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Abstract—Recent breakthroughs in large language models have
enabled various generative tasks on a single model. Real-world
services powered by the LLM often concurrently support latency-
critical requests for interactive applications (e.g., question-
answering systems, referred to as real-time or RT requests)
and throughput-oriented requests for back-of-house processing
(e.g., documents batch processing, referred to best-effort or
BE requests), with complex hybrid inference workloads to the
underlying model. State-of-the-art (SOTA) LLM serving systems
dedicate machines to each type of requests, towards either low
inference latency or high serving throughput, respectively. This
simplifies request scheduling and management but suffers from
poor resource utilization. We propose BROS, a hybrid LLM
serving system that aims to collocate RT/BE requests, meeting RT
requests’ latency requirements while maintaining BE requests’
throughput. BROS formulates the problem of hybrid RT/BE
request scheduling and solves it with a dynamic priority-based
algorithm. BROS designs a bidirectional KV cache management
mechanism, allowing RT requests to share KV memory with
BE requests to remove the scheduling restrictions caused by
memory insufficiency and improve utilization. Extensive exper-
iments validate that BROS achieves a good trade-off when
serving hybrid RT and BE requests. It significantly reduces
the latency of RT requests (up to 74.20%), improving their
fine-grained service level objectives (SLOs) attainments (up to
36.38×), with negligible throughput reduction for BE requests,
showing significant advantages over SOTA systems.

I. INTRODUCTION

Large Language Models (LLMs) [1]–[5] have demonstrated
remarkable performance on language-related generative tasks,
enabling various real-world online applications such as role-
playing [6], programming assistants [7], and offline applica-
tions including document batch processing [8], information
extraction [9], and data wrangling [10]. A single LLM can
handle various tasks with wise post-training [11]–[14]

Online applications such as ChatGPT [15] and AI anime
chatbots [6] return the generated context in a streaming man-
ner [16], demanding both quick response after queueing and
high context rate (e.g., 250 words/min) [17] afterward. Apart
from normalized latency1 [18], [19], this serving goal is also
measured by two metrics: time to first token (TTFT) and time
per output token (TPOT) [17]. We refer to such LLM workload
as real-time or RT requests. Offline applications, such as
the asynchronous document processing service provided by
OpenAI’s Batch API [8], usually involve inference workloads
processed in a batch manner within a specified time window

‡The first two authors contributed equally to this work.
1Normalized latency is the mean of every request’s end-to-end latency

divided by its output token number.

(e.g., 24 hours in OpenAI’s Batch API). Therefore, they are
not sensitive to latency but favor high throughput (requests
per second). We refer to such requests as best-effort or BE
requests. This discrepancy in serving goals for RT/BE requests
leads to the disaggregated deployments of online and offline
LLM services on separated GPU clusters, which is the current
common practice for production [17], [20]–[24].

However, the volume of real-world RT requests changes in a
diurnal pattern [25]. To fulfill the serving goals of RT requests,
service providers should provide enough GPU resources to
meet the peak demands [26]. Over-provisioning separate re-
sources results in GPU cycles and energy wastes, both of
which finally translate into operational costs. Co-serving RT
and BE requests on shared resources offers a compelling
alternative, especially when GPU resources are scarce. By
strategically batching latency-insensitive BE requests with RT
ones during opportune intervals, systems can enhance resource
utilization while maintaining strict RT latency guarantees.
Nevertheless, LLM’s unique autoregressive inference pattern
presents unprecedented challenges for hybrid LLM serving.

First, the non-predetermined number of LLM inference
passes makes it difficult to schedule RT/BE requests to meet
their distinct serving goals. Given the quick response and
high context rate requirements of RT requests, the desirable
property of the LLM serving system is to balance TTFT and
TPOT latency Service-Level Objectives (SLOs) of RT requests
while maintaining long-term performance for BE requests.
However, existing request scheduling mechanisms fall short
of achieving a good trade-off between RT and BE requests.
An LLM responds to user requests with one prefill pass and
several decode passes, where the number of the latter cannot
be known at the queuing stage. Multiple model querying
iterations prevent conventional priority fair scheduling from
directly assigning priority values (e.g., total inference time or
remaining time) for each LLM request. Other heuristics like
Multi-level Feedback Queue (MLFQ), when applied to LLM
request scheduling [27], can reduce the average end-to-end
inference latency. Nevertheless, this approach does not align
well with the quick response demand of RT requests and is not
suitable for hybrid requests where BE requests are insensitive
to latency. Moreover, BE and RT requests exhibit conflicting
preferences for system configurations, particularly in batch
sizing. RT requests favor smaller batches to minimize la-
tency [28]–[30], while BE requests benefit from larger batches
to maximize GPU utilization and throughput [18], [19]. These
opposing requirements create significant challenges in config-



uring dynamic RT/BE co-serving systems.
Further, co-scheduling RT/BE requests brings GPU mem-

ory contention associated with caching intermediate states. As
the core of LLMs, decoder-based Transformers [31] generate
one token in each pass, based on the prompt and all the
previously generated tokens. The key and value tensors of
all previously processed tokens need to be cached in GPU
memory for the generation of the next token (aka KV cache).
Concurrent RT and BE requests compete for memory re-
sources to store their KV cache, which imposes limitations
on scheduling decisions. As the first-class citizen, RT requests
may fail to be scheduled when available GPU memory is in-
sufficient to accommodate their increasing KV cache. Simply
dropping or swapping the KV cache [19], [27] of low-priority
BE requests leads to recomputation or Device-to-Host (D2H)
copy overheads, delaying their completion of inference.

None of the existing LLM serving systems [17]–[20], [23],
[27] designs dedicated hybrid RT/BE requests scheduling
mechanisms. Most of them [17], [18], [23], [32] still rely on
First-Come-First-Serve (FCFS) scheduling, which can easily
incur head-of-line blocking due to running early-arrived BE
requests with long prompts and output sequences that block
late-joining RT requests. Besides, the KV cache management
strategies of existing systems do not handle the storage com-
petition between RT and BE requests well.

We propose BROS, an LLM serving system to handle hybrid
RT/BE requests. Our contributions are summarized as follows:

▷ We formulate the hybrid scheduling problem and propose
a dynamic packing algorithm for hybrid request scheduling.
To fulfill quick response and high context rate demands of RT
requests, the hybrid scheduling problem views each queueing
RT request’s TTFT/TPOT metrics as constraints while opti-
mizing the throughput of BE requests to avoid starvation. The
proposed heuristic first batches RT requests according to their
dynamically assigned priorities and then adaptively replaces
low-priority RT requests with BE requests. We further provide
an SLO-aware adaptive batch sizing mechanism to control
the runtime batch size. As a result, BROS strikes a favorable
serving trade-off between RT and BE requests.

▷ We resolve memory competition between RT and BE
requests with a bidirectional storage layout design for the KV
cache. The available memory is divided into blocks [19]. Each
block can be shared by two request types and KV caches
of the RT and BE requests expand in opposite directions in
each block. Based on this layout, we propose block preemp-
tion to guarantee sufficient GPU memory for high-priority
RT requests, along with a lazy checkpointing technique to
avoid/delay runtime D2H requirements.

▷ We evaluate BROS on different workloads, which shows
that BROS significantly reduces the latency of RT requests by
up to 74.20% while maintaining BE throughput, outperforming
SOTA production-grade LLM serving systems [19], [32].

II. BACKGROUND AND MOTIVATION

In this section, we first briefly introduce the characteristics
of LLM inference (Sec. II-A), then analyze critical limita-
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Fig. 1: The two phases of an LLM inference request.
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Fig. 2: Head-of-line blocking with FCFS and the benefit of
preemptive scheduling. The queueing proportion is the mean
of every request’s queueing time divided by its end-to-end
latency.

tions of existing serving systems. These observations motivate
BROS’s design choices (Sec. II-B).

A. LLM Inference

Today’s LLMs are empowered by decoder-based Trans-
former structures [1]. Inference over an LLM is conducted in
the autoregressive manner, including two phases: prefill and
decode. One forward pass over the LLM model is called one
iteration. As depicted in Fig. 1, the prefill phase involves a
single iteration where the prompt tokens (e.g., ”Hi Jack, don’t
turn”) are used to compute the first output token (”it”), and
all the key-value tensors of the tokens are stored as the initial
KV cache. At each iteration of the decode phase, the key-
value tensors of the prompt and previously generated tokens
are retrieved from the KV cache, and utilized, along with the
latest token, to generate the new token (”down”). If there are
more tokens to generate, the key-value tensors of the latest
token (”it”) are also cached. This process continues until the
”EOS” token is generated or a maximum output length is
reached. Consequently, the total serving time of each request is
determined by the prompt length and the number of iterations
in the decode phase, which varies from request to request.

B. Challenges and Opportunities

Observation #1: Naive preemption benefits RT requests
but fails to balance TTFT and TPOT. Most of the ex-
isting LLM serving systems [17]–[19] employ FCFS policy
to schedule requests, which results in head-of-line blocking
when BE requests containing a significant number of output
tokens are scheduled ahead of the RT requests. One possible
solution to alleviate this is to allow request preemption at fine
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Fig. 3: Round-robin scheduling for hybrid RT/BE requests.

granularity, i.e., every LLM forward pass (iteration). Fig. 2
shows the benefits of applying preemptive scheduling with
a simple policy, where each request’s waiting time between
completing one iteration and scheduling the next is used as the
priority value. We run vLLM with FCFS policy and the above
preemptive scheduling policy to serve a Qwen2.5-14B model
on a server with four A100-40GB GPUs, with the tensor-
parallel degree of 2. (detailed configurations in Sec. VII).
512 requests are synthesized based on the SharedGPT [33]
dataset, then submitted to the system from Poisson distribution
with different request rates. Compared to the FCFS policy,
preemptive scheduling effectively reduces normalized latency
(Fig. 2a) by minimizing the overall queuing time (Fig. 2b) for
waiting requests in the system.
Challenges. However, existing iterative preemption ap-
proaches face a scheduling dilemma to balance TTFT and
TPOT SLOs for RT requests. For example, vLLM preempts
decode RT requests for incoming prefill requests, which sac-
rifices the high context rate (TPOT). Sarathi-Serve adopts
chunked-prefills to create stall-free schedules for ongoing
decode requests but delays the return of the initial context
(TTFT).
Observation #2: Rigid hybrid scheduling is inefficient
for co-serving. One conventional fair scheduling approach,
Iteration-level round-robin scheduling, is intuitive for co-
serving hybrid RT/BE requests. The system maintains two
FCFS queues for RT and BE requests, respectively, and serves
them in an interleaving manner at the iteration level. The
round-robin policy allows fair resource sharing between RT
and BE requests. However, this static scheduling mechanism
struggles to adapt to LLM requests with varying execution
times due to different prompt and output lengths, making it
difficult to achieve a favorable serving trade-off. We show
different cases in Fig. 3, where the enqueued RT request
A needs three iterations to finish. The latency SLO for its
response (in this example, the time to first token [17]) is
denoted by the red dashed line. The time to generate the
subsequent context is represented by double-headed arrows.
In case (1), round-robin scheduling succeeds in providing the
quick response and high context rate for request A, while at the
same time does not starve BE requests. However, in case (2),
request A’s context rate is low due to the prolonged execution
time of the BE requests, which may result from more BE
requests being scheduled or more tokens per BE request. In
case (3), request A fails to meet the response SLO target since
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under different cases.

previously scheduled RT requests need more iterations to exit
the current batch [18], delaying its first scheduled time. Static
hybrid scheduling mechanism is inefficient in identifying the
most urgent RT requests to serve and balancing RT/BE request
serving, according to dynamic request arrivals and their output
lengths.
Challenges. Achieving dynamic scheduling is non-trivial:
First, due to the varying phases and number of tokens to
be processed for different requests, the execution time of
each iteration can vary significantly. This variability makes
it challenging to determine whether the scheduling decisions
may violate the SLO targets. Besides, with a large number of
RT and BE requests present in the system, it becomes crucial
to select appropriate requests from those combinations for
prompt execution. Failing to do so can result in unacceptable
scheduling overhead. Furthermore, configuring batch sizes to
simultaneously meet the divergent requirements of RT and BE
workloads is also challenging.
Observation #3: Bidirectional block layout mitigates mem-
ory contention. Throughout the lifespan of a request in an
LLM serving system, the memory demand of its KV cache in-
creases in proportion to the number of iterations it undergoes.
vLLM [19] proposes to dynamically allocate available GPU
memory to requests for KV cache storage at the granularity of
the block (each contains several slots for tokens’ KV tensors),
which proves to be an efficient method to improve serving
throughput. With the FCFS schedule, new requests are only
served once completed requests exit and release their occupied
cache blocks (case (1) in Fig. 4), regardless of whether they
are latency-critical or not; This results in block wastage when
running requests cannot consume all reserved blocks. When
advocating iteration-level request preemption and scheduling
among RT and BE requests, there are more concurrent requests
in the serving system, incurring more KV cache storage over-
head and memory competition. To preemptively schedule later-
join RT requests, the system needs to yield cache blocks from
BE requests to these RT requests, introducing recomputation
or swapping overheads (case (2) in Fig. 4).
Opportunities. More fine-grained KV cache management
assists in reducing memory overheads. As shown in case (3),
a bidirectional block layout, which shares one block between
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two requests and increases their KV cache in the opposite
direction, creates the opportunity for scheduled RT requests
to utilize empty slots in the cache block from pending BE
requests, without KV cache dropping or swapping.

Our contributions. In BROS, we consider quick response and
high context rate requirements for RT requests simultaneously,
using them to guide scheduling design for balancing SLO
attainments. We build latency cost models and design an
effective scheduling mechanism to batch and run RT and BE
requests strategically across iterations. We properly manage
KV cache contention and strategically handle the potential data
overwrite issues.

III. SYSTEM OVERVIEW

Fig. 5 shows BROS’s architecture. It exposes an entrypoint
that receives RT (e.g., users’ questions) and BE requests (e.g.,
documents from storage) and forwards them to the scheduling
engine. Each incoming RT or BE request is initially stored
in the corresponding waiting queue and will be moved into
the pending queue after its prefill stage processing has been
scheduled. The scheduler running on the engine schedules
waiting and pending RT and BE requests at each iteration
to populate the respective running queue. The KV block man-
ager maintains a cache block table that records the mapping
between each request ID and the allocated cache block ID.
A preemption table is used to track the preemption status
of cache blocks. It records the IDs of RT and BE requests
that share the same blocks and the IDs of the preempted
blocks, indicating occurrence of slot preemption in those
blocks. The scheduler acquires KV cache memory utilization
and selects appropriate RT and BE requests for execution.
After scheduling, the engine dispatches the batched requests
to the executors, where tensor parallelism is supported for dis-
tributed inference. Each executor wraps a GPU and launches

TABLE I: Notation.

xi whether select RT request i
yj whether select BE request j
ti elapsed time of RT request i since the last token is returned

Nrt(Nbe) number of RT (BE) requests in the waiting and pending queues
Ln
i (L

n
j ) input length of RT request i (BE request j)

La
i (L

a
j ) context length of RT request i (BE request j)

Mnew
i (Mnew

j ) number of needed new cache blocks of RT request i (BE request j)
Mcpu

i (Mcpu
j ) number of checkpointed cache blocks of RT request i (BE request j)

Bcurr batch size of current iteration
TSLO token latency SLO target, which can be either TTFT or TPOT
Tavg the moving-average iteration latency
Mept number of empty cache blocks

a process that loads the weights of the LLM model shard for
distributed model execution and manages KV caches of all
ongoing requests in GPU and CPU memory. Asynchronous
memory-swapping operations are triggered in the executors
upon receiving corresponding instructions from the scheduler,
to partially checkpoint KV caches of certain requests in CPU
memory and swap KV caches of other requests into GPU
memory.

IV. REQUEST SCHEDULER

The goal of the scheduler is to define a proper batch size
and select suitable RT and BE requests from the waiting and
pending queues to execute at each iteration, aiming to meet
the latency SLOs of each RT request while maximizing the
throughput of BE requests. In this section, we begin by for-
mulate the scheduling problem (Sec. IV-A), then propose our
heuristics and introduce the adaptive batch sizing mechanism
in Sec. IV-B.

A. Hybrid Scheduling Problem

Formulation. We model an iteration-level request batching
and scheduling problem, to decide which requests to be
included in each batch. We use decision variables xi to indicate
whether the generation of the next token of an RT request i
(in the current pending and waiting queues) is included in
the current batch, and yj to denote whether that of a BE
request j is in the batch. The goal is to maximize the inference
throughput of BE requests while ensuring the token latency
SLOs of each RT request (notation is summarized in Table I):

max
xi,yj∈{0,1}

∑Nbe

j=1 yj

T
(1)

subject to: T = C(Ln, La,Mcpu) (2)

Ln =

Nrt∑
i=1

Ln
i xi +

Nbe∑
j=1

Ln
j yj (3)

La =

Nrt∑
i=1

La
i xi +

Nbe∑
j=1

La
j yj (4)

Mcpu =

Nrt∑
i=1

Mcpu
i xi +

Nbe∑
j=1

Mcpu
j yj (5)

ti + (1− xi)Tavg + T ≤ TSLO,∀i ∈ [Nrt] (6)

Nrt∑
i=1

xi +

Nbe∑
j=1

yj ≤ Bcurr (7)



Nrt∑
i=1

Mnew
i xi +

Nbe∑
j=1

Mnew
j yj ≤Mept (8)

The BE request serving throughput in (1) is evaluated by the
number of generated tokens per unit time. In (2), the cost
model C returns the latency of the current iteration, i.e., the
time to process the current batch. (3) to (5) give how to derive
the inputs Ln, La,M cpu for the iteration time lookup. Ln

indicates the total input token length of all RT and BE requests
in the batch, La is the total length of context (including input
and cached tokens) of all the scheduled requests, and M cpu

is the total number of checkpointed cache blocks of RT/BE
requests scheduled in this batch (store in the CPU memory).
(6) ensures that the completion time of the current token of
each RT request can meet the respective SLO (TSLO is either
the TTFT or TPOT target depending on whether the token
is the first or a later one), assuming the remaining ki − xi

tokens are scheduled in the following iterations consecutively.
(7) limits the number of selected requests to include in each
batch to Bcurr, which is determined by the adaptive batching
mechanism. (8) guarantees sufficient empty GPU blocks for
scheduled RT/BE requests.
Inference cost modeling. We build cost models to estimate
the LLM serving latency at an iteration. The input to LLM
inference of a batch includes the hidden state sequences
∈ RLn×D (D is the hidden size) and the context of all requests
in the batch. The model execution latency depends on two
shapes: RLn×D, which is the input shape to none-attention
operators like linear projections, activations, and normalization
functions [31], as well as collective communication; RLn×La

,
which is the shape of the attention score matrix, involved
in all attention-related operators including batched general
matrix multiplication and softmax. The latency cost model
can be described as α0 · Ln + α1 · LnLa + β. Following
LLM-PQ [34], we perform offline profiling to generate dummy
sequences with different lengths and KV cache sizes, collect-
ing the execution latencies to fit linear models for prefill and
decode requests separately. Sequence lengths are sampled at
exponential intervals of 2, with the maximum value being the
product of the LLM context length and the maximum batch
size. For batch execution time querying, we separate prefill
and decode requests within the current batch, then map Ln

of all prefill requests to cost models of prefill-phase model
execution (La always equals Ln as no tokens are cached yet),
and map Ln and La to cost models of decode-phase model
execution. Finally, we sum up the execution time of requests
in these two phases in the batch as texec.

As scheduled requests may have checkpointed KV cache
in CPU memory (Sec. V), the potential swapping time from
CPU memory to GPU memory also influences the iteration
time. We conduct memory bandwidth profiling and develop a
linear model to estimate the swapping time tswap on M cpu.
With asynchronous memory operations, the memory swapping
time overlaps with the model execution time, and the iteration
time can be computed as max(texec, tswap).
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Fig. 6: Request scheduling process of the priority-based pack-
ing algorithm.

B. Hybrid Scheduling Algorithm

Problem (1) can be viewed as a variant of the 1D bin
packing problem, where the maximum batch size is the bin
capacity. Even ignoring the overhead of estimating the iteration
time, there can be up to

∑Bcurr

bi=1

(
Nrt+Nbe

bi

)
combinations of

requests to schedule, making the problem expensive to solve in
runtime. We design a greedy priority-based packing algorithm
to efficiently derive scheduling decisions for each iteration.
Main idea. As illustrated in Fig. 6, the scheduler first retrieves
RT requests in ascending order of their remaining time to
meet the token latency SLOs (TTFT or TPOT, depending on
each request’s prefill or decode phase). Next, the scheduler
adds BE requests (in ascending order of CPU-to-GPU KV
cache swapping overhead) to the running queue if the batch
is not full, or replaces lower-priority RT requests (with more
remaining time to SLO targets) with BE requests that introduce
less swapping overheads. The scheduler schedules as many
requests as possible, that do not exceed the current batch size
and ensures that the estimated iteration time of the batch does
not exceed the residual time to the SLO deadline of the most
urgent RT request (i.e., the one closest to its deadline does not
fail). In this manner, the scheduler can adapt system resources
to dynamic workloads by flexibly determining the actual batch
size for each iteration, based on the remaining time budget.
After deciding the requests to schedule, the RT and BE running
queues are merged to form a batch, which is dispatched to the
executors.
Algorithm. The request scheduling algorithm is given in
Alg. 1. We first order requests in the RT queues (including
pending and waiting queues) altogether by their remaining
time to the respective token generation deadlines in ascending
order and decide the smallest residual time T res

min (lines 3-
4). We keep adding the most urgent RT requests from the
queues to the batch until the batch size becomes B, no empty
and preemptible cache blocks (determined by the function
FindPreemptBlock, which obeys the rule in Sec. V) exist in the
system, or we find that T res

min can not be satisfied (lines 5-15).
Then the BE queues are sorted by the number of checkpointed
slots in ascending order (line 17). Each time, we select the BE



Algorithm 1: Priority-based Packing Algorithm for RT
and BE request scheduling at each iteration

Input : Qrt - RT request queues, Qbe - BE request queues,
Mgr - KV block manager, Bcurr - current batch
size, TSLO - SLO target of RT request

Output: RT ready - scheduled RT requests, BE ready -
scheduled BE requests

1 RT ready ← []
2 // Sort RT requests based on remaining time
3 sort Qrt according to TSLO − ti − (ki − 1)Tavg in

ascending order
4 T res

min ← TSLO − GetMinResidualTime(Qrt)
5 while ∃ reqrt ∈ Qrt do
6 if Size(RT ready) == Bcurr then
7 break
8 if not FindPreemptBlock(reqrt, Mgr) then
9 break

10 cand reqs← RT ready + reqrt

11 if C(cand reqs) > T res
min then

12 break
13 front pop reqrt from Qrt

14 RT ready ← RT ready ∪ reqrt

15 BE ready ← []
16 // Sort BE requests based on Mcpu

j

17 sort Qbe according to Mcpu
j in ascending order

18 while ∃ reqbe ∈ Qbe do
19 if not FindBlock(reqbe, Mgr) then
20 break
21 // First try packing
22 if Size(RT ready+BE ready+ reqbe) ≤ Bcurr and

C(RT ready +BE ready + reqbe) ≤ T res
min then

23 BE ready ← BE ready ∪ reqbe

24 else
25 // Then try replacing
26 back pop reqrt from RT ready
27 if Size(RT ready +BE ready + reqbe) ≤ Bcurr

and C(RT ready +BE ready + reqbe) ≤ T res
min

then
28 front insert reqrt to Qrt

29 BE ready ← BE ready ∪ reqbe

30 else
31 RT ready ← RT ready ∪ reqrt

32 break
33 front pop reqbe from Qbe
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Fig. 7: Queues polling to pull RT requests in order.

request with the least potential memory swapping overhead
and try to add the BE request to the batch or replace the least
urgent RT request with the BE request (lines 18-33).
Request pulling optimization. When pulling RT requests,
Alg. 1 requires sorting requests across different state queues
(pending and waiting) at each iteration. Naive implementation
by merging different queues before sorting and splitting them
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back after the two-step request selection introduces non-
negligible overheads, especially when there exist numerous
concurrent requests. To mitigate scheduling overhead, we opt
for partial sorting and continuous queue polling. The key
insight is that the waiting queue is inherently ordered (by
request arrival time). Requests closer to the head of the waiting
queue have longer elapsed time. We only need to sort the
pending queue and then do alternative queue polling. As
depicted in Fig. 7, we keep retrieving requests of the maximum
priority from one queue and pulling requests that are more
prioritized from the other.
Adaptive Batch Sizing. Before selecting requests from RT
and BE queues, the current batch size Bcurr should be
determined to strike a balance between low RT request latency
and high BE request throughput. Drawing inspiration from
the window size adjustment mechanism in TCP Congestion
Control, we propose a heuristic to dynamically adapt the batch
size based on the runtime SLO attainments of RT requests. Our
approach operates as follows:
▷ Initialization: We start with a conservative batch size, e.g.,

Bcurr ← Bbase = 128.
▷ gradual Expansion: At each iteration, if the scheduler does

not trigger the early-return in lines 11-12 of Alg. 1, which
means that no RT requests are detected, we increase the batch
size: Bcurr ← Bcurr · 2 to include more BE requests for
batching.
▷ Aggressive Backoff: Once the estimated iteration time

surpasses the residual timev T res
min, we apply an aggressive

penalty by resetting the current batch size Bcurr back to Bbase.

V. BIDIRECTIONAL KV CACHE MANAGEMENT

Since request scheduling is constrained by available mem-
ory in the system for KV caching, it is crucial to efficiently
allocate and manage memory resources (for KV cache storage)
among concurrent requests. BROS’s KV cache management
adopts a bidirectional storage layout, along with the block
preemption and lazy checkpointing mechanisms to flexibly
share and allocate GPU memory for RT/BE requests.

A. Block Structure

KV cache storage renders a major memory bottleneck in
LLM serving [19]. To manage the KV cache of RT/BE



requests, we organize GPU memory for KV cache storage
into blocks and each block includes several slots, for storing
tokens’ KV tensors. Each block can be used for KV cache
storage of one RT request and one BE request, with a
bidirectional storage layout for sharing the block between two
requests: KV cache of the RT request occupies memory slots
from the left to the right in the block while that of the BE
request in the opposite direction. As depicted in Fig. 8, RT
requests A, B, and C occupy slots starting from the left end
in blocks 0, 1, 2, and 3, respectively, while BE requests b, a,
and c use slots from the right end of the respective blocks. An
RT or BE request can occupy more than one block if its KV
cache is large.

B. Block Management

Allocation and preemption. When a BE request is scheduled
in an iteration, function FindBlock in Alg. 1 implements the
allocation logic: (i) if it is a prefill request whose KV cache
has not been stored, we find available GPU blocks for it
according to the maximum number of empty slots in each
block; (ii) if the request’s KV cache has been stored in some
GPU blocks, we continue growing its KV cache in the last
block (if the empty slots of this block are not used up by itself)
or start occupying a new block (otherwise). For RT requests,
if no GPU blocks are available, FindPreemptBlock helps them
preempt BE cache blocks and store the KV tensors in the
opposite direction. A straightforward heuristic is adopted to
always preempt BE cache blocks with the most empty slots.
This approach ensures that urgent RT requests will not fail
to be scheduled due to insufficient GPU blocks with a large
number of concurrent requests. In extreme cases where no
BE-only cache blocks are available for preemption by newly
scheduled urgent RT requests, we progressively drop requests:
first BE, then RT, based on the remaining time, and swap out
their cache blocks. Once a request generates all tokens, its
occupied KV cache slots are released.
Lazy checkpointing. Within a block, if sufficient empty slots
are still available, both RT and BE requests can consider
the block as exclusively theirs and safely store their most
recent KV tensors. When all empty slots are exhausted during
inference, only the KV tensors of a specific request that are
about to be overwritten by its peer need to be checkpointed in
CPU memory, instead of the request’s entire KV cache [19],
[27], and this block is set to preemption status. Those missing
KV tensors are swapped back into GPU memory when the
request is scheduled in future iterations. For example, in
Fig. 8, KV tensors a3 of BE request a is preempted by B8
of RT request B, and a3 needs to be checkpointed to the
CPU memory. This design removes unnecessary swapping
operations, reducing memory overheads. To indicate slot pre-
emption of the blocks, the KV block manager maintains a
preemption table, which records the indices of all blocks where
slot preemption happened and the indices of RT/BE requests
sharing those blocks. When serving requests with preempted
KV cache slots, the scheduler checks the preemption table and
generates memory-swapping instructions for the executors to

TABLE II: Workload statistics. Unit: token.

Type Avg. Prompt Std. Prompt Avg. Output Std. Output
RT-SharedGPT 222.76 256.36 234.51 268.50
BE-Synthetic 784.14 151.17 80.96 28.23

perform corresponding operations. Before dispatching sched-
uled requests to the executors, all swapping operations are
consolidated and conducted asynchronously to enhance overall
efficiency.

VI. IMPLEMENTATION

We implement BROS using 8.5k LoC in Python and 2k
LoC in C++/CUDA. The RPC messages between the engine
and the executors are handled with Ray [35], and the tensor
transmission is implemented via NCCL [36]. We implement
LLMs [5], [37], [38] with the operators provided by Py-
Torch [39] and Xformers [40], aligning our implementation
with Hugging Face [41] to load pre-trained model weights.
To enable the bidirectional block layout of the KV cache,
we modify the PagedAttention kernel [19]. Our modifications
include a binary direction table, which possesses an identical
shape to the block tables. The purpose of this table is to guide
the physical block offset for each warp, indicating whether
threads should iterate from left or vice versa. Furthermore,
we leverage PTX (Parallel Thread Execution) instructions to
invert the order of elements within the loaded value vector,
whenever the flag of direction is evaluated to be true. For
checkpointing, we use different CUDA streams to handle
asynchronous data movement events across GPU and CPU
memory during runtime and customize CUDA kernels to
efficiently fetch and store KV caches in non-continuous GPU
memory.

VII. EVALUATION

A. Experimental Setup

Models and testbed. We run Qwen2.5 [5] models with
14B, 32B parameters. We use a server (Ubuntu 20.04LTS)
with 4 NVIDIA A100-SXM4-40GB GPUs interconnected by
NVLink. All models are served with tensor parallelism with
parallel degrees of Qwen2.5-14B, OPT-32B being 2 and 4,
respectively. To ensure a fair comparison, we employ greedy
sampling as the decoding algorithm for all LLMs, compelling
the models to generate a specified number of tokens.
Traces. Following vLLM [19], we synthesize RT requests
based on the ShareGPT [33] dataset and LMSYS-CHAT-
1M datasets [42], both of which contain real-world user
conversations with LLM services. Since no representative BE
request dataset is available, we follow FlexGen [20] to use
synthetic workloads. All prompt and output lengths for BE
requests are sampled from uniform distributions with ranges
(512, 1024) and (32, 128). Similar to previous works [17]–
[19], [23], we generate the arrival times of RT requests using
Poisson distribution with different request rates, while BE
requests are periodically submitted in a batch manner when
previous batched requests are completed [8]. Further details
of the workloads are in Table II.
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Fig. 9: Comparison of latency and throughput among BROS, vLLM, and RR on RT/BE hybrid workloads.
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Fig. 10: Comparison of SLO attainments among BROS, vLLM, and RR on RT/BE hybrid workloads.
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Fig. 11: Comparison of latency and throughput among BROS, vLLM, and TGI on pure RT workloads.

Baselines. We compare BROS with three baselines: (1) vLLM,
the SOTA LLM serving system optimized for high-throughput
text generation; (2) TGI [32], an production-grade LLM serv-
ing system used in LLM services at Hugging Face, to support
applications like Hugging Chat; (3) BROS-Round-Robin (re-
ferred to as RR), where we replace the scheduling algorithm
of BROS with a Round-Robin schedule described in Sec. II-B
and remove the bidirectional KV cache management. We do
not include a comparison with offline LLM serving systems,
such as FlexGen [20] and LLM-PQ [34]. This is because they
do not implement continous batching [18], thereby introducing
substantial overhead when co-serving RT requests.
Metrics. We measure the following metrics on RT requests:
(1) normalized latency [18], [19], computed as the mean of
each RT request’s end-to-end latency divided by the number of
its output tokens; (2) time to first token (TTFT), representing
the latency for each RT request to return the first token after
submitting its prompt; (3) time per output token (TPOT), in-
dicating the average latency for generating subsequent tokens.
We set the SLO for TPOT to be 0.2s, which is a widely
accepted latency for one forward pass of a DNN [28], [43].
For TTFT, considering that prefill processing takes longer [17],

[44], we set its SLO to be 0.4s. We use throughput (measured
in requests per second) to evaluate the serving performance of
BE requests. We show the average normalized latency and
SLO attainments, computed as the mean of each request’s
normalized latency and SLO attainment. For all experiments,
we evaluate the systems with 10-minute traces.

B. Striking Better Trade-off on Hybrid RT/BE Workloads

We evaluate the end-to-end performance of BROS with
vLLM and RR on hybrid RT and BE requests. Performance
comparisons are demonstrated in Fig. 9 and Fig. 10.

1) Latency and Throughput: Fig. 9a and Fig. 9b show that
when RT requests are sampled from the SharedGPT dataset,
BROS demonstrates reductions of 74.20% and 54.31% in
average normalized latency, as compared to vLLM and RR at
various request rates. Simultaneously, BROS maintains high
throughput for BE requests, with only an 11.29% reduction
compared to vLLM and an 8.80% reduction compared to RR.
The performance gains can be attributed to our scheduling
mechanism, which identifies different urgent RT requests at
each iteration and assigns them higher priorities, surpassing
the reliance on arrival orders or fair scheduling with BE



requests. The second step of the scheduling algorithm focuses
on replacing non-urgent RT requests and maximizing the
scheduling of BE requests. Furthermore, the bidirectional KV
cache management of BROS allows RT to share KV cache
blocks of BE requests, ensuring sufficient memory for urgent
RT requests. As a result, BROS strikes a better trade-off by
sacrificing a small proportion of BE requests’ throughput in
exchange for substantial improvements in RT requests’ latency.

2) SLO Attainments: BROS demonstrates 36.38× and
1.73× improvements in TTFT and TPOT SLO attainments
over vLLM. Compared to RR, BROS achieves improvements
of 11.75× and 1.47× in TTFT and TPOT. These improve-
ments are due to the designs of BROS’s scheduling targets for
RT requests, which consider the quick response and high con-
text rate simultaneously when making decisions. Additionally,
the adaptive batch sizing mechanism assists in regulating the
maximum number of batched requests based on feedback from
RT request SLO attainment. No baseline method effectively
balances TTFT and TPOT SLO attainments. vLLM achieves
an average TTFT SLO attainment of only 1.28%. RR alleviates
this by serving RT and BE requests alternately at each itera-
tion, but the results (10.55%) are still unsatisfactory. Regarding
TPOT SLO attainment, vLLM is expected to achieve good
results since when its running queue is full, all scheduled
requests can complete generation without further preemption.
However, without proper memory contention management,
later-scheduled RT requests are compelled to release memory
due to insufficient available resources; these requests must wait
until earlier RT/BE requests finish generation, regardless of
their urgency. BROS effectively addresses this issue through
bidirectional block sharing and block preemption, resulting in
higher TPOT attainments.

C. Achieving Better Performance on Pure RT Workloads

We compare BROS with vLLM and TGI on pure RT work-
loads. We use the RT requests from Table II, and eliminate
the second part of the priority-based packing algorithm and
the bidirectional KV cache management as well. We evaluate
the systems’ serving performance with normalized latency and
throughput, consistent with those in previous studies [18], [19].
Fig. 11 shows that BROS still achieves a 29.36% reduction
in latency and 1.08× throughput improvement over vLLM.
Despite scheduling overheads, BROS can outperform SOTA
systems in end-to-end performance.

D. benefits of Bi-Cache Mechanism

In Fig. 12, we compare the serving performance of RT
requests with/without the bidirectional KV cache management
(denoted as With Bi-cache and No Bi-cache, respectively). We
serve Qwen2.5-32B on hybrid workloads, where the request
rate is fixed to 10. In the case without bi-directional cache
management, we simply perform recomputation for requests
failing to acquire cache blocks. With our designs, TTFT and
TPOT SLO attainments are 1.23× and 1.63× better than
without, which verifies the benefits of our block layout for
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Fig. 12: TTFT and TPOT SLO attainment: with and without
bi-directional cache management.
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Fig. 13: Scheduling overhead.

efficient resource sharing and better SLO attainments of RT
requests.

E. Scheduling Overheads

We evaluate the overheads of request scheduling, which
involves sorting RT/BE requests and querying the cost model
at each iteration. We run Qwen2.5-14B and Qwen2.5-32B
models with hybrid RT and BE requests as in Sec. VII-B.
We measure the average time to complete scheduling and the
average total time of each iteration, depicting the breakdown.
Fig. 13 illustrates that the overhead ranges from 9.12% to
9.52% per iteration for Qwen2.5-14B and from 7.56% to
8.42% for Qwen2.5-32B. Such overheads are justified with
the gains achieved by BROS in terms of reducing RT request
latency and improving normalized latency SLO attainment.

VIII. CONCLUSION

This paper presents BROS, an LLM serving system for
hybrid RT/BE requests. We define novel token group based
latency metrics to balance quick response and high context rate
requirements for RT serving, propose a priority-based packing
algorithm for preemptive scheduling of RT/BE requests at
the iteration level, achieving a favorable serving trade-off
between low latency for RT requests and high throughput
for BE requests. To handle memory contention, we advocate
bidirectional KV cache management, which properly shares
cache blocks between concurrent RT/BE requests to improve
memory utilization and reduce overheads. Extensive experi-
ments validate the superiority of BROS over existing LLM
serving systems [19], [32].
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