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Abstract

Large language model (LLM) inference workload dominates
a wide variety of modern Al applications, ranging from multi-
turn conversation to document analysis. Balancing fairness
and efficiency is critical for managing diverse client work-
loads with varying prefix patterns. Unfortunately, existing
fair scheduling algorithms for LLM serving, such as Virtual
Token Counter (VTC), fail to take prefix caching locality into
consideration and thus suffer from poor performance. On the
other hand, prefix-aware scheduling algorithms in existing
LLM serving frameworks tend to maximize the prefix cache
hit rate without considering fair sharing among clients.

This paper introduces the first prefix-aware fair schedul-
ing algorithm, Deficit Longest Prefix Match (DLPM), which
can maintain a high degree of prefix locality with a fairness
guarantee. We also introduce a novel algorithm, DoubleQ,
extending DLPM for distributed setup that can find a bal-
ance point among fairness, locality, and load-balancing. Our
extensive evaluation demonstrates the superior performance
of DLPM and DoubleQ in ensuring fairness while maintain-
ing high throughput (up to 2.87x higher than VTC) and low
per-client (up to 7.18 x lower than state-of-the-art distributed
LLM serving system) latency.

1 Introduction

Online inference workloads for large language models
(LLMs) are rapidly becoming widespread, driven by their
general-purpose capabilities and versatility across a wide
range of tasks such as search engines [2], coding assistant [12],
autonomous agents [30, 34, 48], and tool calling [35,39]. The
release of OpenAlI’s ol model has further highlighted the test-
time scaling phenomenon [4, 8,32,43], where the allocation
of increased computational resources during inference via
techniques such as Monte Carlo Tree Search (MCTS) [37,54],
Best-of-N sampling [43] and Self-refine [25], can substan-
tially improve the quality of LLM-generated answers across
various tasks. The increasingly complex test-time compute re-
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Figure 1: DLPM achieves a new Pareto frontier considering locality
and fairness in LLM serving. Q is a hyper-parameter in DLPM,
indicating how much we relax the fairness bound of DLPM. Results
are obtained in a single A10 GPU.

quirements underscore the growing prominence of inference
workloads in the LLM landscape.

Despite the advance in LLM generation quality, efficiently
scaling online LLM inference services remains challenging,
posing substantial barriers to their broad adoption. On the one
hand, service providers need to provide isolation between con-
current tasks to ensure stable and predictable performance for
all clients [31]: a client’s experience should not be negatively
impacted by a dominant or malicious client. On the other
hand, service providers want to maximize system efficiency
to improve throughput and reduce cost.

Unfortunately, existing scheduling algorithms [21,41,44,
57] for LLM serving fall short of achieving these dual goals
effectively, as shown in Fig. 1. Although fair scheduling algo-
rithms such as Virtual Token Counter (VTC) [41], are work-
conserving — ensuring the system is fully utilized as long as
there are requests in the system — they are not locality-aware.
Locality awareness is essential for enhancing memory and
computational efficiency, particularly through mechanisms
such as prefix sharing [57]. Reusing the prefix’s key-value
(KV) tensors across multiple requests allows multiple requests
sharing the same prefix to retain only one copy of the prefix’s
KV tensors in GPU memory. Moreover, it reduces redundant



computation of the prefix’s KV tensors. Conversely, algo-
rithms such as Longest Prefix Match (LPM) [57] enhance the
system efficiency by prioritizing prefix locality: reordering
the requests to maximize the prefix cache hit rate, yet they fail
to guarantee effective isolation among clients — a malicious
client can monopolize shared resources by sending a large
volume of requests with long identical prefix, significantly
degrading the performance experienced by other clients.

Achieving both fairness and prefix locality in LLM infer-
ence scheduling is challenging, as these two goals inherently
conflict with each other. Prefix sharing, for instance, may
require reordering requests to group those with identical pre-
fixes together. In contrast, fair scheduling algorithms prioritize
serving requests in a specific order to ensure isolation and
prevent any single client from dominating resources. This nec-
essary ordering can interfere with the efficiency gains from
prefix sharing, as it restricts the flexibility to reorder requests
for optimal resource utilization. This challenge is exacerbated
in a distributed setting, where the algorithm must decide not
only the order in which the requests are dispatched, but also
to which GPU they are dispatched to achieve load balancing
and prefix locality. This dual consideration of dispatch order
and location significantly complicates achieving efficient and
fair resource allocation across multiple GPUs.

In this paper, we introduce the first prefix-aware fair
scheduling algorithm Deficit Longest Prefix Match (DLPM)
for LLM serving which relaxes the dispatch order required
by VTC to better preserve prefix locality while still bounding
the allocation fairness. As illustrated in Fig. 1, DLPM can
achieve throughput comparable to that of LPM while main-
taining a degree of fairness close to that provided by VTC.
We further propose a novel distributed scheduling algorithm
Double Quantum (DoubleQ) that builds on top of DLPM to
preserve high per-GPU prefix locality with a global fairness
guarantee in a distributed setting.

In summary, this paper makes the following contributions:
* We introduce the first prefix-aware fair scheduling algo-

rithm DLPM and its distributed version DoubleQ for LLM

serving, which can achieve up to 2.87 x higher throughput

than VTC and up to 7.18x lower latency than the state-of-

the-art locality-aware scheduling algorithm [44,57].

* We provide rigorous theoretical bounds on DLPM and Dou-
bleQ’s fairness property, including service bound and la-
tency bound between various types of clients.

* We conduct extensive evaluations on our proposed algo-
rithms and demonstrate their superiority in achieving high
system throughput while preserving fairness guarantees.

2 Background and Motivation

In this section, we first briefly introduce the basics of LLM
inference, prefix caching, and fairness in LLM serving (§2.1).
We then discuss key issues with existing LLM serving
scheduling algorithms and the challenges they pose (§2.2).

2.1 Transformer-Based LLM Inference

LLM Inference Modern transformer-based LLM inference
consists of prefill and decode phases. The prefill phase takes
input prompt, computes internal embedding vectors through
the attention mechanism [47], and generates the first output
token. These embedding vectors are normally stored inside
the GPU memory as the KV cache to avoid recomputation. In
the decode phase, new tokens are generated auto-regressively
until an End-Of-Sequence (EOS) token is encountered or the
pre-defined maximum token length is reached. During each
iteration of token generation, the key-value (KV) cache of all
previous tokens will be needed and the key-value tensors of
the newly generated token will be appended to the KV cache.
Such auto-regressive generation can lead to sub-optimal de-
vice utilization and decreased serving throughput [36]. To
enhance GPU utilization, [52] proposed continuous batch-
ing. However, limited memory capacity emerged as a critical
bottleneck, restricting batch sizes and thus reducing GPU effi-
ciency. To address this issue, [21] developed PagedAttention,
which mitigates memory fragmentation inherent in continu-
ous batching and significantly enhances memory efficiency.

Prefix Caching and Locality To further improve the memory
and computation efficiency, SGLang [57] introduced Radix-
Attention to facilitate the reuse of the KV cache of the shared
prefix across multiple different LLM calls. By exploiting the
prefix locality, memory usage for the KV cache is reduced,
allowing for larger batch sizes and improved GPU utilization.
Additionally, it eliminates redundant computations for the
shared KV cache,

This technique is increasingly crucial for emerging multi-
call LLM workloads such as Tree-of-Thought [51], Skeleton-
of-thought [29], MCTS [54], and Self-refine [25], where there
are substantial opportunities for prefix sharing. For instance,
in a Tree-of-Thought program, all branches originating from
the same node share the entire prefix up to the root. As the
tree expands, the number of requests sharing the same prefix
grows, and as the tree deepens, the length of the shared prefix
increases.

LLM Serving Fairness Achieving efficient online LLM in-
ference with Service Level Objective (SLO) guarantees neces-
sitates isolation among different clients [41]. This need arises
because clients share the same GPU accelerators and compete
for these GPU resources. Without isolation, there is a risk that
one client might monopolize resources, leading to the star-
vation of others. Moreover, to optimize resource utilization,
it is crucial to reallocate unused resources from one client
to another rather than merely imposing a rate limit [31] on
each client for isolation purpose. Rate limit simply disallows
clients to send requests beyond a certain rate which harms
the resource utilization as shown in [41]. Formally, our goal
is to achieve the classic max-min fairness [49], where the
fair scheduling ensures each client receives at least 1/n of the
resources, with n representing the total number of clients. If
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Figure 2: Requests from the same client share prefixes with each
other. In LPM locality-aware scheduling, the system schedules the
GPUs to process all requests from Client 1 to maximize prefix shar-
ing while starving Client 2. In VTC fair scheduling, the system
processes requests in turn to maximize fairness, while ignoring the
prefix sharing opportunity. Our DLPM scheduling achieves the best
of two worlds through a novel quantum mechanism (§4) to guarantee
locality while not sacrificing fairness.

some clients do not fully utilize their allocated share, these
resources can be redistributed to others.

VTC [41] proposes the first fair scheduling algorithm
called Virtual Token Counter targeting the continuous batch-
ing mechanism in online LLM serving. It tracks the tokens
serviced for each client as the virtual counter and prioritizes
clients with the lowest counters in each batching iteration.
By tracking token-level resource usage, VTC achieves fair
scheduling even when the output length of the request is un-
known in advance.

2.2 The Trade-offs

Locality vs. Fairness Achieving both strong fairness and
high locality for efficient online LLM serving is inherently
challenging, since these two are usually at odds with each
other, as illustrated in Fig. 2. On the one hand, locality-aware
scheduling (Fig. 2a) reorders requests to group those with
similar prefixes — often originating from the same client — to
the same GPU to optimize for prefix locality. On the other
hand, the VTC fair scheduler (Fig. 2b) adheres to a strict
order based on per-client resource usage counters to dispatch
requests, ensuring no client continuously dominates the GPU
usage; such an order compromises locality as it intersperses
the requests of the same client with requests from other clients.
Fig. 1 also demonstrates the vastly different prioritizations
of these two techniques, highlighting the trade-off between
fairness and prefix locality.

Locality vs. Load-Balancing The challenge intensifies in
distributed settings, where model replicas are served on multi-
ple workers, each managed by its own local scheduler, with a
global scheduler coordinating all these local workers. In this
scenario, the scheduling algorithm on the global scheduler
must balance a trade-off between locality and load balancing.

Fairness
(Sec. 4)
Localit Load-Balancing
ocality (Distributed setting)
(Sec. 5)

Figure 3: This paper addresses the conflict between fairness and
locality through the DLPM mechanism (§4). It further addresses the
conflict between locality and load balancing in distributed settings
with the DoubleQ mechanism (§5).

For instance, simply distributing requests equally across the
cluster is suboptimal due to the high prefix recompute over-
head. Similarly, always dispatching requests with the same
prefix to a single GPU can lead to workload imbalance.

Design Goals The main goal of this paper is to provide a
principled way of navigating the trade-off between strong
fairness and high locality in online LLM serving, as well as
between locality and load-balancing in distributed settings.
Our methodology ensures that the algorithms for single and
distributed settings can be combined to maintain global fair-
ness effectively. In the remainder of the paper, we begin by
discussing preliminary concepts related to fairness in LLM
serving (§3), then we introduce our fair scheduling design for
a single worker (§4), and finally, we expand this approach to
distributed fair scheduling (§5).

3 Preliminaries

In this section, we first formally define the properties a fair
scheduling algorithm needs to meet for LLM serving, follow-
ing those described in VTC [41]. We then discuss the cost
function we adopt for service measurement.

Definition 3.1 (Backlog). A client u is backlogged if dispatch-
ing additional requests cannot further increase throughput and
can only incur additional queueing delay. In distributed set-
tings, depending on the load-balancing policy, a backlogged
client may have requests in queues of certain workers or all
workers.

Fairness Properties Similar to VTC, our goal is to achieve

approximate max-min fairness [49] on the service received

by each client; different from VTC, we also want to preserve
prefix cache locality. More formally, an LLM serving system
that can achieve approximate max-min fairness should satisfy

the following three properties [41]:

1. During any time interval [f],2;), if two clients f and g are
continuously backlogged, they should receive a similar
level of service, i.e. [Wy(t1,12) — We(t1,12)| < 8, where &
is a constant value independent of , —f1.



Table 1: The upper half includes notations for service measurement.
The lower half includes notations for the DLPM and DoubleQ al-
gorithm and their analysis. *The extend tokens are the input tokens
excluding prefix tokens.

Notation ‘ Explanation

Wy(t1,t2) | service received by f during interval [t1,1,)
ne number of processed extend tokens*
ng number of processed output tokens
We weight of extend tokens in the cost function
Wy weight of output tokens in the cost function
o~ the quantum assigned to each client in DLPM
qi the deficit counter of client i in DLPM
oY the quantum assigned to each worker in DoubleQ
Giw the deficit counter of worker w for client i in DoubleQ
Linpur maximum number of input tokens in a request
Lout pur maximum number of output tokens in a request
M maximum number of tokens that can be fitted in a
running batch
U maximum number of counter that a single request
can consume we - Lippy +wg-M
D data parallelism degrees

2. A client f that is continuously backlogged during a time
interval should not receive less service than another client
g that is not continuously backlogged during the same
time interval, i.e. Wy (t1,12) — Wy (t1,12) < 8, where d is a
constant value.
3. The scheduling policy should be work-conserving: no
worker should be idle if there are requests in the queue.
The first property states that a client sending at a high re-
quest rate is guaranteed to not receive more than their fair
share of service and will not impact other normal-behaved
clients. The second property prevents clients from accumulat-
ing unused service by first sending at a low request rate and
later monopolizing the system. The third property guarantees
that no resources are wasted in order to enforce fairness.

Measurement of Service Another important aspect in de-
signing a fair scheduling algorithm for LLM serving is how
the service should be measured. In VTC, the cost function
is defined as a weighted sum of the number of input tokens
and the number of output tokens. To incorporate the impact
of prefix sharing (i.e., reduced memory and computations),
we introduce a slightly different measure. Intuitively, with
prefix sharing, the prefix tokens’ cost should only be counted
once when it is first calculated and stored in the GPU memory.
Our prefix-aware version of the cost function is then defined
as W(t1,t2) = we - ne(t1,12) +wy - ng(t1,12). The notations are
explained in Tab. 1. Here w, and w, are set to be 1 and 2,
inspired by OpenA[’s pricing for GPT4'

"https://openai.com/api/pricing/

4 Deficit Longest Prefix Match (DLPM)

In this section, we present our algorithm DLPM for the single
worker in §4.1 and the proved fairness guarantees in §4.2.

4.1 Algorithm Design

In the Longest Prefix Match (LPM) algorithm [57], at each
continuous batching step, the scheduler first sorts current re-
quests in the waiting queue based on their matched prefix
length and then adds them to the new batch until the memory
pool is full. LPM efficiently utilizes memory by grouping
requests that can share a common prefix, thus maximizing the
decoding batch size, which in turn leads to better operational
intensity and throughput for the decoding phase.

To maintain the cache hit rate while introducing a fair-
ness guarantee, it is essential not to disrupt the LPM order
of the requests excessively. To achieve this, we incorporate
a quantum mechanism inspired by the deficit round robin
(DRR) approach [42]. This mechanism compels the scheduler
to occasionally prioritize requests from less-served clients
over those with the longest matching prefixes. Intuitively, this
mechanism is effective because it preserves the local ordering
inherent to the LPM. As a result, the system continues to
benefit significantly from the memory savings brought by the
shared prefixes, while the additional cost of prefix recompu-
tation is incurred only when switching to serve less-served
clients. This balanced approach allows DLPM to uphold the
core efficiencies of the original LPM algorithm while enhanc-
ing fairness across client requests, ensuring that no clients
monopolize the batching process to the detriment of others.

The core algorithm of DLPM is presented in Algorithm 1.
Initially, the algorithm initializes all clients’ deficit counter g;
to zero, with Q" representing the service quantum replenished
to each client in a cycle. At each continuous batching step,
DLPM performs the following steps: 1) It sorts the requests
in the waiting queue by their matched prefix length and then
tries to add them to the currently running batch (B) until the
memory pool is full. 2) The request will be added to B if the
corresponding client has a positive deficit counter (g; > 0).
Otherwise, the request will be skipped. When all the active
clients have g < 0, they will be replenished by Q" at Line 7.
3) After each request is added to B, the corresponding client’s
deficit counter will deduct the amount of service invoked by
the extend tokens. 4) The new batch B then goes through
one model forward step. After each decoding step, the service
invoked by the output tokens will be deducted from the client’s
deficit counter accordingly.

4.2 Fairness Guarantees of DLPM

In this section, we provide the theoretical fairness guarantees
of DLPM that correspond to the three properties we intro-
duced in §3. The full proofs are provided in Appendix A.1.
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Algorithm 1 Deficit Longest Prefix Match (DLPM)

let [ denotes the client list
let B denotes current running batch
function CHECKREFILL(I, Queue)
for all i € {client(r) | r € Queue} do
if ¢; > 0 then return
foralli €/ do
if qi < 0 then qgi < qi+ o
end function
>with monitoring stream:
while True do
if new request r from client i arrived then
12: ifi¢ltheng; <0, < I+u
13: Queue < Queue +r
14: > with execution stream 1:
15: while True do

R A A e

—_— —
—_ O

16: Queue <— SORTBYPREFIX(Queue)

17: while not Queue.empty() do

18: for cach r € Queue do

19: i < client(r)

20: if ¢; < 0 then CHECKREFILL(I, Queue)
21: if g; > O then

22: if CANADD(r) then

23: B+ B+r

24 qi < qi — W, - extend_length(r)
25: Queue < Queue —r

26: FORWARDSTEP(B)
27: gi < qi —wyq - |{r|client(r) = i,r € B}|
28: B + filter_finished_requests(B)

Theorem 4.1 (Service bound between backlogged clients).
Under the DLPM scheme: for any time interval [t1,t2), if
two clients f and g are continuously backlogged. Then the
difference in their received service are bounded: |Wy(ty,t2) —
We(t1,02)] <2-(U+Q"), where U = we - Lippus +wg - M.

Proof. Let the client with maximum service be f, and the

client with minimum service be g. Consider #; and #,.

* At 1y, since both clients f and g are backlogged and are in
client list /, both client f and client g have been replenished
the same k number of times in Line 7 since #;. f and g are
backlogged, Line 5 ensures that both clients have negative
q; before reaching Line 7 and be replenished.

* Since 11, client f at r, has received service Wr(t1,) =
qr(t1) +k-Q"—qy(t2). client g at 1, has received service
We(t1,12) = qg (1) + k- Q" — gy (12).

o Wrlti,n2) = Weltr,2)| = lap(t) — qr(r2) — qg(tr) +
qg(r2)| <lgr(tr) —qr(2)|+1gg(r2) —qo (1) < 2- (U +Q"),
according to Theorem A.1.

O

Theorem 4.2 (Service bound between backlogged and

non-backlogged clients). Under the DLPM scheme: Client
f that is continuously backlogged during time interval [t} 1)
should not receive less service than another client, g, that is
not continuously backlogged during the same time interval,
that is Wy(t1,t2) > We(t1,12) —2U — 20"

Proof. * Consider client f and client g. f is continuously
backlogged and g is not continuously backlogged.

* If g is not backlogged during the entire duration from #; to
12, Wy (t1,12) < U, with no new request arrival.

» Letclient f be replenished k} at time ¢ in Line 7.

* Since f is continuously backlogged from #; to ;, k')? — ktf‘ >
ki? - k;‘. A backlogged client will be replenished for the
same time as another backlogged client, from Theorem 4.1.
A non-backlogged client will be replenished less as it is not
in the active client list (Line 5).

Wt 12) = Wr(1,12) = (qg(1) +KEO" — () — ke 0) —
(qr(t) +k7 Q" —qp(t2) +k; Q") <2(U+Q") - Q"+ (kj —
Kf — k¢ +k¢) <2(U+Q"), since Q- (K7 — K} — k¢ +
kg) > 0.

O

The DLPM algorithm is work-conserving since it only
manipulates the dispatch order and does not reject a request
if it fits into the running batch.

Theorem 4.1 and Theorem 4.2 reflect the first and second
properties introduced in §3. Illustrative examples for Theo-
rem 4.1 can be found in Fig. 8 and Fig. 12 in §7.1, where
within any time interval, the difference of the received service
of two continuously backlogged clients is bounded.

5 Applying DLPM to Distributed Scheduling

In this section, we first present the strawman solution of cen-
tralized DLPM for distributed scheduling that ignores the
scheduling overhead (§5.1). We then proposed a decentral-
ized DLPM solution that hides this overhead while preserving
fairness property (§5.2).

5.1 Strawman: Centralized DLPM

The DLPM algorithm works perfectly when there is no
scheduling overhead such that the DLPM scheduler could
immediately make decisions based on freshest GPU states.
Unfortunately, in real-world distributed scenarios, scheduling
overhead happens significantly because of concurrent request
handling and synchronization, prefix tree traversing and main-
tenance, and more. Recent work has also shown that the CPU
scheduling overhead occupies nearly half of the inference
time for two popular LLM inference engines [45].

Global-local States Synchronization To enable global
DLPM for fair scheduling in distributed setups, we need to
synchronize local and global prefix caching information. This
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Figure 4: Global scheduler overhead breakdown w.r.t data paral-
lelism degree and global queue size. The time for one decode step
with bs=25 is also reported for reference. Existing serving engines
such as vVLLM [21] and SGLang [57] normally perform a continuous
batching step after multiple (e.g., 10 in SGLang) decoding steps.

synchronization ensures that the global scheduler can repli-
cate the decision-making process typical of a single worker.
Using the token RadixTree from SGLang [57] as an example,
to construct an accurate global RadixTree at time #; (assume
the last time the global scheduler dispatches the requests at
time t;_1), updates from each worker s are encapsulated as
ATreeg, defined as:

ATree; (ti—l s ti) = (Ninserted7 Nevicted s MKV)S

where Nipserted and Nevicted are sets of nodes that have been
inserted to or evicted from the RadixTree, between the last
dispatch time #;_; and the current time ;. My indicates the
current available KV cache memory.

Upon sending these updates, the worker enters a blocked
state, awaiting new requests from the global scheduler. The
global scheduler then updates the RadixTree accordingly and
dispatches new requests to the local worker following the
DLPM algorithm. Such a synchronous approach guarantees
the effectiveness and correctness of DLPM in the distributed
setup; however, it incurs significant overhead due to the need
to block workers while awaiting new requests, and the race
conditions on the global waiting queue across workers.

Overhead Analysis The global scheduler’s overhead primar-
ily stems from synchronization overhead, algorithmic over-
head (e.g., the frequent tree-matching overhead for the global
waiting queue), and metadata updates overhead. Among these,
the metadata updates overhead per worker remains relatively
constant as the system scales. However, the synchronization
and algorithmic overhead increase dramatically as the data
parallelism degree (D)’ and global queue size increases, as
shown in Fig. 4. The prefix matching process (algorithmic
overhead) involves matching all incoming requests in the
global waiting queue against each worker’s radix tree and
sorting them based on prefix length to determine the dispatch
order. The "Prefix Match" time (blue) increases significantly

2Here data parallelism degree refers to the number of model replicas in
the distributed settings.
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Figure 5: An overview of the DoubleQ scheduler. The global sched-
uler tracks the deficit counters for each client per worker to control
the “stickiness” of a client to a worker. The local schedulers maintain
the deficit counters for each client to enforce the fair sharing of the
local GPU resources.

as the global queue size increases (Fig. 4b), which is normally
the case when the data parallelism degree grows.

Overall, Fig. 4 demonstrates how synchronization and al-
gorithmic overheads dominate as the data parallelism degree
increases, particularly for higher degrees (D = 8) — they add
to around 40% decoding overhead in the demonstrated case.
This analysis underscores the challenges of designing scalable
global schedulers to mitigate synchronization and algorithmic
bottlenecks as the system scales.

Besides the significant scheduling overhead, the Global
DLPM scheduler also requires extensive modification of the
local worker to enable local-global information synchroniza-
tion and the blocking operation to wait for the global scheduler
dispatching requests.

5.2 Our Solution: Decentralized DLPM

To mitigate the global scheduling overhead and tight coupling
between the global scheduler and the local worker, we resort
to decentralized scheduling: dispatching the requests directly
to local workers and queueing them at the local worker instead
of the global scheduler. Most of the existing distributed sched-
ulers for LLM serving (e.g., Preble [44] and SGLang [56])
follow this design.

In such a decentralized design, the local worker can directly
run a fair scheduling algorithm (e.g., DLPM); as long as the
global scheduler can balance the per-client service on all the
local workers, we could achieve global fairness guarantee [3].
Previous works in CPU scheduling [1] and wireless LANs
bandwidth sharing [3] also demonstrate the effectiveness of
such design. Therefore, the challenge now becomes how to
strike a good trade-off between load balancing and locality.

Double Quantum (DoubleQ) Our key insight is to prioritize



Algorithm 2 DoubleQ Scheduling

1: let s,, denotes the current queue size of worker w.

2: W <~ GETWORKERS(), R <~ INITRADIXTREE(|W|)
3: function SELECTWORKER(G, i)

4: Gavail — {W | qiw > O}

5: while G,,,; == 0 do
6
7
8

forallwe Wdo g, < giw—+Q"

Gcand —GnN Gavail
if G.4ng == 0 then return arg minweGmﬂ Sy
return argmin, . sy
9: end function
10: >with concurrent stream 1:
11: while True do

12: if new request r from client i arrived then
13: G < R.LONGESTMATCHW ORKERS(r)
14: w < SELECTWORKER(G, client(r))

15: DISPATCH(w, 1)

16: qiw < qiw — We - r.input_tokens

17: Sy s+ 1

18: R.INSERT(r.input_tokens, w)

19: > with concurrent stream 2:
20: while True do

21: if request r from client 7 has finished at worker w then
22: Giw < qiw - Wq - r.output_tokens
23: Sy s —1

24: >with concurrent stream 3:

25: while True do

26: if prefix P has been evicted at worker w then
27: R.EVICT(P, w)

locality first until certain limits are met: we use the quantum
mechanism again to avoid a client becoming too sticky to a
single worker due to the prefix cache locality by assigning
quantum to each worker for each client. As demonstrated
in Fig. 5 and Algorithm 2, for each new request, the global
scheduler first matches it with the global radix tree and get
the workers G that have its longest-matched prefix (Line 13).
Then in the SELECTWORKER function (Line 3), if any wok-
ers in G has deficit counter larger than 0 (G,,4;), the worker
with minimum queue size in G N G,y Will be chosen. Oth-
erwise, the worker with minimum queue size in G4 Will
be selected. After each request is dispatched, the request’s
input tokens will be inserted into the global radix tree and
the corresponding deficit counter will be updated (Line 17).
The global scheduler will periodically update corresponding
deficit counter when there are requests finished (Line 23)
as well as prune the global radix tree with collected local
workers’ eviction information (Line 27). Note that unlike the
centralized DLPM where the eviction information needed to
be passed to the global scheduler synchronously, in DoubleQ
this happens asynchronously with negligible overhead.

We note that our DoubleQ scheduling (with local workers

running DLPM)’ provides global fairness guarantees cor-
responding to the properties introduced in §3 through the
following theorems.

Theorem 5.1 (Service bound between backlogged clients).
At any time interval [t1,1;), max; W;(11,t;) — min; W;(t;,52) <
2-|W|-(U+ Q"). The difference between the maximum ser-
vice among all backlogged clients and the minimum service
among all backlogged clients is bounded by 2-|W|- (U + Q"),
where |W| is the number of workers.

Theorem 5.2 (Service bound between backlogged and
non-backlogged clients). Consider any execution of the Dou-
bleQ scheme. Client f that is continuously backlogged dur-
ing time interval [t 1) should not receive less service than
another client, g, that is not continuously backlogged dur-
ing the same time interval, where Wy(t1,t2) — Wy(t1,12) <
2-(U+0")- W]

Since there are no requests rejected to enforce fairness,
DoubleQ scheduling is work-conserving.

6 Evaluation

6.1 Setup

Implementation We implement our DLPM and DoubleQ
schedulers with 1000 LoC in Python on top of SGLang [57],
a fast industry-standard LLM inference system.

Models and Hardware Our evaluation is conducted on
the widely-used model Llama-3.1-8B and Llama-3.2-3B-
Instruct [10]. Other transformer-based LLMs such as
Qwen [50], DeepSeek [7], and Mistral [18] share a similar
backbone architecture and are also compatible with our sys-
tem. For hardware, we test on NVIDIA A100 80GB and
A10G GPUs.

Table 2: Workload configurations.

Workload Dataset Avg Prefix Len. Avg Output Len.
Long-context QA LooGLE [23] 21449 15
Tree of Thoughts GSMSK [6] 546 256
LLM-as-a-Judge Synthetic articles [57] 2701 256
Real multi-turn ~ Chatbot Arena [56] 56 142

Workloads and Datasets We evaluate the efficiency and
effectiveness of the schedulers on 4 diverse LLM-based work-
loads, each characterized by its unique execution graph struc-
tures (Fig. 6) and variations in prefix and output length dis-
tributions. as detailed in Tab. 2. Specifically, we evaluate
long document understanding using the LooGLE [23] dataset.
We implement the Tree-of-Thought [51] program for solv-
ing GSMSK [6] problems (with a tree height of 4), and the

3Generally, in DoubleQ, the local worker can run any other fair scheduling
algorithms such as VTC. In this paper, DoubleQ specifically refers to the
implementation using DLPM at the local workers.



LLM-as-a-Judge [57] program, which utilizes the branch-
solve-merge technique to evaluate synthetic articles. We also
conduct experiments on real-world multi-turn conversation
traces from Chatbot Arena [56].

Thought 8 Thought 9 Bot

Laucsio I irt

E :
d & le-
2

(a) Long-Context QA (b) LLM-as-a-Judge (¢) Tree of Thoughts (d) Multi-Turn Chat

Figure 6: Illustration of the execution graphs of different workloads
in our benchmark.

Synthetic Traces For Long-context QA, Tree-of-Thoughts,
and LLM-as-a-Judge, we generate synthetic client request
traces following the Gamma process, as done in [24,40,41],
with the request rate increasing as the number of GPUs scales.

For these three workloads, we evaluate two distinct types
of misbehaving patterns, as detailed in Tab. 3. The first type
(S1) involves a misbehaving client sending more requests than
well-behaved clients. Specifically, although all clients send
programs at the same request rate, the misbehaving client
submits programs with a more complex execution graph (e.g.,
more branches in Tree-of-thought). The second type (S2)
features a misbehaving client sending programs with the same
structural complexity and at the same request rate as well-
behaved clients, but with the input altered to increase the
prefix length. These workloads are evaluated with the Llama-
3.1-8B model served on NVIDIA A100 GPUs. The related
results are reported in §6.2.

Table 3: Synthetic Workload Configurations. &3 stands for misbe-
having client and % denotes well-behaved clients.

Workload Detailed Behavior

S1: More Requests
Long-context QA G: Higher req rate

©3: Trees of 4 branches (340 req per tree)
: Trees of 2 branches (30 req per tree)
): Evaluation with 16 dimensions

Y Evaluation with 2 dimensions

Tree-of-thought

LLM-as-Judge

S2: Longer Prefix
Long-context QA
Tree-of-thought
LLM-as-Judge

©): 2% longer input documents
©3: 10x longer input questions
L): Extra 600 tokens before each article

Real-world Traces For real-world multi-turn conversation,
we re-scale the request time stamps provided in the dataset
and aggregate multiple clients’ requests to closely mimic high-
demand scenarios. This workload is evaluated with the Llama-

“https://huggingface.co/datasets/lmsys/chatbot_arena_
conversations

3.2-3B-Instruct model served on NVIDIA A10G GPUs. The
related results are reported in §6.3.

Baselines We compare DLPM and DoubleQ with three base-

line scheduling algorithms.

* DoubleQ: The local worker adopts DLPM, and the global
scheduler runs the DoubleQ algorithm when Data Paral-
lelism Degree D > 1.

e RR + LPM: The local scheduler runs LPM, and the
global scheduler uses the round-robin (RR) algorithm when
D > 1. It is the default distributed scheduling algorithm in
SGLang [57] without fairness guarantees.
Preble [44]: Preble is a state-of-the-art distributed LLM
serving system that aims to provide high serving through-
put by balancing load distribution and locality, yet without
fairness guarantee. Specifically, it dispatches requests based
on a pre-defined prefix-matching ratio to decide whether to
explore a new GPU or exploit locality.

e VTC: The local scheduler runs VTC [41], and the global
scheduler applies a per-client round-robin strategy when
D > 1. Extending VTC with round-robin scheduling is the
straightforward approach to ensuring fairness in distributed
settings, with fairness bound proven in Appendix A.3.

Metrics To measure the system efficiency and fairness
achieved by different scheduling algorithms, we use the fol-
lowing three metrics:

» Service Rate: We measure the clients’ service as a weighted
sum of the number of input tokens and the number of output
tokens, following VTC [41]°. As discussed in §3, the weight
for input token is 1 and the weight for output token is 2.

¢ Jain’s Fairness Index [17] is a widely-used metric for
evaluating the fairness of resource allocation in networked
systems [22]. The index is mathematically defined as:

J( ) _ ( ;'1:1 xi)2

X1,X2y-..,Xp) = nZlejz 5
where x; represents the allocation for the i client, and 7 is
the total number of clients. The value of J ranges from
% (minimum fairness, when one client monopolizes all
resources) to 1 (maximum fairness, when resources are
equally distributed). In our context, we compute the Jain’s
Fairness Index by letting x; denote the service rate of client
i. The calculation is based on the time interval during which
all clients are active, ensuring an accurate representation of
fairness across the system.
P50 and P99 Latency: We assess the scheduler’s effective-
ness in maintaining service quality for well-behaved clients
by measuring their P50 and P99 latency. We measure la-
tency using the end-to-end completion time for program
evaluation. We use the TTFT (Time to First Token) laten-
cyc® metric for long-context QA tasks.

SNote that this service rate is from clients’ perspective. From the system’s
perspective, the actual service is measured by the cost function using the
number of extend tokens.

For QA tasks, a shorter TTFT contributes to improved client experiences.
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Figure 7: Summary of results across three datasets and two types of misbehaving clients on up to 8 A100 GPUs (8B model). The reported
latency represents the average latency for well-behaved clients. The data point for S2@Tree of Thoughts with D = 8 is omitted, as it takes too

long to complete.

6.2 Results on Synthetic Traces

We present all three metrics across three workloads and two
types of misbehaving clients in Fig. 7. Both VTC and Dou-
bleQ provide theoretical fairness guarantees, whereas Preble
and RR + LPM do not. The data point for Preble with D = 1
is omitted because Preble is designed as a multi-GPU cache-
aware prompt dispatch system.

Throughput Analysis As previously discussed, ensuring fair-
ness inherently competes with maximizing throughput. How-
ever, DoubleQ’s effective global cache-aware scheduler and
DLPM enable significant performance gains, achieving up to
a 2.87x improvement compared to the only other fair algo-
rithm, VTC.

DoubleQ achieves better throughput than RR + LPM, with
improvements of up to 2.22x. In the case of S2@Tree of
Thoughts, the poor performance of RR + LPM with D = 8

compared to D = 4 can be attributed to the complex sharing
patterns inherent in Tree of Thoughts. Round Robin fails to
preserve locality among GPUs, leading to a significant drop
in cache hit rate (i.e., from 95% to 50%). This limitation
indicates that RR + LPM does not scale effectively when
clients submit complex LLM programs.

Compared to Preble, DoubleQ consistently matches or ex-
ceeds its performance across all workloads and GPU configu-
rations, demonstrating its ability to sustain high throughput
while ensuring fairness. An exception arises for S2@Long-
context QA with D = 8, where Preble outperforms DoubleQ
in throughput. This discrepancy occurs because DoubleQ
sacrifices some locality to maintain fairness, resulting in in-
creased prefix recompute overhead. As indicated in Tab. 2, the
LooGLE dataset features an exceptionally high prefix length-
to-output length ratio. In this case, the cost of recomputing
long documents becomes substantial, with the prefill stage



significantly dominating the generation time. Consequently,
the Long-context QA workload serves as a worst-case sce-
nario that adversely impacts DoubleQ’s throughput. However,
when the prefix length-to-output length ratio falls within a rea-
sonable range, the DoubleQ algorithm consistently matches
and even slightly surpasses the performance of state-of-the-art
non-fair scheduling algorithms. This is achieved through the
careful management of load balance and locality trade-offs in
the global scheduler, as well as locality and fairness trade-offs
in the local scheduler.

Jain’s Fairness Index Analysis From the second column in
Fig. 7, it is clear that DoubleQ consistently outperforms both
Preble and RR + LPM. This is because DoubleQ provides
strict fairness guarantees. However, it is slightly less fair than
VTC, as DoubleQ relaxes the fairness bounds to improve lo-
cality, which leads to higher throughput but slightly worse
fairness control. Preble performs slightly better than RR +
LPM due to its multi-level priority wait queue, which avoids
starvation but cannot provide isolation and strict fairness guar-
antee. As a result, there remains a notable gap between Preble
and DoubleQ.

Well-behaved Clients’ Latency Analysis We use the aver-
age P50 and P99 latency of well-behaved clients to evaluate
the experience of well-behaved clients when a misbehaving
client is present. Algorithms focusing on high system effi-
ciency might inadvertently increase latency for well-behaved
clients as these schedulers may prioritize the requests from
the misbehaving clients to optimize the prefix cache hit rate.
Preble and RR + LPM, therefore, can result in up to 7.18 x and
9.55 x higher latency, respectively, compared to DoubleQ. On
average, DoubleQ achieves 2.90x and 4.06 x lower latency
than Preble and RR + LPM. On the other hand, algorithms
that focus solely on fairness will also incur high latency for
well-behaved clients due to reduced overall system efficiency.
For instance, VTC can lead to latency up to 7.96x higher
than DoubleQ, with an average latency increase of 2.98 x.

6.3 Results on Real-world Traces

Figure 8 demonstrates the fairness and performance compari-
son of different schedulers on the real-world multi-turn con-
versation workload. In this workload, clients 2 and 3 initially
send excessive number of requests, and then return to normal
midway. A fair scheduler should prevent these two clients
from impacting other clients. Due to LPM’s prioritization
strategy, which favors requests with longer prefix matches,
Clients 2 and 3 receive a disproportionately large share of re-
sources. As a result, Clients 0 and 1 suffer from high response
times and reduced throughput. In contrast, VTC achieves rel-
atively low response times and maintains high throughput for
Clients 0 and 1. However, such strict fair allocation comes
at the expense of Clients 2 and 3, who endure substantial
response delays, reaching up to 80 seconds.

DLPM achieves a more reasonable distribution of re-
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Figure 8: Fairness and performance visualization for the real-world
multi-turn conversation workload (D = 2). Clients 2 and 3 send
requests at a much higher rate than Clients O and 1.

sources, protecting well-behaved clients from the disrup-
tive effects of high request rates by the misbehaving clients.
DLPM ensures consistently low response time and high
throughput for both well-behaved and previously misbehav-
ing clients. Thus, DLPM not only mitigates the impact of
malicious usage patterns but also improves overall system per-
formance and fairness compared to the baseline approaches.

7 Ablation Studies

7.1 Visualization of Fairness Properties

We visualize the response time and the services provided
by the server to different clients over time in Fig. 9. The
experiments use 4 A10G GPUs as the testbed, with all clients
sending Tree-of-Thought programs at the same rate and with a
consistent branch count of 3. However, client 0 is misbehaving
by sending a longer prefix, i.e. 10x longer than well-behaved
clients. The maximum value on the x-axis represents the
end-to-end completion time of all programs. As observed,
DoubleQ achieves the shortest execution time, demonstrating
up to 2x speedup compared to VTC and Preble.

From the first row of the figure, we observe that DoubleQ
consistently maintains lower response times compared to
VTC as it preserves a higher degree of locality, which en-
hances overall system efficiency. Furthermore, it avoids the
excessively high response time caused by schedulers like RR
+ LPM and Preble, which lack fairness control. These sched-
ulers tend to prioritize serving client 0, resulting in substantial
delays for other clients. For instance, as shown in the figure,
the service received by clients 1 and 2 between 100s and 700s
is almost zero for Preble, causing a queuing latency of up to
600 seconds.

The second and third rows depict the actual service and
the service received by each client, respectively. As shown
in the second row of Fig. 9, both VTC and DoubleQ achieve
an ideal sharing of resources across the 4 GPUs in terms
of actual service. In the third row, we can observe that the
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Figure 9: Fairness and performance visualization of different sched-
ulers on Tree-of-Thought workloads with D = 4 (3B model + 4
A10G GPUs). The maximum value on the X-axis represents the
end-to-end completion time for each scheduler. The actual service is
calculated using the cost function defined in §3, which is a weighted
sum of the number of extend tokens and the number of output tokens.

service rate of client O is higher than clients 1 and 2 — this
is because client O has longer prefix sharing and thus lower
cost per token. However, due to the relatively low cache hit
rate of VTC, it experiences worse end-to-end performance.
In contrast, the other two algorithms demonstrate significant
unfairness in resource allocation across clients.

A key highlight here is the extremely low throughput ob-
served with Preble. Preble prioritizes dispatching requests
to the GPU with the longest prefix-matching length, pro-
vided the matching length exceeds a predefined threshold.
Between 300 and 600 seconds, client 0’s requests are continu-
ously dispatched to a single GPU as the prefix-matching ratio
will always exceed the pre-defined threshold. Some requests
from clients 1 and 2 get queued at this monopolized GPU,
which blocks these clients from generating new requests (i.e.,
"deeper" thoughts), due to the inherent LLM call dependen-
cies in the Tree-of-thought programs. This results in severe
workload imbalance among the GPUs, with the cluster at
merely 1/4 of its potential computational capacity.

7.2 Impact of Q" in DLPM and Q" in DoubleQ

We now examine the trade-off between locality and fairness
using Q" and Q". The impact of Q" is illustrated in Fig. 1,
where increasing Q" enhances throughput but compromises
fairness control. By adjusting the value of Q“, the server can
achieve a tailored trade-off between performance and fairness,
defining a new Pareto frontier compared to VTC and LPM.
Fig. 10 illustrates the impact of Q" on throughput in Dou-
bleQ. To recap, Q" represents the quantum of service assigned
to each worker in DoubleQ, where a larger Q" typically im-
plies a better locality for requests within a client. As shown in
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Figure 10: Impact of Q" on throughput under different workloads
(D =4). The solid line represents throughput, while the dashed line
represents Jain’s Index. The fairness index in (b) is omitted as it
consistently equals 1.

Fig. 10, as Q" increases, the throughput of DoubleQ also in-
creases, eventually stabilizing and surpassing all other sched-
ulers. The low throughput of Preble, as seen in Fig. 10a, has
been explained earlier in §7.1.

Although Q" is not explicitly included in the fairness bound
of DoubleQ as demonstrated in Appendix A.2, it does slightly
affect Jain’s Fairness Index. Specifically, the index decreases
from 0.855 to 0.83 when Q" increases from 2000 to 40000,
due to the more unbalanced dispatching of requests within a
client /.

7.3 Scaling the Number of Clients

We assess DLPM’s performance as we increase the number
of clients from 5 to 50, using a single A10 GPU as the testbed,
while maintaining a constant total request rate. As depicted in
Fig. 11, DLPM consistently achieves a service rate compara-
ble to LPM, even as the number of clients increases, whereas
VTC consistently underperforms.

—e— LPM

~#— DLPM VvTC

r v v
5 10 50
Number of Clients

Figure 11: Service rate w.r.t the number of clients on a single A10
GPU (3B model).

Note that as the number of clients rises, the number of
distinct prefixes in the same volume of requests increases,
which marginally reduces the cache hit rate for both DLPM
and LPM, leading to a slight decrease in service rate as the
number of clients increases.

"When Q" is set to infinity, the algorithm is reduced to be similar as
Preble, which lacks fairness guarantees since the difference in load across
workers becomes unbounded, as proven in Theorem A.5



In contrast, VTC’s performance is less affected since its
cache hit rate is consistently low regardless of the number of
clients.

7.4 Mix of Workloads

As a complement to the single-workload scenario discussed
earlier, we now explore a more realistic setting where clients
handle diverse workloads. As shown in Fig. 12, DLPM consis-
tently achieves better response time and end-to-end execution
times compared to the other schedulers. In the LPM sched-
uler, clients sending Tree-of-Thoughts programs act as mis-
behaving clients, significantly increasing the response time
for other clients. From the second row, we observe that VTC
exhibits better fairness control than DLPM, as it provides
more evenly distributed actual service across clients. This
demonstrates that DLPM sacrifices some degree of fairness
to achieve higher throughput.
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Figure 12: Mix of workloads among four clients: two engage in
multi-turn conversations, while the other two send different pro-
grams, all within a single-GPU setup (3B model + an A10G GPU).

8 Related Work

Fairness in MLL. Workloads ML training workloads have
extensively studied the fairness problems in shared clus-
ters [5,26,27,38]. Due to their unique characteristics such as
long running time, placement sensitivity, and statistical effi-
ciency (i.e., the amount of progress per unit of data consumed),
traditional fair scheduling for big data workloads [15,16] does
not work well. To handle the long-running and placement-
sensitive natures of ML training workloads, Themsis [26] pro-
poses new finish-time fairness metrics, and leverages multi-
round partial allocation auctions to provide Pareto-efficient
and envy-free resource allocations. To consider statistical
efficiency for higher cluster-wide resource utilization, Pol-
lux [38] introduces goodput-driven cluster scheduling by
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jointly optimizing resource allocations and job batch sizes.
On the other hand, prior work VTC and our work focus on
the LLM inference-time fairness. Compared to VTC, our
work co-optimizes both fairness and prefix sharing for higher
performance without losing fairness.

Fairness in Other Workloads Fairness is a long-existing
topic in networking and operating systems. For example, net-
working needs to guarantee fairness among different switch-
ing ports [42] and during link bandwidth allocation [9, 13,
14,19, 33]; OS scheduling needs to guarantee fair CPU time
share among different processes [20, 46], and fair memory
allocations [28]. Fairness is also extensively studied in big
data workload scheduling with prominent prior work of Delay
Scheduling [53] and Dominant Resource Fairness [11]. Our
fair scheduling design is inspired by many prior work such as
Deficit Round Robin [42] and Delay Scheduling [53]; but dif-
ferently, we explicitly optimize for the prefix sharing property
in LLM inference workloads while guaranteeing fairness.

Locality in LLLM Inference Previous advances in LLM in-
ference focus on batching and memory optimization [21, 52].
SGLang further exploits locality in scheduling to improve
LLM inference performance for emerging applications such
as multi-turn chatting [57]. It leverages the LPM scheduling
with RadixTree to save GPU memory and avoid redundant
computations through prefix sharing. Preble [44] further ex-
tends LPM into distributed settings to jointly optimize load
balancing and prefix caching locality for high throughput.
BlendServe [55] co-optimizes GPU resource overlapping and
prefix sharing for offline LLM inference, achieving nearly op-
timal inference throughput. Unlike the above work which only
focuses on inference throughput, our work presents a prin-
cipled way of navigating the trade-off between performance
and fairness in multi-client scenarios.

9 Conclusion

This paper introduces the first prefix-aware fair scheduling
algorithm for LLM serving, namely, DLPM. We also propose
an extension of the algorithm, DoubleQ, to preserve locality
with global fairness guarantee in a distributed setup. Our
algorithm achieves up to 2.87x higher throughput than state-
of-the-art fair scheduling algorithms in LLM like VTC, and
7.18 x lower latency for victim clients compared to locality-
aware scheduling algorithms like Preble.
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A Appendix
A.1 Proof for Local DLPM

Theorem A.1 (Service Bound). Consider any execution of
the DLPM scheme in which client i is backlogged. After any
K; rounds (where q; is replenished K; times) from t| to ty,
the difference between K;- Q" (i.e., the service that client i
should have sent) and W(t1,12) (i.e., the service that client
i actually received) is bounded by max(Q",U), where U =
We 'Linput + Wy ‘M.

Proof. Let g;(r) denote the deficit counter value of client i
at time ¢. Since the deficit counter will only be refilled when
g; <0 (line 7) by Q", we have

qi(t) < Q" (1
Now we prove through induction:
qi(t) > U (@)

* At the beginning, all ¢;(0) = 0. Equation (2) holds.

» We then prove if at time ¢, Equation (2) holds, then fort' > ¢,
Equation (2) also holds.

e Atline 7, g;(') = g;+ Q" > q; > —U. Equation (2) holds.
¢ Since line 24 will be reached only when ¢; > 0, ¢;(t') = q; —
We - extend_length(r) > —Ww, - Linpur. Equation (2) holds.

* Atline 27, since ¢;(t') = gi — wy - |{r|client(r) = i,r € B}|
will be repeated for n steps until some requests are finished.
Therefore, we have g;(t") > g; —n-wy - |{r|client(r) =i,r €
B}|. Since the number of decoded tokens cannot exceed
the server’s maximum token capacity M, n - |{r|client(r) =
i,r € B}| < M. We then have ¢;(t') = gi —wy,-M > —U.
Equation (2) holds.

Therefore, we have Wi(t1,:) = K; - Q" — g;(t2). Combining

Equation (2) and Equation (1), we have:

[Wi(t1,12) — K; - Q"| = |qi(r2)| < max(Q",U) (3)
O

Theorem A.2 (Latency Bound). Ler A(r) and D(r) denote
the arrival time and dispatch time of a request r. Assume
there are in total n clients, Vt|,t, if at t1, a client f is not
backlogged and has no requests in the running batch, then
the next request ry with ty < A(ry¢) <t will have its response
time bounded: D(ry) —A(ry) <2-(n—1)- Qu:”, where a is
the lower bound of the server capacity.

Proof. » Since there is no running batch of f in the system,
ry will be selected for the next request for f.

» Earlier, we have shown that the service bound for back-
logged clients compared to either backlogged or non-
backlogged clients is 2- (0" +U).

e From ¢; to D(rf), Wf(tl ,D(rf)) will be within 2 - (Qu + U)
of service received by other clients.

* Since at Line 12, g7 is set to 0 when f rejoins, the maximum
number of tokens served before f is served again is: 2 (n —
1)-(Q"+U), where n— 1 is the n — 1 other clients.

* Given that a is the lower bound of the server capacity, the
dispatch time for f is therefore bounded: D(ry) —A(rg) <
2-(n—1)- £,

O

A.2  Proof for DoubleQ Scheduling

Theorem A.3 (Service Bound). Consider any execution of
the DoubleQ Scheduling scheme in which client i is back-
logged. The difference between'y.,,cy ki,,- Q" (i.e., the service
that client i should have sent) and W; (i.e., the service that
client i actually received) is bounded by max(Q",U) x |W/|,
where U = W, - Lippys +wgy - M. Let k; ,, is the number of times
client i has been replenished at worker w.

Proof. Let k;,, be the number of times the client i has replen-
ished quantum locally at worker w. We want to show for a
client i:

Y ki Q=Y (kip- Q" — gt (1)) < max(Q“,U) x |W|
wew wew
Let g}',,(¢) denote the deficit counter value for worker w of
client i at time 7. Since the deficit counter will only be refilled
when qﬁw(t) < 0 (line 7) by Q", we have

dip(t) < Q" )
Now we prove through induction:
G (1) > =U (5)

* At the beginning, all g% () = 0. Equation (5) holds.

* We then prove if at tirne7t, Equation (5) holds, then for ¢’ > ¢,
Equation (5) also holds.

* Atline 7, ¢}, (t') = ¢},,(t) + 0" > g}, (t) > —U. Equa-
tion (5) holds.

* Since line 24 will be reached only when ¢ (1) > 0,
qt(t') = g\, (t) = We - Linpur > —We * Linpur- Equation (5)
holds.

* At line 23, since g (1) = g}, (1) — wq - |{r|client(r) =
i,r € B}| will be repeated for n steps until some requests
are finished. Therefore, we have ¢, (') = ¢¥,,(t) —n-wy -
|{r|client(r) = i,r € B}|. Since the number of decoded to-
kens cannot exceed the server’s maximum token capac-
ity M, n- |{r|client(r) = i,r € B}| < M. We then have
4t =4} (t) —wgq M > —we - Linpu —wq - M. Equation (5)
holds.

We have Wi(11,2) =Y ew (kiw - Q" — g, (t2)). Combining

Equation (5) and Equation (4), we have: 7

| Y ki Q" = Wi(n,0)| < max(Q",U) x [W|  (6)

wew

O



Theorem 5.1 (Service bound between backlogged clients).
At any time interval [t1,t;), max; W;(t,t2) — min; W;(t1,12) <
2-|W|- (U + Q"). The difference between the maximum ser-
vice among all backlogged clients and the minimum service
among all backlogged clients is bounded by 2 -|W|- (U 4+ Q"),
where |W| is the number of workers.

Proof. * From Theorem 4.1, the service bound for each
worker is: 2- (U + Q").

* Since if a client is backlogged, it will have a request and
hence be backlogged in all workers. This is because from
Line 3, requests will be distributed to all workers and credit
for each worker is exhausted, before replenishing the credits
for all workers.

* Therefore, the service bound for DoubleQ is 2 - |W|(U +
Q").

O

Theorem 5.2 (Service bound between backlogged and
non-backlogged clients). Consider any execution of the Dou-
bleQ scheme. Client f that is continuously backlogged dur-
ing time interval [t),1;) should not receive less service than
another client, g, that is not continuously backlogged dur-
ing the same time interval, where W,(t1,t2) — Wr(t1,12) <
2-(U+0")- W]

Proof. » f is continuously backlogged in all workers.

* gis not continuously backlogged in at least one worker.

* From Lemma 4.2, the service bound is |W| - (2U +20Q") be-
tween backlogged and either backlogged or non-backlogged
clients.

O

Theorem A.4 (Latency Bound). Ler A(r) and D(r) denote
the arrival time and dispatch time of a request r. Assume
there are in total n clients, Vt\,t, if at t1, a client f is not
backlogged and has no requests in the running batch, then
the next request ry with ty < A(ry) < 1 will have its response
time bounded: D(ry) —A(ry) < (n—1)|W|- M where a
is the lower bound of the server capacity.

Proof. * Since there is no running batch of f in the system,
ry will be selected for the next request for f.

¢ Earlier, we have shown that the bound between a back-
logged client and a non-backlogged client in DoubleQ to
be max; W; — min; W; < (2U 4 20")|W|.

* Therefore the maximum number of tokens served before f
is served again is: (n—1) - (2U +2Q")|W|, where n — 1 is
the n — 1 other client.

* Given that a is the lower bound of the server capacity, the
dispatch time for f is therefore bounded: D(ry) —A(ry) <
(n—1)|w]|. 242
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Theorem A.5 (Infinite Q,, is not fair). Consider any execu-
tion of the DoubleQ Scheduling scheme in which client Q,, is
infinite. Such scheduling scheme is not fair.

Proof. * The requests will not be perfectly load balanced to
all workers.

* Proof by counterexample: client f sends requests with large
prefix matching. Requests from that client will be sent to
the same worker hosting the prefix.

* Another client g sends requests with zero prefix matching,

the requests will be load-balanced to all workers because

of Line 8.

Client g will be able to get unboundedly more service com-

pared to f as it is replenished more, due to being scheduled

to more workers, despite both being backlogged.

O

A.3 Per-Client Round-Robin Can Achieve
Fairness.

Theorem A.6 (Service between backlogged or non-back-
logged clients is unbounded). In any interval [1,t;), The dif-
ference between the maximum service among all backlogged
clients and the minimum service among all backlogged or
non-backlogged clients is bounded by a constant independent
of the time interval t — 1.

Proof. * The client requests will be load-balanced to all work-
ers.
* Therefore, when a client is backlogged, it is backlogged on
all workers.
* We can apply the bound derived in DoubleQ, multiplied by
the number of workers |W/|, similar to §A.2.
O
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