𝑠𝑡 (
∑

𝑛 (𝑥𝑛𝑡 + 𝑧𝑛𝑡 ) + 𝑒𝑡 ))

+
∑

𝑡

∑
𝑛 (𝑑𝑛 (𝑥𝑛𝑡𝜂𝑐 + 𝑦𝑛𝑡/𝜂𝑑 )) (5)

s.t.
∑

𝑡 𝑔𝑡 ≜
∑

𝑡 (𝑇 − 𝑡) (𝑥𝑛𝑡𝜂𝑐 − 𝑦𝑛𝑡/𝜂𝑑 )

−𝑇 (𝑐𝑛 − 𝑎𝑛) ≤ 0,∀𝑛, (5a)

ℎ1𝑡 ≜
∑

𝑖 (𝜉
′

𝑖𝑛𝑡 (𝛾𝑛𝑡 ) + 𝜉
′′

𝑖𝑛𝑡 (𝛾𝑛𝑡 ))

− 𝑦𝑛𝑡 − 𝑧𝑛𝑡 ≤ 0,∀𝑡,∀𝑛, (5b)

ℎ2𝑡 ≜
∑

𝑖

∑
𝑛𝜓𝑖𝑛𝑡 (𝛾𝑛𝑡 ) − 𝑒𝑡 ≤ 0,∀𝑡, (5c)

var. 𝑒𝑡 ≥ 0, 𝑥𝑛𝑡 ≥ 0, 𝑦𝑛𝑡 ≥ 0, 𝑧𝑛𝑡 ≥ 0,∀𝑡,∀𝑛. (5d)

The objective (5) captures the energy expense and the degradation

cost of edge batteries. Constraint (5a) is derived from the combi-

nation of (3b) and (3c), that is, 𝑏𝑛,𝑇+1 = 𝑏𝑛𝑇 + 𝑥𝑛𝑇𝜂𝑐 − 𝑦𝑛𝑇 /𝜂𝑑 =

𝑏𝑛,𝑇−1 +
∑𝑇

𝑡=𝑇−1 (𝑥𝑛𝑡𝜂𝑐 −𝑦𝑛𝑡/𝜂𝑑 ) = ... = 𝑏𝑛0 +
∑𝑇

𝑡=1 (𝑥𝑛𝑡𝜂𝑐 −𝑦𝑛𝑡/𝜂𝑑 ),

∀𝑛, which leads to
∑𝑡

𝑡=1 (𝑥𝑛𝑡𝜂𝑐 −𝑦𝑛𝑡/𝜂𝑑 ) = 𝑏𝑛,𝑡+1−𝑏𝑛0 ≤ 𝑐𝑛 −𝑎𝑛,∀𝑛.

Summing them from 𝑡 = 1 to 𝑡 =𝑇 − 1, we obtain Constraint (5a).

Constraints (5b) and (5c) are respectively transformed from (3d)

and (3e), where𝛾𝑛𝑡 , as solved in the problem P1,
3 is applied as input.

The decision variables of energy scheduling are listed in (5d).

Remarks and Insights: (i) In the objective of P, the draft

length 𝛾𝑛𝑡 affects latency through the expected output token count

E[𝐺𝑛𝑡 ] =
1−𝛼𝛾𝑛𝑡 +1

1−𝛼
; in the constraints of P, the traffic and energy

also depend on 𝛾𝑛𝑡 through E[𝐺𝑛𝑡 ]. This motivates us to leverage it

as a bridge between the two subproblems in our algorithm design.

(ii) Given the aforementioned challenges for P, we use decompo-

sition to prioritize online tractability and operational feasibility

over absolute optimality, while rigorously bounding the resulting

sub-optimality. Section 4 offers the performance analysis, bounding

3For decisions, we use the notation like 𝛾𝑛𝑡 to refer to the decision variable, and
the notation like 𝛾𝑛𝑡 , i.e., decorated symbol, to refer to a specific value that the
corresponding decision variable takes.



ICPP ’26, September 28-October 01, 2026, Singapore Wang et al.

Algorithm 2 Draft Length Control Algorithm

Input: Inference requests 𝑖 ∈ I𝑡 = {1, · · · , 𝐼𝑡 }, 𝐼 =max 𝐼𝑡 .

Output: Selected draft length 𝛾𝑛𝑡 .

1: Initialize: weight 𝑣
𝑗
𝑛1 = 1 for ∀ 𝑗 ∈ {1, ..., 𝛾max}, ∀𝑛;

2: for ∀𝑡 , ∀𝑛 do

3: Construct feasible set F𝑛𝑡 = { 𝑗 :
∑

𝑖 𝜌𝑖𝑛𝑡 (𝛾
𝑗
𝑛𝑡 ) ≤ 𝐴𝑛 };

4: Compute probability 𝑝
𝑗
𝑛𝑡 = (1 − 𝜍 )

𝑣
𝑗
𝑛𝑡∑

𝑗 ∈F𝑛𝑡
𝑣
𝑗
𝑛𝑡

+
𝜍
|F𝑛𝑡 |

;

5: Sample arm 𝑗 from 𝑝
𝑗
𝑛𝑡 , ∀ 𝑗 ∈ F𝑛𝑡 , then 𝛾𝑛𝑡 ← 𝑗 ;

6: Observe latency 𝜑1𝑛𝑡 (𝛾
𝑗
𝑛𝑡 ), · · · , 𝜑𝐼𝑡𝑛𝑡 (𝛾

𝑗
𝑛𝑡 )

7: Update estimator ℓ
𝑗
𝑛𝑡 =

∑
𝑖∈I𝑡 𝜑𝑖𝑛𝑡 (𝛾

𝑗
𝑛𝑡 )

𝑝
𝑗
𝑛𝑡

, ℓ
𝑗
𝑛𝑡 = 0 for 𝑗 ≠ 𝑗 ;

8: Update weight 𝑣
𝑗
𝑛,𝑡+1 = 𝑣

𝑗
𝑛𝑡 exp(−

𝜍
𝐼𝛾max

ℓ
𝑗
𝑛𝑡 ) .

9: end for

such sub-optimality, and serves as the theoretical evidence that the

decomposition-based approach works.

3.2 Control of Draft Length: Algorithm 2

For the problem P1, as the number of users’ prompts varies over

time and Constraint (4a) limits the feasible draft length options,

we propose to design adversarial bandit learning in Algorithm 2.

Unlike standard adversarial bandit learning where only one reward

is disclosed after one arm is selected, in our case here, we have a

varying number of multiple rewards (due to processing multiple

inference requests) after one draft length option is chosen. We will

need to handle this non-trivial difference in our algorithm.

Algorithm 2 addresses the bandit problem for each edge 𝑛 sep-

arately, and treats different draft lengths as different arms while

maintaining and updating a set of weights 𝑣
𝑗
𝑛𝑡 for each arm 𝑗 as time

goes. In Line 1, all arm weights are initialized to 1 to reflect no prior

preference among arms. For each edge 𝑛, at each time slot 𝑡 , in Line

3, we first construct a feasible set F𝑛𝑡 that includes only those arms

whose cumulative traffic footprint across all prompts does not ex-

ceed the edge’s budget. In Line 4, based on the weights, we compute

a probability distribution 𝑝
𝑗
𝑛𝑡 over F𝑛𝑡 , which is a mixture of an

exploitation term proportional to the weights and a uniform explo-

ration term scaled by a parameter 𝜍 . This exploration-exploitation

trade-off is essential in adversarial environments where the infer-

ence processing latency patterns may change unpredictably. After-

wards, we sample an arm 𝑗 according to 𝑝
𝑗
𝑛𝑡 in Line 5, observe the

resulting latencies 𝜑𝑖𝑛𝑡 (𝛾
𝑗
𝑛𝑡 ) for all prompts in Line 6, and construct

an unbiased estimator ℓ
𝑗
𝑛𝑡 by dividing the total observed latency

by the selection probability in Line 7. This importance-weighted

estimator is crucial for handling the partial feedback nature of the

bandit problem, where only the latency of the selected arm is ob-

served, yet we need to estimate the performance of all arms. Finally,

in Line 8, the weights of all the arms are updated using exponential

weighting, where the magnitude of updating is scaled by 𝜍/(𝐼𝛾max)

to ensure stability. Arms that yield higher latency receive larger

estimated losses, causing their weights to decrease exponentially,

making them less likely to be selected in future time slots. The time

complexity of Algorithm 2 is 𝑂 (𝐼𝑁𝛾𝑚𝑎𝑥 ).

Remarks and Insights: (i) Our method enforces Constraint (4a)

by restricting the action space to F𝑛𝑡 , which eliminates constraint

Algorithm 3 Energy Control Algorithm

Input: 𝑓𝑡 ( ·), 𝑔𝑡 ( ·), ℎ1𝑡 ( ·), ℎ2𝑡 ( ·), 𝜔𝑡 = {𝑥𝑛𝑡 , 𝑦𝑛𝑡 , 𝑧𝑛𝑡 , 𝑒𝑡 }.

Output: 𝜔𝑡+1 = {𝑥𝑛,𝑡+1, 𝑦𝑛,𝑡+1, 𝑧𝑛,𝑡+1, 𝑒𝑡+1}.

1: Initialize: 𝜔0 = 0, 𝜆0 = 0, 𝑔0 ( ·) = 0;

2: Update decision 𝜔𝑡+1 according to (6);

3: Update virtual queues 𝜆𝑛,𝑡+1 according to (7).

violations without parameter tuning andmakes the feasibility check

computationally light. (ii) We have successfully handled the setting

where each arm selection yields multiple rewards by aggregating

such rewards through inverse probability weighting to obtain a

single unbiased estimator for the chosen arm.

3.3 Control of Energy: Algorithm 3

For the problem P2, to facilitate our algorithm design, we donate

𝜔𝑡 ≜ {𝑥𝑛𝑡 , 𝑦𝑛𝑡 , 𝑧𝑛𝑡 , 𝑒𝑡 } as the control variables. We decompose P2
into one-shot problems P2,𝑡 , ∀𝑡 and solve it with a primal-dual-

based method that progresses online without future inputs.

At any time slot 𝑡 , we first solve the following one-shot problem

and assign its solution to 𝜔𝑡+1:

min P2,𝑡 ≜ 𝑓𝑡 (𝜔) + (𝜆𝑡 + 𝑔𝑡−1 (𝜔𝑡 ))
⊤𝑔𝑡 (𝜔) + 𝜇∥𝜔 − 𝜔𝑡 ∥

2
2 (6)

s.t. ℎ1𝑡 (𝜔𝑡 ) ≤ 0, ℎ2𝑡 (𝜔𝑡 ) ≤ 0,∀𝑡, (6a)

var. 𝜔𝑡 ∈ W,∀𝑡, (6b)

where 𝜔𝑡 is the primal decision variable and 𝜆𝑡 is the dual decision

variable. The parameter 𝜇 is a positive step size, and the term 𝜇∥𝜔 −

𝜔𝑡 ∥
2
2 is a regularization and proximal term. Next, we construct a

łvirtual queuež that is updated as

𝜆𝑛,𝑡+1 =max{−𝑔𝑛𝑡 (𝜔𝑡+1), 𝜆𝑛𝑡 + 𝑔𝑛𝑡 (𝜔𝑡+1)},∀𝑡,∀𝑛. (7)

Here, 𝜆𝑡 = [𝜆1𝑡 , 𝜆2𝑡 , · · · , 𝜆𝑁𝑡 ]
⊤ and 𝑔𝑡 = [𝑔1𝑡 , 𝑔2𝑡 , · · · , 𝑔𝑁𝑡 ]

⊤. If we

substitute the initial term inside the maximization with zero, the

update for 𝜆𝑛,𝑡+1 becomes equivalent to conventional queue updates

using the increments 𝑔𝑛𝑡 (𝜔𝑡+1). Consequently, we can find that

𝜆𝑛,𝑡+1,∀𝑡,∀𝑛 serve to quantify the accumulated constraint violations

and that the bounds for the queue backlogs can be directly converted

into corresponding bounds for the constraint violations.

Algorithm 3 adopts the above idea. In such alternate steps, i.e.,

updating 𝜔𝑡+1 in (6) and 𝜆𝑡+1 in (7), we only need the inputs before

(excluding) 𝑡 + 1 rather than any future information. P2,𝑡 can be

solved through standard convex optimization solvers, such as the

interior-point method [35]. The time complexity of Algorithm 3 is

thus 𝑂 (𝑁 2 log(1/𝜎)) for calculating a 𝜎-accurate solution.

Remarks and Insights: (i) Our step size 𝜇 is designed indepen-

dently of the time horizon length𝑇 , making it suitable for scenarios

where the total length of the entire time horizon is unknown in

advance and the online optimization may terminate at any arbitrary

time slot. (ii) When computing 𝜔𝑡 for 𝑡 , no information at or after 𝑡

is needed, making the computation process entirely on the fly.

4 Theoretical Performance Analysis

We first study the theoretical guarantees that come with our Al-

gorithms 2 and 3 that solve P1 and P2, respectively. Then, we

combine them to obtain the performance of our entire approach,

i.e., Algorithm 1, which solves the original problem P. Note that
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Figure 4: Roadmap for theoretical analysis

such combination analysis is non-trivial. The roadmap for such

theoretical analysis is shown in Figure 4.

For the problem P1, the regret captures the gap between the

expected objective value evaluated with the online solutions from

our bandit-learning-based approach and the objective value evalu-

ated with the optimum that selects the best arm for the entire time

horizon in hindsight. We prove that such regret accumulated over

time is sub-linear with regard to the length of the time horizon 𝑇 ,

i.e., it grows slower than the natural passage of time.

Theorem 4.1. The regret of P1 is upper-bounded as

R1 ≜ E[P1 (𝛾𝑛𝑡 )] − P1 (𝛾
∗
𝑛) ≤ 2𝐼𝑁

√︁
2𝑇𝛾𝑚𝑎𝑥 ln𝛾𝑚𝑎𝑥 ,

where 𝛾𝑛𝑡 is the online solution obtained from Algorithm 2 and 𝛾∗𝑛
is the static time-invariant offline optimal decision for P1 over the

whole time horizon.

Proof. See Appendix A. □

For the problem P2, the regret quantifies the gap between the

objective value gained by our primal-dual-based approach and the

sum of the optimal objective values obtained from solving each

corresponding one-shot problem independently. We prove the sub-

linear growth of the regret. The constraint violation captures the

cumulative violation of Constraint (5a) over time. That is, this long-

term constraint defined for the entire time horizon (in contrast to

any instantaneous constraint defined for each single time slot) is

generally hard to satisfy; therefore, we allow its violation but prove

such violation is also sub-linear, i.e., our approach is asymptotically

feasible and the cumulative violation is decaying effectively.

Theorem 4.2. The regret of P2 is upper-bounded as

R2 ≜ P2 (𝜔̄𝑡 ) − P2 (𝜔
∗
𝑡 ) ≤ 𝑜 (𝑇 ),

where 𝜔̄𝑡 is the online solution obtained from Algorithm 3, and 𝜔∗𝑡 is

the per-slot offline optimal decision for P2 given 𝛾𝑛𝑡 at time slot 𝑡 .

Proof. See Appendix B. □

Theorem 4.3. The constraint violation of P2 is upper-bounded as

V ≜
∑

𝑡 𝑔𝑡 (𝜔̄𝑡 ) ≤ 𝑜 (𝑇 ),

where 𝜔̄𝑡 is the online solution obtained from Algorithm 3.

Proof. See Appendix C. □

For the problem P, regarding its regret, we choose to compare

the expected objective value incurred by our entire online approach,

i.e., Algorithm 1, against that incurred by the static offline optimum,

i.e., the single best draft length and energy policy chosen with full

hindsight for the entire time horizon. This is a standard practice

in existing research. Yet, note that simply summing the outcomes

of Theorems 4.1 and 4.2 is not valid, since their respective optima

are defined in distinct senses. Instead, establishing Theorem 4.4

necessitates breaking down the overall regret into several parts,

with auxiliary terms to facilitate and complete the reasoning.

Theorem 4.4. The static regret of P is upper-bounded as

R ≜ E[P(𝛾𝑛𝑡 , 𝜔̄𝑡 )] − P(𝛾𝑛, 𝜔̂) ≤ 𝑜 (𝑇 ),

where 𝛾𝑛𝑡 , 𝜔̄𝑡 are the online decisions obtained from our algorithms,

and 𝛾𝑛, 𝜔̂ are the joint static time-invariant offline optimal decisions

for P over the whole time horizon.

Proof. See Appendix D. □

Remarks and Insights: (i) Comparators: For the subproblem

P1, the comparator is the static offline optimal solution 𝛾∗𝑛 . For

the subproblem P2, the comparator is the series of the per-slot

optimal solution 𝜔∗𝑡 given the online solution 𝛾𝑛𝑡 at each 𝑡 from

Algorithm 2. For the original problem P, the comparator is the

static offline optimal solution 𝛾𝑛, 𝜔̂ . (ii) Coupling: In Appendix D,

to upper-bound the full regret R, we decompose it into three gaps:

the first two are bounded by exploiting the sub-linear regrets R1

and R2; the third is automatically non-positive. Consequently, R

is also sub-linear. (iii) Alternative: Note that for P, an alternative

comparator can be the dynamic offline optimum, i.e., the solution to

the full time-coupled problem P with perfect future knowledge and

time-varying decisions. The gap between the aforementioned static

comparator and such a dynamic comparator could be generally

linear in 𝑇 without additional restrictive assumptions, which we

intend to investigate further in the future.

5 Experimental Evaluations

5.1 Experimental Settings

Datasets and LLMs: We adopt well-known datasets spanning

diverse task categories, including the translation task (IWLST17-de-

en [25], WMT14-de-en [26]), the summarization task (CNN/Daily

[27]), and the question-answering task (SQuAD v2 [28], TruthfulQA

[29]). Specifically, the model pairs are (LLaMA-68M, LLaMA-7B),

(LLaMA-1.1B, LLaMA-7B), and (LLaMA-1.1B, LLaMA-13B), which

are widely used for evaluating speculative decoding [7, 8]. The

maximum draft length 𝛾𝑚𝑎𝑥 is set as 20 tokens commonly [7].

Cloud-Edge System:We use the Australian EUA dataset [32],

containing 125 edge nodes and 816 mobile users in the Melbourne

central business district (CBD) area. We select the location with the

highest density of mobile users as the site for the cloud server. The

cloud is equipped with NVIDIA A800 PCIe 80GB, and each edge is

equipped with NVIDIA GeForce RTX 4090 24GB. We consider the

time horizon𝑇 = 300 and each user sends 0∼5 inference requests at

each time slot, where a single time slot is set to 1 minute [36]. The

number of inference requests that each user submits to her edge is

set in proportion to the dynamic job arrival trace of Google clusters

[30]. Based on user density, the traffic parameter 𝛽
′′

𝑛 is set as 2∼4 B,
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Figure 5: Total cost
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Figure 7: Impact of 𝐴𝑛 on P1
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Figure 8: Impact of 𝐴𝑛 on P

and the budget 𝐴𝑛 is set as 55∼65 MB [33]. The time parameter 𝛽𝑛
is set as 0.19∼0.35 ms, 𝛽

′

𝑛 set as 0.12∼0.24 ms [1], 𝑇
′

𝑛 set as 1.7∼2.4

ms, and 𝑇
′′
set as 2.2∼3.8 ms [15]. The energy parameter 𝑟𝑛 is set

as 4.2∼4.8×10−10 J, 𝑃𝑛 set as 0.08∼0.15 J,𝑄𝑛 set as 0.11∼0.30 J, 𝑃 set

as 0.27∼0.83 J, and 𝑄 set as 0.55∼1.32 J based on server efficiency

and LLMs, etc [37ś39]. We consider lithium-ion batteries as edge

batteries, where the charging efficiency 𝜂𝑐 is set as 99.9% and the

discharging efficiency 𝜂𝑑 is set as 85% [9]. The battery capacity at

each edge is set to support the peak power demand for 12 hours

[11]. The battery degradation parameter 𝑑𝑛 is set as 8.3×10−5 $/Wh

[34]. We set the energy price 𝑠𝑡 using the real-world trace of South

Australia during October 26-27, 2021 [31].

Baselines: For draft length selection, we consider BMOP [40]: A

state-of-the-art approach utilizing bandit learning with a probing

budget; MCEW [41]: A state-of-the-art approach using bandit play

with a operating budget. For cloud-edge energy scheduling, we

consider COMU [42]: A state-of-the-art approach applying lower-

and-upper-bounded virtual queues for online learning; DINU [43]:

A state-of-the-art approach adopting gradient sampling and online

mirror ascent for optimization. We combine these methods and

denote all the combined approaches as (i) BM+CO; (ii) BM+DI; (iii)

MC+CO; (iv) MC+DI. And we have the following offline solution: (v)

Offline: The dynamic offline optimum (i.e., optimal solution vary-

ing over time) that solves the problem P as a whole via the Gurobi

[44] optimization solver with all inputs provided in advance. We

then compare our proposed approach EAOS with these baselines.

Here, we highlight that we intentionally omit the static offline

optimum from our experiments because it is a strictly weaker bench-

mark than the dynamic offline optimum. The dynamic optimum is

the absolute lower bound and a strictly stronger comparator. Any

algorithm that performs well against this benchmark will necessar-

ily outperform the static optimum. Including the static line would

add visual clutter without providing additional insight into our al-

gorithm’s adaptability. Our theory already proves sub-linear static

regret as a worst-case guarantee; the experiments are designed

to test our algorithms’ practical performance against the hardest

possible comparator. This dual approach ensures both worst-case

robustness (theory) and practical excellence (experiments).

5.2 Evaluation Results

All plots in Figures 5∼16 are measured from our experiments.

Total Cost: Figure 5 shows the total cost of the cloud-edge LLM

inference system. Our proposed approach EAOS consistently outper-

forms other alternative approaches and is the closest to the offline

optimum. The total cost of our method is ultimately decreased by

26.1% compared to BM+CO, by 52.5% compared to BM+DI, by 20.3%

compared to MC+CO, and by 46.2% compared to MC+DI.

Regret and Violation: Figure 6 presents the regret R1 of the

problem P1, the regret R2 and the constraint violation V of the

problem P2, and the gap R𝐷 between the objective value incurred

by our online solutions and that incurred by the dynamic offline

optimal solutions for the problem P. We observe that R1 and R2

are smaller than R𝐷 . We also observe that the constraint violation

is one order of magnitude less than the regrets.

Impact of Budget: Figure 7 and Figure 8 exhibit the impact of

the communication budget𝐴𝑛 in the problemP1 and the problemP.

As 𝐴𝑛 increases, longer draft lengths become feasible, allowing the

draft model to be configured with more appropriate draft lengths

to reduce the total latency. Yet, as 𝐴𝑛 continues to increase, the

cloud-edge system consumes more energy to obtain lower latency,

leading to an increase in the total cost. We find that our method

dynamically adjusts decisions and consistently outperforms other

approaches under various restrictions on 𝐴𝑛 .

Impact of Workload: Figure 9 visualizes the impact of the edge

workload on the total cost. As the number of the LLM inference

requests submitted by each user to the edge increases, each edge

needs to handle more speculative decoding interactions with the

cloud. The total delay and total energy consumption will both

increase as a result. Our proposed method demonstrates greater

stability at large scales compared to other alternative approaches.

Latency Weight: Figure 10 demonstrates the impact of the

total latency weight on the total cost. The total cost includes both

latency (measured in seconds) and energy overhead (measured in

dollars), and the cloud-edge system can adjust the weights between

these two factors to achieve different optimization priorities. We

observe that our proposed approach continues to show superior

performance across varying total latency weight settings.

Execution Time: Figure 11 reflects the execution time of Al-

gorithm 2 and Algorithm 3 (the latency of speculative decoding is

shown in Figures 14 and 15 below). It can be observed that both

of them are able to complete within tens of milliseconds, with a

gradual increase as the workload grows. This is fully acceptable

compared to the response time of typical LLM services in reality.

Impact of Parameter 𝜇: Figure 12 depicts the impact of the

parameter 𝜇 which makes Algorithm 3 more accurate but adds com-

putation in the process of operation. As shown, as 𝜇 increases, the

total cost declines sharply and the runtime rises slowly. However,

once 𝜇 increases beyond a certain value, further increases will cause

the total cost to rise, whereas the runtime grows substantially.

Bandit Learning: Figure 13 details the bandit learning. With-

out violating the communication traffic constraints, Algorithm 2
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strategically selects the draft length to rationally allocate communi-

cation resources across each time slot, ensuring that each inference

request can be processed via speculative decoding effectively. And

we have marked the maximum and minimum values in the figure.

Details of Latency: Figure 14 reflects the average computational

latency of speculative decoding. As mentioned earlier, the computa-

tional latency includes the processing time at both the edge and the

cloud. Figure 15 reveals the average communication latency of spec-

ulative decoding. Also, as previously stated, the communication

latency includes the time for bidirectional communication between

the edge and the cloud. And we have marked the maximum and

minimum values of the latency in the Figures 14 and 15.

Battery Management: Figure 16 illustrates the scheduling of

edge battery operations. We find that when the energy price from

the power grid is at its peak or valley period, the energy from the

edge batteries to the workload, and the energy from the grid to the

edge batteries, will respond in a regular pattern timely. Correspond-

ingly, the total battery state will also change regularly according to

the energy price. This response mechanism can effectively utilize

battery buffering to provide continuous energy to the LLM services.

6 Related Work

We review existing research in different groups, and for each group,

highlight the insufficiency compared to our work, respectively.

LLM Inference Services with Cloud-Edge Collaboration:

He et al. [4] study LLM task offloading and resource allocation in

cloud-edge settings via active inference. Ma et al. [12] address LLM

scheduling and data flow in cloud-edge environments. Yao et al. [1]

improve LLM service quality and response time using multi-agent

reinforcement learning within a vector database assisted cloud-edge

framework. Ren et al. [13] investigate LLM inference offloading

and computational load reduction by combining reinforcement

learning with decentralized identity management. Huang et al. [14]

optimize LLM prompt security, latency, and resource use in cloud-

edge systems using a multi-stage dynamic Bayesian game model.

This group of works exploit cloud-edge collaboration to enable

and provision LLM inference services, but fail to investigate spec-

ulative decoding, which is a concrete technique to significantly

accelerate LLM inference. They also typically lack considerations

of edge battery operations for sustainable LLM services.

Speculative Decoding in Resource-Limited Environments:

Xu et al. [15] accelerate constrained token generation with adaptive

draft branch navigation and pipelined verification. Ye et al. [16] op-

timize constrained prefill and autoregressive stages via a carefully-

designed speculative decoding method. Svirschevski et al. [17] en-

able high-throughput decoding on memory-limited hardware via

a draft token tree. Ning et al. [5] cut communication overhead in

device-edge collaboration by split verification. Bhattacharjee et al.

[6] transmit draft token distributions across constrained computing

nodes via sparsification and lattice quantization.

These studies focus on speculative decoding, yet often ignore

the aspect of dynamic energy consumption and management in the

speculative decoding process. Moreover, they often do not take a

rigorous formal approach like ours to model, analyze, and optimize

the holistic system performance in an online fashion.

Battery-Aware Energy Management in Edge Computing:

Zheng et al. [9] propose a deep reinforcement learning based ap-

proach in coping with the dynamic power demand for edge-cloud

collaboration. Deng et al. [18] study stochastic task and energy

model in wireless-powered mobile edge computing systems. Meng

et al. [19] design a learning-driven method for decentralized model

training in wireless edge computing systems to overcome limited

resources and battery life. Li et al. [20] focus on pattern-aware

online energy optimization to extend the lifespan of edge batter-

ies. Wang et al. [10] transform edge AI infrastructures into virtual

power plants via smart scheduling of edge battery energy.

Although these investigations cover edge batteries, they often

overlook LLM inference, let alone the energy complexity caused

by interactions between the cloud and the edges due to speculative

decoding. Our work, to the best of our knowledge, is the first to in-

corporate battery-energy scheduling in LLM speculative decoding.



ICPP ’26, September 28-October 01, 2026, Singapore Wang et al.

7 Conclusion and Future Work

Distributed speculative decoding can greatly speed up LLM infer-

ence in cloud-edge environments, but a comprehensive treatment

of its delay, traffic, and energy management, especially in battery-

powered mobile edge computing settings, has been largely missing.

This paper fills this gap through novel analytical modeling, algo-

rithm design, theoretical analysis, and practical experiments, focus-

ing on inventively integrating bandit learning and online learning

for system optimization in an online manner in the long run.

Future work could include multiple research directions. We in-

tend to design incentive mechanisms and security protocols for

speculative-decoding-based cloud-edge collaborative LLM infer-

ence, and also study the optimization of other types of LLM infer-

ence acceleration techniques across cloud and edge boundaries.
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Appendix

A. Proof of Theorem 4.1

Let 𝜛𝑛𝑡 =
∑

𝑗∈F𝑛𝑡 𝑣
𝑗
𝑛𝑡 and 𝑞

𝑗
𝑛𝑡 = 𝑣

𝑗
𝑛𝑡/𝜛𝑛𝑡 , then we have

𝜛𝑛,𝑡+1

𝜛𝑛𝑡
≤ 1 −

𝜍
𝛾𝑚𝑎𝑥 𝐼

∑
𝑗∈F𝑛𝑡 𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡 +

𝛾2

2𝛾2𝑚𝑎𝑥 𝐼
2

∑
𝑗∈F𝑛𝑡 𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡

2
,

summing over 𝑇 and taking ln, then it leads to

ln𝜛𝑛,𝑇+1 ≤ ln𝛾𝑚𝑎𝑥 +
∑𝑇

𝑡=1

∑
𝑗∈F𝑛𝑡 (

𝜍2

2𝛾2𝑚𝑎𝑥 𝐼
2𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡

2
−

𝜍
𝛾𝑚𝑎𝑥 𝐼

𝑞
𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡 ) .

As 𝑣 𝑗∗,𝑇+1 = exp
(
−

𝜍
𝛾𝑚𝑎𝑥 𝐼

∑𝑇
𝑡=1 ℓ

𝑗∗
𝑛𝑡

)
≤ 𝜛𝑛,𝑇+1, where 𝑗∗ is the opti-

mum, we can get −
𝜍

𝛾𝑚𝑎𝑥 𝐼

∑𝑇
𝑡=1 ℓ

𝑗∗
𝑛𝑡 ≤ ln𝜛𝑛,𝑇+1 . Then we can obtain

∑𝑇
𝑡=1

∑
𝑗∈F𝑛𝑡 𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡 −

∑𝑇
𝑡=1 ℓ

𝑗∗

𝑛𝑡 ≤

𝛾𝑚𝑎𝑥 𝐼 ln𝛾𝑚𝑎𝑥

𝜍
+

𝜍
2𝛾𝑚𝑎𝑥 𝐼

∑𝑇
𝑡=1

∑
𝑗∈F𝑛𝑡 𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡

2
.

Using E[ℓ
𝑗
𝑛𝑡

2
] ≤ 𝐼 2/𝑝

𝑗
𝑛𝑡 and 𝑝

𝑗
𝑛𝑡 ≥ (1 − 𝜍)𝑞

𝑗
𝑛𝑡 , we acquire

E[
∑𝑇

𝑡=1

∑
𝑗∈F𝑛𝑡 𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡

2
] −

∑𝑇
𝑡=1 ℓ

𝑗∗

𝑛𝑡 ≤
𝛾𝑚𝑎𝑥 𝐼 ln𝛾𝑚𝑎𝑥

𝜍
+

𝜍𝑇 𝐼
2(1−𝜍 )

.

Since 𝑝
𝑗
𝑛𝑡 = (1−𝜍)𝑞

𝑗
𝑛𝑡 +𝜍/𝛾𝑚𝑎𝑥 , we can deduce that

∑
𝑗∈F𝑛𝑡 𝑞

𝑗
𝑛𝑡 ℓ

𝑗
𝑛𝑡 =

E[ℓ
𝑗
𝑛𝑡 ]−

𝜍
𝛾𝑚𝑎𝑥

∑
𝑗∈F𝑛𝑡 ℓ

𝑗
𝑛𝑡

1−𝜍
. Due to 𝛾𝑛𝑡 ← 𝑗 , 𝛾∗𝑛 ← 𝑗∗, and using the

inequality E[
∑𝑇

𝑡=1
1

𝛾𝑚𝑎𝑥

∑
𝑗∈F𝑛𝑡 ℓ

𝑗
𝑛𝑡 ] ≤ 𝑇 𝐼 , we get the following:

E[P1 (𝛾𝑛𝑡 )] − P1 (𝛾
∗
𝑛)) ≤ 𝛾𝑚𝑎𝑥 𝐼 ln𝛾𝑚𝑎𝑥/𝜍 + 3𝜍𝑇 𝐼/2,

considering 𝜍 =

√︁
2𝛾𝑚𝑎𝑥 ln𝛾max/3𝑇 and 𝑛 ∈ N , we get R1.

B. Proof of Theorem 4.2

To facilitate our proof, we first make several technical assumptions

which are generally easy to be satisfied for all 𝑡 ≤ 𝑇 : (i) There exists

some 𝜙 > 0 such that each 𝑔𝑡 is Lipschitz continuous with modulus

𝜙 , i.e., ∥𝑔𝑡 (𝜔1) − 𝑔𝑡 (𝜔2)∥2 ≤ 𝜙 ∥𝜔1 − 𝜔2∥2, for any 𝜔1, 𝜔2 ∈ W.

(ii) There exists constant 𝛿1 > 0 such that ∥𝜔 ∥2 ≤ 𝛿1 for any

𝜔 ∈ W. (iii) There exists constant 𝛿2 > 0 such that |𝑓𝑡 (𝜔) | ≤

𝛿2 for any 𝜔 ∈ W. (iv) There exists constant 𝛿3 > 0 such that

∥𝑔𝑡 (𝜔)∥∞ ≤ 𝛿3 for each 𝜔 ∈ W. (v) The algorithmic parameter

𝜇 and Lipschitz modulus 𝜙 satisfy 𝜇 ≥ 𝜙2. Then we define some

notations to quantify the violation from different perspectives for

∀𝑡 : (i) 𝑣𝜔 (𝑡) ≜
∑𝑡−1

𝜏=0 ∥𝜔
∗
𝜏+1 − 𝜔

∗
𝜏 ∥2 . (ii) 𝑣 𝑓 (𝑡) ≜

∑𝑡−1
𝜏=0 ∥ 𝑓𝜏 − 𝑓𝜏+1∥∞ .

(iii) 𝑣𝑔 (𝑡) ≜
∑𝑡−1

𝜏=1 ∥𝑔𝜏−1 − 𝑔𝜏 ∥
2
∞ . (iv) 𝑣̃𝑔 (𝑡) ≜

∑𝑡−1
𝜏=1 ∥𝑔𝜏−1 − 𝑔𝜏 ∥∞ .

(v) 𝑣𝜆 (𝑡) ≜
∑𝑡−2

𝜏=0 ∥𝜆
∗
𝜏 − 𝜆

∗
𝜏+1∥2. Here, the optimal primal and dual

variable are denoted as 𝜔∗𝑡 and 𝜆
∗
𝑡 , respectively.

According to equation (7), we have 𝜆𝑛,𝑡+1 ≥ 0. Then, for ∀𝑡 ≤ 𝑇 ,

𝜆𝑛,𝑡+1 + 𝑔𝑛𝑡 (𝜔𝑡+1) ≥ 0. If 𝑔𝑛𝑡 (𝜔𝑡+1) ≥ 0, we will gain

𝜆𝑛,𝑡+1 ≥ 𝜆𝑛𝑡 + 𝑔𝑛𝑡 (𝜔𝑡+1) ≥ 𝑔𝑛𝑡 (𝜔𝑡+1) = |𝑔𝑛𝑡 (𝜔𝑡+1) |,

If 𝑔𝑛𝑡 (𝜔𝑡+1) < 0, then we can acquire

𝜆𝑛,𝑡+1 ≥ −𝑔𝑛𝑡 (𝜔𝑡+1) = |𝑔𝑛𝑡 (𝜔𝑡+1) |,

which leads to 𝜆2𝑛,𝑡+1 ≥ 𝑔2𝑛𝑡 (𝜔𝑡+1). Summing this inequation over

all 𝑛 yields ∥𝜆𝑡+1∥2 ≥ ∥𝑔𝑡 (𝜔𝑡+1)∥2 . Then, in view of the work [45],

for ∀𝑡 , we are able to get the following inequality:
∑𝑡−1

𝜏=0 𝑓𝜏 (𝜔𝜏 ) ≤
∑𝑡−1

𝜏=0 𝑓𝜏 (𝜔
∗
𝜏 ) +

1
2
∥𝑔𝑡−1 (𝜔𝑡 )∥

2
2 −

1
2
∥𝜆𝑡 ∥

2
2 + 𝑣 𝑓 (𝑡))

+ 𝑣𝑔 (𝑡 + 4𝜇𝛿1𝑣𝜔 (𝑡) + ∥𝑔0 (𝜔0)∥
2
2 + 𝛿2 + 𝑓0 (𝜔0) + 𝜇∥𝜔0 − 𝜔

∗
0 ∥

2
2 .

Substituting ∥𝜆𝑡 ∥2 ≥ ∥𝑔𝑡−1 (𝜔𝑡 )∥2 into this inequality gives

R2 ≤ 𝑣 𝑓 (𝑇 ) + 𝑣𝑔 (𝑇 ) + 4𝜇𝛿1𝑣𝜔 (𝑇 ) + 𝛿2

+ ∥𝑔0 (𝜔0)∥
2
2 + 𝑓0 (𝜔0) + 𝜇∥𝜔0 − 𝜔

∗
0 ∥

2
2 .

Due to 𝑣 𝑓 , 𝑣𝑔, 𝑣𝜔 are sub-linear in 𝑡 ≤ 𝑇 , then R2 ≤ 𝑜 (𝑇 ).

C. Proof of Theorem 4.3

Based on equation (7), we have 𝜆𝑛𝑡 ≥
∑𝑡−1

𝜏=0 𝑔𝑛𝜏 (𝜔𝜏+1), ∀𝑡 ≤ 𝑇 .

Therefore, we can obtain the following inequation, ∀𝑡 ≤ 𝑇 :
∑𝑡−1

𝜏=0 𝑔𝑛𝜏 (𝜔𝜏 ) ≤
∑𝑡−2

𝜏=0 |𝑔𝜏+1,𝑘 (𝜔𝜏+1) − 𝑔𝑛𝜏 (𝜔𝜏+1) |

+ 𝑔𝑛0 (𝜔0) +
∑𝑡−2

𝜏=0 𝑔𝑛𝜏 (𝜔𝜏+1) ≤ 𝑔𝑛0 (𝜔0) + 𝜆𝑛,𝑡−1 + 𝑣𝑔 (𝑡)

As 𝜆𝑛,𝑡−1 ≤ ∥𝜆𝑡−1∥2, then, for ∀𝑡 ≤ 𝑇 , we can gain
∑𝑡−1

𝜏=0 𝑔𝑛𝜏 (𝜔𝜏 ) ≤ 𝑔𝑛0 (𝜔0) + 𝑣𝑔 (𝑡) + ∥𝜆𝑡−1∥2 .

Based on the previous work [45], for ∀𝑡 ≤ 𝑇 , we will have

∥𝜆𝑡 ∥2 ≤ 4𝑣𝜆 (𝑡) + 2
√︃
𝑣 𝑓 (𝑡) +

√︁
2𝑣𝑔 (𝑡) +

√︁
8𝜇𝛿1𝑣𝑥 (𝑡)

+

√︃
𝛿3

2 + 4𝛿2 + 2𝜇∥𝜔0 − 𝜔
∗
0 ∥

2
2 + 2∥𝑔0 (𝜔0)∥

2
2 + 2∥𝜆

∗
0 ∥2 .

Making use of this inequation and noting that the R.H.S. for it is

monotonically increasing with 𝑡 ≤ 𝑇 , we get the bound:

V ≤ 𝑣𝑔 (𝑇 ) + 4𝑣𝜆 (𝑇 ) + 2
√︃
𝑣 𝑓 (𝑇 ) +

√︁
2𝑣𝑔 (𝑇 )

+

√︃
𝛿3

2 + 4𝛿2 + 2𝜇∥𝜔0 − 𝜔
∗
0 ∥

2
2 + 2∥𝑔0 (𝜔0)∥

2
2

+ 2∥𝜆∗0 ∥2 + 𝑔𝑛0 (𝜔0) +
√︁
8𝜇𝛿1𝑣𝜔 (𝑇 )

Considering that 𝑣𝑔 and 𝑣𝜆 are sub-linear in 𝑡 ≤ 𝑇 while 𝑣 𝑓 , 𝑣𝑔 and

𝑣𝜔 are subquadratic in 𝑡 ≤ 𝑇 , we haveV ≤ 𝑜 (𝑇 ).

D. Proof of Theorem 4.4

We use 𝛾𝑛𝑡 , 𝜔̄𝑡 to denote the online decisions obtained from our

algorithms, and 𝛾𝑛, 𝜔̂ to denote the static offline optimal decisions

for the original problem P over the whole time horizon. We have

R = E[P(𝛾𝑛𝑡 , 𝜔̄𝑡 )] − P(𝛾𝑛, 𝜔̂) = E[P(𝛾𝑛𝑡 , 𝜔̄𝑡 )] − E[P(𝛾𝑛𝑡 , 𝜔̂)]

+ E[P(𝛾𝑛𝑡 , 𝜔̂)] − P(𝛾
∗
𝑛, 𝜔̂) + P(𝛾

∗
𝑛, 𝜔̂) − P(𝛾𝑛, 𝜔̂) .

As the expectation is only for 𝛾𝑛𝑡 , the first two terms are bounded

by Theorem 4.2, where 𝜔∗𝑡 is the optimum at 𝑡 given 𝛾𝑛𝑡 :

E[P(𝛾𝑛𝑡 , 𝜔̄𝑡 )]−E[P(𝛾𝑛𝑡 , 𝜔̂)] ≤ E[P(𝛾𝑛𝑡 , 𝜔̄𝑡 )]−E[P(𝛾𝑛𝑡 , 𝜔
∗
𝑡 )] ≤ 𝑜 (𝑇 ) .

The next two terms are bounded by Theorem 4.1:

E[P(𝛾𝑛𝑡 , 𝜔̂)] − P(𝛾
∗
𝑛, 𝜔̂) ≤ 𝑜 (𝑇 ) .

The last two terms can also be bounded:

P(𝛾∗𝑛, 𝜔̂) − P(𝛾𝑛, 𝜔̂) = P1 (𝛾
∗
𝑛) − P1 (𝛾𝑛) ≤ 0,

because 𝛾∗𝑛 statically minimizes P1. That is, overall, we obtain

R = E[P(𝛾𝑛𝑡 , 𝜔̄𝑡 )] − P(𝛾𝑛, 𝜔̂) ≤ 𝑜 (𝑇 ) + 𝑜 (𝑇 ) + 0 = 𝑜 (𝑇 ) .
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