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Abstract

LLM inference must meet strict latency SLOs while max-
imizing throughput. Yet, real-world variability in prompt
and response lengths skews compute-intensive prefill and
memory-bound decode phases, making both colocated (even
with chunked prefill) and disaggregated deployments unable
to simultaneously deliver low tail latency and high throughput.

We introduce Libra, a high performance LLM serving sys-
tem that maximizes goodput under SLO constraints even
when handling imbalanced and dynamic workloads. At the
core of Libra is a micro-request based flexible partitioning
and scheduling (FPS) abstraction. The abstraction splits each
request at any token boundary into multiple cooperating seg-
ments. Libra then designs a two-level scheduling framework
that balances micro-request load across unified GPU instances.
The framework consists of a global scheduler that selects
per-request split points, and a local scheduler on each GPU
instance to form SLO-aware batches. Finally, Libra uses
chunked KV cache transfers to support cross-instance micro-
request execution. On real-world traces, Libra improves good-
put by up to 1.91x and 1.61 x, increases serving capacity
from 1.15x to 3.07x, and improves serving performance
by up to 74.2% in a hybrid workload under strict SLOs and
A100/H100 GPUs compared to state-of-the-art colocated and
disaggregated baselines.

1 Introduction

Large language models (LLMs) power modern applications
from code generation [5, 12] to chatbots [32,39] and scientific
assistants [10]. An LLM serving system must handle high vol-
ume of concurrent inference requests, each imposing stringent
latency SLOs to preserve user experience. In particular, mod-
ern systems often target a 100 ms P99 time-between-tokens
(TBT) bound to achieve fluid, real-time generation [41]. Also,
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Figure 1: Throughput vs. SLO attainment across serving ar-
chitectures. PD colocation with chunked prefill reaches high
throughput but violates the latency SLO. PD disaggregation
satisfies the SLO but under-utilizes GPUs. Libra balances the
two, advancing the frontier toward the top-right with higher
goodput (i.e., effective throughput while meeting SLO).

service providers must maximize throughput to improve cost-
efficiency and resource utilization. Balancing tight latency
SLOs with high throughput is critical yet challenging.

The LLM inference process naturally consists of two stages.
The prefill stage processes all prompt tokens in parallel to gen-
erate the first token and populate the KV cache, while decode
stage then produces subsequent tokens one-at-a-time. Pre-
fill workloads are compute-intensive, whereas decode work-
loads are memory-bound. Because they share weights and
KV cache, conventional serving systems typically colocate
both phases on the same GPU instance to amortize resource
usage [40]. However, this simple solution causes interference:
long prefill batches stall latency-sensitive decode steps, in-
flating TBT tail-latencies, while heavy decode phases can
degrade prompt-processing responsiveness.

To mitigate interference, chunked prefill extends the con-
ventional colocation solution by splitting long prompts into
smaller segments so decodes can interleave with prefill
chunks [2, 16]. However, it only provides coarse latency
bounds. PD disaggregation [41] partitions the request to as-
sign prefill and decode to separate GPU instances, eliminat-
ing interference entirely but often under-utilizing hardware
due to mismatched stage loads. Moreover, given a fixed, pre-
allocated pool of GPUs, it is challenging to determine a priori
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the optimal split of GPU resources between prefill and de-
coding. Real-world workloads are dynamic and mixed, with
prompt lengths and generation sizes varying widely (as shown
in §2.3). Consequently, any fixed partitioning will inevitably
be suboptimal. Figure | illustrates the latency-throughput
trade-offs between the two paradigms, and their drawbacks
are magnified under dynamic, imbalanced workloads.

In this paper, we introduce a new paradigm for LLM serv-
ing, termed Flexible Partition and Scheduling (FPS). FPS
treats all GPUs in a cluster as a single unified resource pool.
At its core is a new micro-request abstraction that splits indi-
vidual LLM requests at any token boundary. The abstraction
enables dynamic partitioning at the finest granularity on a
per-request basis. FPS eliminates the rigid trade-off between
colocation and disaggregation, adapting GPU resource alloca-
tion in real-time to match workload composition, balance load
across GPUs, and minimize interference to meet tight SLOs.
Crucially, it can generalize to handle complex, multi-stage
inference patterns like Chain-of-Thought by partitioning a
request into more than two segments.

In this work, we present a concrete instance of this FPS
paradigm, Libra. At the top level, Libra implements a global
scheduler that predicts decode length roughly and stage-wise
costs for each inference request. It then quickly searches
the vast space of possible split token positions, often tens
to thousands per request, to identify near-optimal micro-
request partitions within just a few milliseconds. By lever-
aging lightweight cost models and a handful of probes, it
balances per-request latency constraints against overall GPU
load, then routes micro-requests in round-robin fashion to the
unified GPU pool for fine-grained execution.

Within Libra, all GPU instances are equal and unified, un-
like two GPU roles in PD disaggregation. Any instance can
process any micro-request. A local scheduler on each GPU
instance carefully composes incoming micro-requests into
batches. For each batch, it tunes three key factors, i.e., batch
size, prefill-to-decode token ratio, and decode context length,
to sustain high utilization under a P99 TBT SLO. This per-
batch adaptation also takes place ultra-fast and prevents stalls
and idle cycles, even as workloads shift. Additionally, we in-
troduce a chunk-based KV-transfer mechanism that efficiently
manages the fine-grained KV cache transfers between unified
GPU instances induced by micro-request partitioning.

We comprehensively evaluate Libra on A100/H100 GPU
clusters using real-world workloads such as BurstGPT [36]
and Azure Code [4]. On A100 GPUs, Libra consistently out-
performs prior designs: It attains 1.15x—3.07 x higher serving
capacity and up to 1.91x higher goodput than PD colocation;
it achieves 1.09x-1.67x higher capacity and up to 1.61x
higher goodput than PD disaggregation; Libra also improves
performance by 60%/25% in a hybrid workload over PD
colocation/disaggregation. Libra’s adaptability shines even
against stronger asymmetric baselines where more GPUs are
allocated to the bottleneck stage, improving per-GPU good-
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Figure 2: Partition and scheduling strategies in LLM serving.
(a) PD Colocation, applying chunked prefill to reduce inter-
ference. (b) coarse-grained PD disaggregation, which avoids
interference but leads to GPU under-utilization.

put by up to 74.2% against asymmetric tensor parallelism
and 22.8% against asymmetric data parallelism. Furthermore,
on newer H100 hardware and under a stricter SLO, Libra
extends its performance gains, boosting goodput by up to
134%. These results highlight Libra’s efficiency and robust-
ness across diverse workloads, hardware generations, and
strict production-like latency constraints.

2 Background and Motivation
2.1 LLM Inference

LLM inference [33] consists of two distinct stages, where
a prefill stage is followed by a decode phase. In the prefill
stage, the model processes the entire input prompt in a sin-
gle forward pass, which computes the key-value (KV) cache
for all tokens and generates the first output token. The input
tokens’ KV cache is stored in GPU. Then the decode stage
generates the remaining output tokens one by one, each us-
ing the accumulated KV cache from previous steps, until a
stopping criteria is met (e.g., token limit or stop word). It is
well-known that the prefill stage is compute-intensive, while
decode is memory-bound with low arithmetic intensity. Since
all input prompt tokens are available up front, they can be pro-
cessed in parallel during the prefill stage, achieving high GPU
utilization. In contrast, the decode stage emits one token at a
time, serializing work on the GPU and leaving many compute
units idle. The relative intensity of these two phases strongly
depends on the lengths of the input and output sequences.

2.2 LLM Serving Systems and Optimizations

Real-time online LLM services must simultaneously handle
concurrent requests while meeting strict SLOs. Key latency
metrics include TTFT (time to first token) for prefill speed and
TBT (time between tokens) for decode efficiency. The sum
of TTFT and the cumulative TBT determines overall request
latency; a bottleneck in either phase directly degrades user
experience. Overall throughput or GPU utilization, driven by
concurrency, is another major metric for mainstream serving
systems. Since latency and throughput often conflict, most sys-
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tem optimizations revolve around balancing these objectives.
Our goal is to maximize LLM serving goodput [41], defined
as the number of output tokens generated per second under
a latency SLO. We begin by reviewing two common serving
architectures (Figure 2) and their performance trade-offs.

No inter-GPU partition (PD colocation). The simplest ar-
chitecture runs both prefill and decode phases of a serving
request on the same instance (Figure 2-(a)) without any parti-
tion. Colocation simplifies scheduling and enables straight-
forward continuous batching [40]. But since each instance
handles prefill and decode phases of different requests concur-
rently, the scheme creates prefill-decode interference: heavy
prefilling workloads may stall latency-sensitive decode steps,
leading to long tail latencies between tokens. To mitigate PD
interference, recent systems like Sarathi-Serve [1] introduces
chunked prefill. As illustrated in Figure 2-(a), the approach
breaks an input prompt into smaller segments, each inter-
leaved with decode execution. POD Attention [16] further
fuses prefill and decode into a single GPU kernel, improving
their overlap and GPU utilization. However, effectiveness of
chunked prefill is highly workload-dependent. Only when the
decode phase dominates (e.g., reasoning tasks where outputs
can be 10x longer than inputs), can chunked prefill maintain
acceptable tail latency as the shorter prefill stage causes min-
imal contention. Furthermore, their latency and throughput
are sensitive to the chunk size hyperparameter. Mainstream
solutions [28,34] choose a static, coarse-grained chunk size,
falling short when facing dynamic workloads unfortunately.

Coarse-grained partition (PD disaggregation). To elim-
inate interference, PD disaggregation (Figure 2-(b)) splits
reugests statically at the end of prompt, separating prefill and
decode stages onto dedicated GPU pools. Systems such as
DistServe [41], Mooncake [25], and Splitwise [23] apply such
an architecture and tune each phase independently. Physical
isolation offers more stable tail latencies. The architecture
achieves optimal throughput when computation time between
prompt processing and output generation are well-balanced.
However, any imbalance such as prompt lengths increase
or output lengths shrink, creates uneven resource utilization
across the two GPU pools, resulting in resource fragmentation
and degraded overall efficiency. This sensitivity to workload
skew presents a key challenge for disaggregated designs in
serving where prompt/output patterns are highly dynamic.

2.3 Unbalanced and Dynamic Workloads

We examine the Azure Code [23] and BurstGPT [37] request
traces to understand the time-varying imbalance between the
compute demands of the prefill and decode stages in LLM
inference. Figure 3 shows the prompt token count (blue) and
response token count (orange) from two real-world traces: (a)
per-minute from Azure Code and (b) per-day from BurstGPT.
We also plot a “balanced” decode curve (green), which shows
the number of output tokens whose decode time would ex-
actly match the prefill time. This calculation is done using
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Figure 3: Prompt and output token lengths distribution. The
green line indicates the theoretical balanced output length,
where decode time equals prefill time.

Table 1: GPU compute, KV cache usage, and inter-token
latency when serving Qwen-2.5-14B [6] on two A100 GPUs
(G1 and G2) under PD disaggregation and colocation. Request
rates are tuned to saturate the GPUs.

Metric P-8192,D-32  P-2048,D-512  P-219, D-1467
Disagg. Coloc. Disagg. Coloc. Disagg. Coloc.
Gl 4324 3894 3059 2126 209  13.98
MFU (%) G2 019 3894 793 2126 1434  13.98
Gl 483 3967 117 9423 0 952
HBM Usage (%) 5 577 4003 9483 957 9627 9533
p50-TBT (ms) 2270  309.68 47.00 46.86  50.63  47.99
p99-TBT (ms) 58.09 35293 6511 33681 7447  162.67
Throughput (rps) 083 149 256 283 168 286
Attainment (%) 100.00 173 99.83 8409  99.95 9446

measured prefill throughput on the A100 GPU. The balanced
line remains relatively flat because prefill processes tokens in
parallel with high compute efficiency, so even large variations
in prompt require only modest equivalent decode tokens to
match the prefill time.

In areas where the yellow line exceeds the green curve, de-
code demands more GPU time than prefill; otherwise, prefill
dominates. The trace exhibits wide swings in both prompt
and response volumes. There are extended regions where the
response line (yellow) exceeds the balanced curve, indicating
decode-heavy periods, followed by regions of prefill domi-
nance. The trace also shows rapid fluctuations between the
two types of regions, underscoring the presence of high tem-
poral variance in real-world workloads. Similar dynamics also
appear at scale. For instance, Alibaba’s Infinite-LLM reports
context lengths ranging from a few tokens to more than two
million in production [20].

2.4 Issues with Existing Techniques

To precisely diagnose the limitations of existing architectures,
we conduct a controlled micro-benchmark on a two-GPU
system using three representative request shapes: prefill-heavy
(P-8192, D-32), decode-heavy (P-219, D-1467), and balanced
(P-2048, D-512). This minimal setup is intentionally chosen
to reveal the inherent inflexibility of current designs.

For PD Disaggregation, we use a 1P:1D setup, as it is the
only possible setup on two GPUs. It immediately exposes its
rigidity: bottleneck stage cannot be provisioned with more
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resources. For PD Colocation, we enable chunked prefill with
vLLM’s default (2048 tokens) to show its coarse-grainularity.
In all cases, request rates are pushed to saturation to evaluate
performance under a 100 ms TBT SLO.
Analysis of PD Disaggregation. Table 1 shows that PD
Disaggregation’s strength is its guaranteed latency. By physi-
cally isolating stages, it consistently satisfies the 100 ms SLO
across all workloads, with P99-TBT remaining below 75 ms.
However, this comes at a steep cost to utilization. The rigid
1P:1D partitioning creates severe resource imbalance. For
the prefill-heavy workload (P-8192, D-32), the prefill GPU
(G1) is compute-bound at 43.2% MFU while the decode GPU
(G2) is almost completely idle, delivering a mere 0.19% MFU.
Conversely, for the decode-heavy workload (P-219, D-1467),
G1 is left idle while G2’s memory is saturated. Even in the bal-
anced case, resources are mismatched: G1 underuses memory,
and G2 underuses computation. This inability to share work
across the rigid boundary leads to significant underutilization
and, as a result, lower overall throughput.
Analysis of PD Colocation. In contrast, PD Colocation ap-
pears to offer better throughput by achieving balanced re-
source utilization across both GPUs. For instance, in the
prefill-heavy case, it achieves 1.49 rps compared to disag-
gregation’s 0.83 rps. However, this throughput is illusory, as
the system completely fails to meet its latency contract. The
shared-resource model creates uncontrollable interference.
For the long-prompt workload, head-of-line blocking from
prefill tasks pushes the P99-TBT to a catastrophic 352.93 ms.
The problem persists even in the balanced workload (336.81
ms) and the reasoning workload (162.67 ms), where inter-
ference should theoretically be lower. With SLO attainment
dropping to as low as 1.73%, colocation effectively trades
latency for a higher throughput that is ultimately unusable in
a production environment that values user experience.
The Rigidity of Static Partitioning. Together, these findings
expose a fundamental dilemma. Colocation offers high po-
tential utilization but no latency guarantees. Disaggregation
offers latency guarantees but suffers from low utilization due
to rigid resource allocation. While one might suggest tuning
these configurations for each workload (e.g., using a smaller
chunk size or provisioning a 3P:1D ratio in a larger cluster),
our observation highlights a core problem: static partitioning
is brittle. Under colocation, chunk-size tuning only amor-
tizes prefill and decode interference coarsely, as prefill and
decode workloads remain fundamentally mixed. A system
optimally tuned for a prefill-heavy workload is, by definition,
sub-optimal the moment the traffic mix shifts towards being
decode-heavy. Since real-world service providers must serve
dynamic and unpredictable workloads on a fixed and expen-
sive pool of GPUs, they cannot afford to have hardware sit
idle. Any static configuration is doomed to inefficiency. Fur-
thermore, real-time changing the parallelism strategies will
introduce extra overheads.

This motivates our work. We need to move beyond static,

cluster-level provisioning and toward dynamic, request-level
adaptation. The goal is to design a system that can create uni-
fied resources, dynamically aligning GPU resources with the
immediate needs of the workload, thereby achieving the best
of both worlds: the high, guaranteed SLO of disaggregation
and the high resource utilization of colocation.

3 Libra Overview: Approach and Challenges

Our benchmark results (§2.4) reveal a latency—throughput
trade-off in existing serving architectures. In this section, we
give an overview of Libra with FPS, a framework designed for
efficient handling of dynamic, imbalanced LLM workloads.

3.1 FPS Abstraction

The key design principle in Libra is Flexible Partition and
Scheduling (FPS). As shown in Figure 4, FPS proposes a
new micro-request abstraction that allows partitioning the pre-
fill/decode phases of a serving request at any token position.
Partitioning and dispatching decisions are centrally made by
a global scheduler based on collected latency and resource
utilization metrics. Finally, a runtime system local to each
GPU server schedules, batches, and executes the assigned
micro-requests to maximize throughput under latency SLO.
Micro-request abstraction. Each serving request r can be
described by its prompt length P and a decode length D; we
estimate the decode length roughly using prior well-studied
length-prediction methods [26,29]. This results in a total log-
ical length of L = P+ D. We associate each request with a
splitting point s between 0 and L, dividing the request into two
micro-requests: r® (tokens 1...s) and P (tokens s+1...L).
When s is at the request boundary (0 or L), one of the micro-
requests (+* or ) is empty, i.e., no partitioning. A micro-
request is a contiguous span of tokens, representing either
prefill, decode, or a mixture of both. Unlike PD colocation (no
partitioning) or disaggregation (split only at prompt bound-
ary), FPS can split at any token position.

The micro-request abstraction enables FPS to adapt
smoothly to workload variations. For example, when the sys-
tem is underutilized or the prompt is short, FPS may avoid
partitioning altogether, similar to a colocated engine by rout-
ing the full request to one GPU instance (see request Dy, in
Figure 4). When prefill and decode are balanced under high
load, FPS may adopt a PD disaggregated configuration (see re-
quests Co and Cp). Beyond these, FPS supports hybrid splits,
e.g., merging early prefill with partial decode (request A), or
offloading part of prefill to run alongside decode on another
GPU (request Bg).

Conceptually, FPS operates within a generalized request
partitioning space; prior PD colocation and disaggregation
are mere special cases within this broader execution space,
representing either no partitioning or partitioning at the end
of the prompt. The additional partitioning options offer FPS
more flexibility in navigating the utilization-latency space
while being adaptive to workload dynamism.
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Figure 4: The overall architecture of Libra features unified
GPU instances executing partitioned micro-requests, guided
by a two-level scheduling for improved SLO attainment and
resource utilization. Orange and blue colors denote the prefill
and decode stages of each request, respectively.

3.2 Libra’s Design Overview

‘We build Libra, a concrete instance of FPS, to overcome the
limitations of both PD disaggregation and colocation, i.e.,
static PD role assignment leads to resource underutilization,
while colocating PD causes uncontrollable interference. Libra
addresses this by elevating scheduling decisions to the request
level through a two-level scheduling hierarchy.

Global scheduler. All serving requests are first handled
by the centralized global scheduler (®). The scheduler has
two responsibilities. First, it determines the optimal splitting
point s of each request. The scheduler does so by searching a
candidate partition ratio ¢ € [0, 1] that offers the best predicted
performance (@-@®), and calculates the splitting point s as
[¢L]. Libra divides the sequence into two micro-requests: r*
(tokens 1...s) and rP (tokens s+1...L).

Second, the scheduler routes the partitioned micro-requests
to executors based on current system load and latency SLOs
(®). It runs a lightweight performance predictor, which col-
lects periodic runtime statistics (®) from each GPU, including
compute/HBM memory utilization, and request queue. These
metrics reflect current workload pressure, allowing the predic-
tor to estimate the performance impact of placing r* and P
on different instances. The scheduler selects a placement plan
(micro-request to executor) that minimizes load imbalance
and maximizes throughput, while meeting the request’s SLO.
Unified execution instances. A unified execution instance
runs micro-requests dispatched by the global scheduler on
its GPUs. Given a set of buffered requests, a local scheduler
builds token-level batches via an SLO-aware control mech-
anism (®). The batching protocol enforces two constraints:
It should respect the HBM limit of the resident GPUs and it
keeps the p99 TBT latency below the SLO. The local sched-
uler also adapts to changes in workload and observed request

latency. It widens the batches and bumps throughput when
request workload is moderate; if latency approaches the SLO,
it reconfigures per-batch composition to reduce the prefill-
decode interference. When the micro-requests of an LLM
request span two execution instances, the instances exchange
the required KV cache blocks over RDMA (®).

3.3 Design Challenges

Although FPS and Libra can adapt on the fly to meet SLOs
and boost performance, unlocking their full potential requires
overcoming three key system challenges.

Challenge 1: dynamic request slicing and scheduling com-
plexity. Each incoming request exposes dozens to thousands
of valid split points, and each resulting micro-request can be
routed to multiple unified instances. As a result, the schedul-
ing search space for n requests of lengths /;,...,l, grows
exponentially as []/;. The global scheduler must navigate this
enormous space within a few milliseconds and with limited
foresight: a split that appears balanced now may lead to over-
load moments later as new traffic arrives. These challenges
necessitate fast, predictive cost models to estimate benefits
and efficiently identify near-optimal splits while respecting
per-request SLOs. This scheduling complexity is the neces-
sary trade-off for achieving the on-the-fly adaptability that
static systems lack.

Challenge 2: fine-grained batch control under SLOs. Uni-
fied instances execute a continuous sequence of batches, each
containing a dynamic mix of prefill and decode tokens. This
composition varies over time as micro-requests are assigned
by the global scheduler, leading to fluctuating workload char-
acteristics that must be handled efficiently at the batch level.
Effective batch composition depends on tuning two key fac-
tors: the prefill-to-decode token ratio, which governs inter-
ference between the two stages, and the context lengths of
decode tokens, which directly impact per-token latency. Ad-
ditionally, the total number of tokens per batch influences
overall GPU utilization, making batching a multi-objective
optimization task. To meet latency SLOs while maintaining
high throughput, the local scheduler must make fast, accurate
decisions when forming each batch. Unlike prior systems
that rely on static chunk sizes to loosely bound latency, our
setting demands fine-grained control over batch composition
in response to changing request mixes, making the problem
substantially more complex.

Challenge 3: frequent cross-instance KV cache transfers.
FPS with micro-requests leads to more frequent and fine-
grained KV cache transfers between unified GPU instances
compared to coarse-grained PD disaggregation, as it permits
splitting at arbitrary points within either the prefill or decode
stages. For example, in a reasoning task from our experiments,
a micro-request that merges a decode segment with the prefill
results in 3x more token cache transfers than standard disag-
gregation, significantly increasing KV cache volume. Libra
must transfer KV cache efficiently to avoid stalling.
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4 Libra’s Design

The primary objective of Libra is to maximize the overall
serving goodput given a fixed set of cluster resources (e.g.,
N GPUs). Here, goodput measures the rate of output tokens
generated from requests whose tokens satisfy a per-request la-
tency SLO. Finding the optimal micro-request to GPU sched-
ule is a complex optimization problem. To make the prob-
lem tractable, we decompose it into a hierarchical, two-level
scheduling strategy.
Libra’s scheduling is guided by three key principles.
¢ Balancing throughput across stages (§4.1): The global
scheduler partitions requests to equalize execution time
across GPUs, eliminating idle cycles.
¢ SLO-aware batch composition (§4.2): The local sched-
uler dynamically adjusts batch composition based on
runtime latency feedback.
* Overlapping KV transfer with compute (§4.3): Chunk-
based transfers hide communication latency behind on-
going computation.

4.1 Global: Request Partition and Routing

To better guide the design of the partition policy, we first
analyze single request partitioning in terms of performance.
We conducted a controlled micro-benchmark using a synthetic
workload, where each request consists of a fixed 1024-token
prompt and a 1024-token output. The system runs on two
A100 GPUs. We vary the partition position, which refers to
the token index at which the request is split between the two
GPUs, and observe its impact on throughput.

In Figure 5, a partition position of 1024 corresponds to
vanilla PD disaggregation: the entire prompt is handled by
GPU-1, and the entire decode phase by GPU-2. This static
partitioning results in highly unbalanced workloads. GPU-1,
processes prefilling tasks much faster than GPU-2, which is
burdened with the full decode workload. Because the two
GPUs operate as a pipeline, the overall system throughput is
bottlenecked by the slower of the two—GPU-2 in this case.

We then gradually shift the partition point forward, incre-
mentally assigning more decode tokens to GPU-1. When
execution times are unbalanced (e.g., at position 1024), GPU-

Algorithm 1: GLOBAL REQUEST SCHEDULER (r)

Input: r = (P,D,L,K) // prompt, predicted-decode, current
server load, maximum step for binary search
Output: partition ratio ¢

1 if prefill_clk =0 A decode_clk =0then // cold start
2 | return COLDSTART (r)

3 0« P+LD’ lo<+0,hi<+ 1// starting point

4 fork=1to K do

5 (r1,r2) < SPLIT(r,¢) // total execution time on
each server

6 T, T, < PREDICT(ry,73,L);

7 if\Tl—T2|§£then

8 L break // execution time balanced

9 else

10 L UPDATE(lo, hi, ) // binary search update

11 COMMIT(r1,r2);
12 return ¢

1 finishes faster and idles waiting for GPU-2, creating stalls.
As we rebalance the work by moving the partition point,
GPU-1’s throughput decreases while GPU-2’s increases until
they intersect at the optimal point (position 1358). It is at
this intersection—where the workloads on both GPUs are
balanced—that the end-to-end system throughput is maxi-
mized. This leads to our key design principle—Insight 1:
Maximizing the throughput of a disaggregated serving
system requires balancing the throughput of its stages.
Throughput Equilibrium Constraint. Thus, we im-
pose a throughput equilibrium constraint for any pair of
GPUs (g;,g;) processing a partitioned request, |Thpt(g;) —
Thpt(g;)| < &, where Thpt(g) is the predicted request through-
put (request/s (rps)), and € is a small tolerance (e.g., 0.5 rps).
Considering the concrete example from Figure 5, at the
unbalanced partition position 1024 (PD disaggregation), GPU-
1 achieves 5.6 rps while GPU-2 achieves the 1.7 rps. This
creates a “bucket effect” where the end-to-end throughput
(1.7 rps) is bounded by the slower component. In contrast,
at the balanced position 1358, both GPUs operate at 2.5 rps
with synchronized completion times, eliminating idle cycles
and achieving higher system throughput. Any deviation from
equilibrium wastes resources and reduces utilization.
Load balancing and routing. Balancing each individual re-
quest does not guarantee balanced load globally. Concurrent
micro-requests may be routed to the same GPU, causing con-
tention. To address this, after determining the partition ratio
0, the global scheduler routes micro-requests using a least-
loaded policy: r* and P are assigned to the two instances
with the lowest current load, with round-robin dispatch to
break ties. The scheduler then adjusts the partition ratio to
balance execution time across the selected GPU pair.
Global-level decision and request planner. Based on the
above insight, the global scheduler must choose an appro-
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priate partition ratio ¢ € [0,1] per request for a stream of
requests R = {r;}, to maximize the overall performance. As
discussed in §3, the first [¢L] tokens of the micro-requests o
are assigned to the o server, the remainder to the 3 server.

The algorithm | finds the appropriate ratio with a bounded
binary search. It starts from an initial ratio ¢ = HLD, which
corresponds to pure PD disaggregation (line 3). In each it-
eration, the scheduler splits the incoming request r into two
parts according to ¢, and uses an analytical latency predictor
to estimate the total execution time on each server, denoted
by 71 and T; (line 6). Here, T and 7> represent the predicted
time for each server to complete all assigned micro-requests,
including the new split segments, under the current load con-
ditions. Predictions use offline-profiled lookup tables with
LRU caching, costing only microseconds per probe. The bi-
nary search adjusts ¢ to balance the workload by minimizing
the difference between 77 and 7>. The search stops once the
absolute difference |T} — 73| is within a small tolerance €
(line 7), indicating near-equal execution times on both servers.
To limit overhead, the maximum number of binary search
iterations is capped by the parameter K (set to 6 in our setup).

A cold-start path seeds the prefill and decode clocks when
the first request arrives (line 2); subsequent requests reuse
the existing timing prefix and simulate only the delta. This
yields O(1) per-request complexity, while staying within one
percent of an offline oracle with perfect future knowledge.
Execution predictor within global scheduler. To gauge
the benefit of a partition plan on two selected GPUs, the
global scheduler uses a lightweight predictor that analytically
estimates the plan’s timing. The predictor maintains an in-
put queue of micro-requests and simulates a virtual batch
under the same hardware constraints as the runtime: a per-
pass batch composition drawn from each instance’s recent
batching history, at most Nyax concurrent requests, and the
requirement that every active request advances by at least one
token per pass. To preserve accuracy, the predictor continu-
ously calibrates itself with recent requests execution progress
and real-time GPU metrics, ensuring its model of system sta-
tus remains up to date before predicting batch latency. During
each virtual pass, the predictor admits requests until the token
budget or request limit is reached. It grants one prompt chunk
or one decode token per request, then advances time. Advanc-
ing deducts granted tokens from remaining work, resets the
token budget, and stores a compact batch snapshot including
request IDs, outstanding tokens, and timestamps. This cycle
repeats until all work is complete, producing a detailed time-
line of future GPU activity. We use First-Come-First-Serve to
match vLLM setup. The predictor adds negligible overhead
via lightweight state snapshots and simple arithmetic.

4.2 Local: SLO-Aware Batch Composition

Complementing the global scheduler, the local scheduler man-
ages batching on each GPU to ensure SLO compliance.

Mix batch’s performance analysis. Figure 6 tracks how

Decode Only --#-- Prefill Length=256 —--- SLO (30ms)
—o— Prefill Length=128 --*-- Prefill Length=512

® SN SRR DR SO SO .
Ezoo UGERGR AR I
& |ppr—r—

i 100 !

= T
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0 } 0 1

0 25 5068 100 0 25 50 68 100
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(a) Context Length=128

Decode Only --#-- Prefill Length=1024 --- SLO (50ms)
—o— Prefill Length=512 --=*-- Prefill Length=2048
300

1
0 29 50 75 100 0 0 29 50 75 100
#Decode Requests #Decode Requests

(b) Context Length=1024

Figure 6: Latency and GPU compute utilization under differ-
ent batching strategies for Llama-3.1-8B on an A100 GPU.

the mixture of prefill and decode requests in a single batch
affects both latency (left-hand figures) and GPU throughput in
TFLOPs/s (right-hand figures) on an A100 running Llama-3.1-
8B. Two context lengths are examined: a short context of 128
tokens (top row) and a long context of 1024 tokens (bottom
row). Here, context length refers to the KV cache length of
concurrent decode requests, while prefill length is the token
count of a newly admitted prefill request. As they belong to
different requests in the same batch, prefill length can exceed
decode context length. In every latency figure the red dashed
horizontal line marks the latency service-level objective, 30
ms for the short context and 50 ms for the long one. Where
that line intersects a latency curve we define the Latency-
Constrained Utilization (LCU) point. The x-coordinate of the
LCU point reveals the largest number of concurrent decode
requests that can be handled without breaching the SLO, while
the corresponding throughput is obtained by reading straight
up to the matching TFLOPs/s curve in the plot on the right.
Because varying the prefill batch size shifts the position of the
LCU point, the batch composition directly determines how
efficiently real-time inference workloads can be served.

From these results, we further derive the following two key
insights, which we leverage in local scheduler.

Insight 2: decode—prefill trade-off between latency and
GPU utilization. Decode-only batches consistently meet
the 50 ms SLO but are memory-bound, leaving much of the
GPU’s compute capacity idle and yielding modest TFLOP/s
throughput. Introducing a moderate prefill segment (e.g., 512
tokens) shifts work toward compute-bound operations, raising
utilization and throughput; however, as the number of con-
current decode requests grows (for example, beyond 29 when
decode length is 1024), the end-to-end latency went past the
50 ms target. Thus, higher utilization is achieved at the cost
of latency increasing.
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Algorithm 2: LOCAL SCHEDULER (P, D, S, B,T)

Input: P, D, S, B, T  //prefill queue, decode queue, target
SLO, previous batch, profile table
Output: next batch B

1 RECORD(T, B.PLEN, B.CcTX, B.DNUM, B.TIME);
2 B+ D,
M < MAXPREFILLALLOWED(T, S, B.ctx, B.dnum);
3 foreach r € P do
// schedule no more than M tokens

4 t = min(R.TOKEN,M) ;

5 B.add(r,t);

6 M—M-—t; // update budget
7 if M <0 then

8 L break

9 return B

Insight 3: batch composition (prefill length (plen), con-
text length (ctx) and decode token number (dnum)) is
key performance drivers—but the optimal configuration
is dynamic. Larger prefill batches (e.g., 1024 tokens) can
boost throughput in light-load scenarios but quickly breach
SLOs as batch sizes grow. Longer decode sequences fur-
ther increase memory contention and delay phase handoffs.
Throughput also depends on context length: short contexts
(e.g., 128 tokens) exhibit a roofline pattern, rising with more
decode requests until the LCU point. And long contexts (e.g.,
1024 tokens) see throughput degrade under heavier decode
loads. Here the LCU Point offers a concrete metric to evaluate
throughput under latency constraints. These patterns suggest
that request partitioning and scheduling are crucial for han-
dling diverse prompt lengths and dynamic loads to achieve
high GPU utilization without violating SLOs.

Dynamic batch composition. Based on the above insights,
we design our local scheduler. After the request is split, the
local inference engines need to process them. A naive schedul-
ing policy would simply prefill a fixed batch of tokens and let
the decode thread emit one token per request; the batch size
then acts as a crude latency knob. In practice this is ineffec-
tive, because inference latency depends not only on the batch
size but on the full batch composition—prefill length, average
context length, and the number of concurrent decodes.

To make scheduling SLO-aware and hardware-efficient, we
design a local scheduling algorithm that dynamically com-
poses the batch before each hybrid kernel launch. As illus-
trated in Algorithm 2, the scheduler updates a profile table
with latency statistics from the previously executed batch.
Specifically, it records the tuple (plen, ctx, dnum, time), where
time is the measured latency. This step ensures that the profile
table is progressively refined with execution feedback.

The scheduler then constructs the next batch in two stages.
First, it includes all decode requests (line 2), which are as-
sumed to be latency-critical and must be processed immedi-
ately. Based on the decode portion of the batch, it computes
the average context length and decode count. These values

Timeline

ro: prefill & partial decode
chunk1 chunk2 chunk3

KV cache transfer

Serveri KV cache send

Server2 KV cache receive rP: decode
ra: prefill & partial decode
Server1 chunk1 chunk2 chunk3
send1  send2 | send3
Transfer by chunk
Server2 recvi recv2 recv3 rP: decode

Figure 7: Transfer optimization: original (top) vs. Libra’s
chunk-based transfer(bottom).

are used to consult the profile table and determine the max-
imum prefill token budget M that would keep the batch la-
tency within the target SLO. Next, the scheduler traverses
the prefill queue in arrival order and greedily adds as many
requests as possible into the batch without exceeding the to-
ken budget M (line 3). Each prefill request r may contribute
up to min(~.TOKEN, M) tokens (line 4), and the budget M is
updated accordingly. The traversal stops once the budget is
exhausted. This budget-aware selection maximizes utiliza-
tion while preserving SLO. This procedure allows Libra to
adaptively shape batches based on runtime conditions.

4.3 Chunk-Based KV Transfer

Figure 7 illustrates how Libra transfers the KV cache of r*
across servers at chunk granularity. Serverl processes r* in
equal-sized chunks, regardless of token type. Once chunk
k completes, its KV block is immediately DMA-pushed to
Server2, while Serverl continues with chunk k + 1. This
is both safe and efficient because the KV cache is append-
only [31]; completed chunks are immutable and can be trans-
ferred in parallel without coherence concerns. Transfers are
fully offloaded to high-speed RDMA-based libraries like
NCCL [22] or Mooncake [24], with lightweight ZeroMQ [44]
messages steering placement on the receiver side. This chunk-
level transfer overlaps communication with computation, hid-
ing KV transfer costs. In typical NVLink or RDMA configu-
rations, transfer latency is 1-2 orders of magnitude smaller
than compute time. Compared to prior layer- or iteration-level
approaches [25,31], our method achieves finer granularity.

4.4 Extending FPS to Multi-Split Inference

Libra’s FPS naturally generalizes beyond binary split to ac-
commodate multi-stage inference patterns. For example, a
Chain-of-Thought (CoT) request introduces an intermediate
“think” stage that, being non-user-facing, has relaxed latency
constraints. Libra leverages this by partitioning such a request
into three distinct micro-requests: prefill, think, and decode.
This allows the scheduler to handle the “think™ stage with a
different SLO, enabling more aggressive load balancing to
improve throughput without compromising the final output
latency. This multi-split partitioning is a general principle
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that can be extended to more complex workloads. The same
principle extends naturally to even more micro-requests when
workloads introduce additional stages. We have implemented
this multi-split capability, and as demonstrated in §6.7, it
yields significant goodput improvements.

S Implementation and Discussion

We implemented Libra atop vLLM (4K lines of Python),
which can be adaptable to other inference engines.

Length prediction discussion. While Libra can leverage
output length prediction [26, 29] to improve efficiency, its
overall performance do not rely on accurate predictions. The
global scheduler bases its decisions on relative execution
times across GPU stages rather than exact token counts, which
inherently limits the impact of prediction errors. To further
guard against underestimation which could cause SLO vio-
lations, we apply a conservative safety margin (20 tokens in
our setup), while slight overestimation has only negligible
efficiency impact. Our sensitivity analysis (Table 5) confirms
that Libra consistently maintains its performance targets even
with noisy predictions, demonstrating that prediction accuracy
is beneficial but never a point of failure.

Offline profiling procedure. To enable accurate SLO-aware
latency estimation, we perform offline profiling across key
request parameters: prefill length, number of decode requests,
and context length. For each combination, we repeatedly mea-
sure execution latency on the target GPU to reduce variabil-
ity, ensuring stable and reliable measurements. The results
are stored in a multi-dimensional lookup table, which the
scheduler consults at runtime to estimate expected latencies
for different batch compositions. This procedure allows the
scheduler to make informed batching decisions while keeping
latency within SLO constraints. Our profiling approach is also
robust against minor measurement noise.

6 Evaluation
6.1 Experimental Setup

Models. We evaluate Libra using three open-source LLM
models from the popular Qwen-2.5 series [27], including
Qwen-2.5 14B [6], 32B [7] and 72B [8] versions.

Testbed. Our primary evaluation platform consists of two
cloud servers, each with four NVIDIA A100 80GB GPUs,
128 CPUs, 1TB RAM, and 4 x200 Gbps ConnectX-6 RoCE
NICs. NVLink provides 600 GB/s bandwidth between any
two GPUs within a server. Additional experiments ran on
H100 cloud to validate Libra on newer hardware.

Workloads. We generate request arrival patterns using a
Poisson distribution, as in prior work [18,38,41]. Request
input and output lengths are sampled from multiple real-world
datasets, including Azure Code [4], BurstGPT [37], arXiv
Summarization [9], and Mini Reasoning [17]. These diverse
settings reflect a variety of prompt/output length distributions.
Baselines. We compare Libra against the state-of-the-art
LLM serving system vLLM (v0.7.2) in two configurations.

PD Colocation (PD Coloc.): We use vLLM’s default chun-
ked prefill strategy, with optimal chunk sizes tuned between
256-2048 for each workload. Since Sarathi’s [1] Chunked
Prefill has already been adopted by vLLM, we do not evaluate
Sarathi-Serve separately; PD Disaggregation (PD Disagg.):
We extend vLLM’s original disaggregation mode (v0) to a
more advanced version (v1) under modern scheduling logic.
DistServe [41] shares a design very similar to vLLM’s PD
mode; hence, we omit an independent comparison. We focus
on these baselines because they represent common design
patterns, and reusing VLLM ensures fair comparisons.

We deploy models using data (DP) and tensor parallelism
(TP). For PD Coloc., we use 2 GPUs (DP=2) for 14B, 4 GPUs
(TP=2, DP=2) for 32B, and 8 GPUs (TP=4, DP=2) for 72B.
For PD Disagg., we use TP within separate prefill and decode
instances: we use 1P1D for 14B, 2P2D for 32B, and 4P4D
for 72B. Libra uses the same number of GPUs as PD Disagg.,
allocating TP groups to process r* and r? separately: 1 GPU
each for r* and ? in 14B (2 GPUs total), 2 GPUs each in 32B
(4 GPUs total), and 4 GPUs each in 72B (8 GPUs total). For
the main evaluations, Libra splits each request into two micro-
requests, which is the standard setup for these workloads. The
three-split generalization is evaluated separately in §6.7.
Metrics. We evaluate Libra using two primary metrics: Good-
put [41], defined as the number of tokens generated per second
while meeting service-level objectives (SLOs), and serving
capacity, defined as the maximum sustainable queries-per-
second (QPS) under SLO constraints, following the definition
used in Sarathi Serve [1]. We enforce a 100 ms TBT SLO,
widely adopted in academia [41,43] and industry. Such SLO
ensures smooth streaming in interactive applications. We also
evaluate a stricter 50 ms SLO on H100 GPUs (§6.8).

6.2 Overall Results

Figure 8 compares the goodput of Libra, PD Coloc., and PD
Disagg. across various workloads and model scales. Libra
consistently outperforms both baselines across all evaluated
settings. Specifically, it achieves a maximum goodput im-
provement of up to 91% over PD Coloc., and up to 61% over
PD Disagg.. These gains reflect Libra’s load balancing and
reduced PD interference.

In BurstGPT, Azure Code, and arXiv Summarization work-
loads, Libra demonstrates a steady increase in goodput with
rising QPS, until reaching saturation where it maintains a
plateau. In contrast, PD Coloc. shows degraded performance
beyond a certain QPS due to PD interference. This is miti-
gated in Libra by only introducing mixed PD batches when
imbalance arises, thereby reducing the likelihood and severity
of interference. Furthermore, the dynamic batch composition
strategy helps constrain batch-level delays and maintain TBT
within the SLO threshold. PD Disagg., while immune to di-
rect PD interference, lacks scheduling flexibility due to its
rigid prefill/decode separation. As a result, it often suffers
from server under-utilization in skewed workload.
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Figure 8: Goodput of Libra, PD Colocation, and PD Disaggregation under a 100 ms TBT SLO. Rows represent model sizes (14B,
32B, 72B); columns represent workloads (BurstGPT, AzureCode, arXiv Summarization, and Mini Reasoning).

Table 2: TTFT (ms) comparison between Libra and PD Dis-
aggregation across different workloads.

TTFT (ms) BurstGPT Arxiv Mini-Reasoning

PD Disagg. 23.8 83.9 0.058
Libra 12.6 68.5 0.088

In Mini Reasoning, with pronounced imbalance from

longer generations, Libra’s adaptive partitioning improves
utilization and goodput. Interestingly, in this particular work-
load, PD Coloc. also achieves relatively strong performance.
This is because the prefill stage accounts for a smaller frac-
tion within the workload, making decoding less sensitive
to prefill-induced delays and PD Coloc. becoming a very
strong baseline. As model size grows from 14B to 72B, PD
Coloc. suffers increasing PD interference, causing sharp good-
put drops past peak QPS. In contrast, Libra maintains stable
throughput and consistently outperforms PD Disagg., show-
ing strong resilience to scaling and load. We also compare
against asymmetric baselines in §6.6, where we show that
Libra still outperforms all configurations.
TTFT analysis. Table 2 reports the TTFT for Libra and
PD Disaggregation. On prefill-heavy workloads, Libra re-
duces TTFT by 47% on BurstGPT and 18% on Arxiv, as
load balancing reduces queuing delays at prefill instances.
On decode-heavy Mini-Reasoning, Libra’s TTFT increases
slightly (0.08 ms vs. 0.058 ms), but remains well below the
100ms decoding SLO, sufficient for production systems.

6.3 Serving Capacity

Beyond goodput, we also measure serving capacity (the max-
imum queries per second (QPS) each system can support

N
o

Method
I PD Coloc.

PD Disagg.
I Libra

Capacity
=

BurstGPT Azure Arxiv Mini reasoning

Figure 9: Serving capacity of Libra, PD Colocation, and PD
Disaggregation across four workloads using the Qwen-14B.

while keeping the p99 token-by-token latency (TBT) under
the 100 ms SLO) in Qwen-2.5-14B model. As shown in Fig-
ure 9, Libra consistently achieves the highest serving capacity,
averaging 2.37 x that of PD Coloc. and 1.37x that of PD Dis-
agg. Its elastic scheduling balances compute and interference,
enabling adaptability across diverse workloads.

Libra’s capacity improvements align with its goodput gains,
as it dynamically balances resource utilization and limits in-
terference. For decode-light workloads (AzureCode), Disag-
gregation reduces prefill contention but underutilizes decode;
Libra avoids both, reaching up to 3x Colocation’s QPS. In
decode-heavy cases (Mini Reasoning), Colocation benefits
from batching, while Libra further improves capacity by tun-
ing batch size and load distribution. Even on long-input (arXiv
Summarization) and balanced (BurstGPT) workloads, Libra
maintains an edge by flexibly coordinating prefill and decode
without underutilization.

6.4 Hybrid Workload

To reflect real-world usage where request patterns span di-
verse tasks, we construct a hybrid workload by uniformly mix-
ing BurstGPT and Azure Code requests. This combination
introduces contrasting prompt and response characteristics,
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Table 3: Serving capacity under a hybrid workload (50%
BurstGPT + 50% Azure Code) using the Qwen-14B model.

System PD Coloc. PD Disagg. Libra
Serving Capacity (rps) 4.6 5.9 7.4
Goodput (token/s) 316.32 399.31 473.84
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0.25 I = wi SLO-aware chunking
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Figure 10: CDF of time-between-tokens (TBT) with and with-
out SLO-aware batching, using Qwen-14B model and Azure-
Code workload. QPS is set to serving capacity of Libra.

Table 4: Per-request scheduling overhead under varying QPS
when serving Qwen-14B with BurstGPT traces.

QPS 6 8 10 12 14 16
Overhead 0.51% 040% 029% 0.16% 0.12% 0.09%

making static partitioning inherently unbalanced. As shown
in Table 3, Libra achieves 60% higher serving capacity than
PD Coloc. and 25% higher than PD Disagg.. In terms of good-
put, Libra outperforms PD Coloc. by 49% and PD Disagg.
by 20%. PD Coloc. suffers interference from large Azure
prompts; PD Disagg. avoids interference but underutilizes
resources due to fixed partitioning. In contrast, Libra dynami-
cally adjusts the split ratio per request, balancing compute and
memory usage across GPUs. This adaptivity leads to better
utilization, stable latency, and higher capacity for Libra.

6.5 Breakdown Analysis

Then we dive into Libra to investigate its internal details.
Benefit of SLO-aware batching. We first evaluate the impact
of SLO-aware batching by measuring the CDF of TBT under
high-workload pressure conditions. As shown in Figure 10,
without SLO-aware batching, PD interference leads to signif-
icant tail latency, with TBT exceeding 175 ms in the worst
case. Only 52% of tokens are generated within the 100 ms
SLO threshold, meaning nearly half the tokens violate the
service requirement. By enabling SLO-aware batching, Libra
effectively constrains PD interference and tail delay, raising
the SLO-attainment to 99%. This demonstrates the impor-
tance of fine-grained batch adjustment in ensuring latency
predictability under mixed prefill-decode batches.
Scheduling overhead analysis. We evaluate the runtime
overhead of Libra ’s global scheduler using the Qwen-14B
model on a 2-GPU setup (1 for 7* and 1 for r#) with BurstGPT
traces at varying QPS. Table 4 reports the overhead as a
fraction of requests’ end-to-end latency. Across all workloads,
the per-request overhead remains below 0.51%, corresponding

Table 5: Sensitivity of goodput to prediction errors. The sched-
uler assumes an output length of 1467 tokens, while actual
output lengths are sampled from a normal distribution with
varying standard deviation. Prompt length is 219 tokens.

Standard deviation (c) 0 10 50 100
Goodput (token/s) 3606.93 3591.00 3564.90 3501.85

Table 6: Comparison under different TP configurations for
Prefill and Decode instances.

Parallelism 4P1D 1P4D 2P1D 1P2D 1PI1D \ Libra
Per GPU Goodput  68.8 33.1 732 49.8 65.1 \ 86.8

to under 18 ms per request. Although the absolute overhead
is roughly constant, its fraction of total end-to-end latency
decreases at higher QPS, reflecting the increasing workload
and demonstrating the efficiency of the lightweight scheduler.
Sensitivity analysis. Then, we evaluate Libra’s robustness
to output length prediction errors. We conduct a sensitivity
analysis where the global scheduler assumes a fixed output
length of 1467 tokens. Actual output lengths are drawn from
a normal distribution with the same mean (1467) and varying
standard deviations (¢ = 0,10,50,100). The prompt length
is fixed at 219. In Table 5, Libra maintains high goodput
across all levels of variance, with only a 2.9% drop at ¢ = 100,
showing Libra’s tolerance to moderate prediction errors.

Chunk-based KV transfer. Finally, we test chunk-based
KV transfer using the Mini-Reasoning task as an example.
Compared to a version of Libra without this technique, the
chunked approach reduces non-overlapped transfer by 94%.

6.6 Asymmetric Tensor Parallelism

For a more rigorous comparison, we benchmark Libra
against TP-asymmetrical baselines, specifically PD Disagg.
(a stronger form of disaggregated setup), using a mixed work-
load scenario with 50% Azure workload (prefill-heavy) and
50% Mini-Reasoning (decode-heavy). Table 6 illustrates that
Libra easily achieves higher per-GPU goodput in a basic
1P1D setup compared to PD Disagg. across all tested TP
configurations, with improvements spanning 18.6% to 74.2%.
This significant uplift highlights Libra’s superior ability to
squeeze maximum utilization from GPU resources with min-
imal configuration burden. The underlying limitation of PD
Disagg. lies in its static TP assignment: a configuration such
as 4P1D optimizes GPU utilization for the prefill-heavy work-
load but is ineffective for decode-heavy tasks, resulting in
underutilized GPUs in a mixed environment. Libra, however,
overcomes this limitation via its flexible request splitting
mechanism, enabling it to dynamically balance and serve
diverse workloads efficiently, thereby maximizing per-GPU
goodput to a significant degree.

6.7 Multi Splits For CoT Reasoning

We evaluate Libra’s multi-stage partitioning on the Mini-
Reasoning (CoT) workload, where intermediate “think” to-
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Table 7: Three Split Micro-requests Performance for COT.

PD Disagg. Libra (2-split) Libra (3-split)
Goodput (token/s) 260.01 336.16 366.43

Table 8: H100 results: Goodput comparison against (a) data-
parallel baselines and (b) under 50 ms low SLO.

Azure Workload Mini Reasoning
Goodput
Coloc. Disagg. Libra Coloc. Disagg. Libra
DP 592.5 587.5 7124 6967.3 6014.2  7090.0

50-SLO 259.7 397.2 608.0 56962 3816.8 5930.5

kens have relaxed latency constraints. As shown in Table 6,
Libra’s default 2-split mode improves goodput by 29% over
PD Disagg. but is limited by applying a single strict SLO to
all output tokens. By adopting a 3-split strategy, Libra isolates
the non-critical “think” tokens, enabling more aggressive load
balancing without violating the final output’s SLO. While
CoT requires predicting both think and visible tokens, Libra
only relies on coarse-grained load estimates for scheduling;
execution still follows the precise token-level CoT labels.
This stage-aware scheduling boosts goodput by another 12%
to 366.43 token/s, achieving a 41% total gain over the base-
line and demonstrating the power of flexible partitioning for
complex inference patterns.

6.8 H100’s Results

Due to limited A100 availability, the DP and low-SLO latency
experiments ran on H100s, providing validation of Libra’s
effectiveness on newer hardware.

Data parallelism. As shown in the first data row of Ta-
ble 8, Libra’s dynamic scheduling proves superior to even
tuned, asymmetric data-parallel baselines. Against a 2P1D-
DP baseline on the prefill-heavy Azure Code workload, Libra
improves goodput by 22.8% by using its unified scheduler to
prevent the decode replica from being underutilized. On the
decode-heavy Mini Reasoning workload, a 1P2D-DP setup
suffers from decode GPUs hitting memory pressure while the
prefill replica sits idle; Libra rebalances work across all GPUs
and improves goodput by 18.0%. These results highlight Li-
bra eliminates both compute underutilization and memory
imbalance inherent in static partitioning.

Strict SLO experiment. Libra’s performance advantages
persist even under a strict 50ms SLO constraint, as shown in
last row of Table 8. On the Azure workload, Libra improves
goodput by 53.1% over PD Disagg and 134% over PD Coloc.
On Mini Reasoning, it delivers 55.4% and 4% gains, showing
that even when static baselines already operate near capacity,
Libra still extracts further efficiency. These results demon-
strate that Libra’s dynamic resource allocation is critical for
maximizing goodput while adhering to tight latency deadlines,
showcasing its robustness in production-like scenarios where
static partitioning can struggle.

7 Other Related Work

Request-level scheduling. Latency—throughput tradeoffs are
central to LLM serving. Orca [40] improves throughput via
continuous batching, while Apparate [11] reduces latency
using dynamic early-exit points. Nanoflow [42] overlaps com-
munication and computation within nano-batches for better
intra-device parallelism. NIYAMA [14] adapts chunk sizes to
support multi-SLO and priority workloads. These techniques
offer advanced latency control for diverse scenarios. Libra
can incorporate these techniques into its scheduling.
Phase-level scheduling. Apart from DistServe [41], Split-
wise [23] also separates prefill and decode across clusters to
reduce interference. And Sarathi-Serve [1] introduces chun-
ked prefill with stall-free batching, but uses static chunk sizes
and only partitions prompts, limiting its adaptability to dy-
namic workloads. WindServe [13] uses CUDA-stream-based
disaggregation for intra-GPU PD sharing with dynamic prefill
dispatch, but operates within the traditional PD architecture
and cannot partition requests at arbitrary token boundaries.
TaiChi [35] assigns requests to differentiated P-heavy/D-
heavy instances for latency shifting, but limits to prompt-
boundary split with offline-configured instance ratios and fails
to achieve globally balanced load. Other approaches include
Shubha [30], which extends phase-level disaggregation with
heterogeneous GPU support; MLC-LLM [21], which stati-
cally offloads prefill to decode instances using a fixed ratio;
Dynamo [3], which routes requests first and may perform pre-
filling directly on decode instances; Semi-PD [15], which uses
SM-level control for intra-GPU sharing; and Adrenaline [19],
which offloads decode attention kernels to prefill instances. In
contrast, Libra departs from instance-level specialization and
prompt-boundary partitions. It operates on unified instances
and dynamically partitions each request at any token posi-
tion with global load balancing, enabling robust adaptation to
dynamic workloads.

8 Conclusion

We introduced Libra, a scalable LLM serving system that
moves beyond static disaggregation and colocation through
its micro-request abstraction and two-level scheduler. By dy-
namically balancing load across a unified GPU pool, Libra
combines the high utilization of colocation with the low tail
latency of disaggregation. Our results demonstrate superior
goodput and capacity, proving that dynamic, request-level
scheduling is more efficient for large-scale LLM serving.
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9 Appendix
9.1 Real-time Workload Replay
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Figure 11: Goodput trends under a real-time workload from
the BurstGPT dataset, using the Qwen-14B model.

To evaluate performance under realistic temporal dynamics,
we extract a continuous request stream from the BurstGPT
dataset, preserving original arrival pattern to simulate a re-
altime workload. The extracted trace starts at 311th hour
and spans 42 minutes, and we measure average goodput ev-
ery 6 minutes. Figure 11 shows goodput over time for all
systems. We observe fluctuations in the measured goodput,
which are primarily attributed to variations in input lengths.
During intervals with longer prompts, the system typically
exhibits reduced goodput, resulting from increased prefill
overhead. During the time interval between 12 and 42 min-
utes, PD Disaggregation outperforms PD Colocation, thanks
to its isolation of prefill and decode stages which mitigates
interference. Libra, however, further improves goodput by
employing SLO-aware batching to limit interference and fine-
grained partition to dynamically rebalance load between GPU
instances, achieving consistently higher throughput.

In contrast, during the first 6 minutes, requests are more
decode-heavy with relatively short prefill phases. Here, Colo-
cation suffers less from interference and temporarily surpasses
Disaggregation. Even in these cases, Libra leverages its flex-
ible fine-grained partition mechanism to maintain top-tier
goodput across the board.

9.2 Implementation Details

We implemented Libra on top of vVLLM with 4K lines of
Python code, as an end-to-end distributed LLLM serving ar-
chitecture featuring a two-level scheduler and backend in-
tegration interface. The design is non-intrusive and can be
extended to various other inference engines. We will open
source our code in the near future.

Request scheduler. The global scheduler in Libra is inte-
grated into the front-end proxy of vLLM. On arrival, each
request is passed through a length predictor, then routed to the
scheduler, which chooses a partition ratio ¢ and dispatches
the resulting micro-requests to a pair of GPU engines. A
lightweight latency predictor (§4.1) embedded in the con-
troller estimates per-engine throughput in real time. To reduce

scheduling overhead, we implemented the global scheduler
logic in C++ while maintaining full compatibility with the
Python-based codebase.

1258 23rd USENIX Symposium on Networked Systems Design and Implementation

USENIX Association



	Introduction
	Background and Motivation
	LLM Inference
	LLM Serving Systems and Optimizations
	Unbalanced and Dynamic Workloads
	Issues with Existing Techniques

	Libra Overview: Approach and Challenges
	FPS Abstraction
	Libra's Design Overview
	Design Challenges

	Libra's Design
	Global: Request Partition and Routing
	Local: SLO-Aware Batch Composition
	Chunk-Based KV Transfer
	Extending FPS to Multi-Split Inference

	Implementation and Discussion
	Evaluation
	Experimental Setup
	Overall Results
	Serving Capacity
	Hybrid Workload
	Breakdown Analysis
	Asymmetric Tensor Parallelism
	Multi Splits For CoT Reasoning
	H100's Results

	Other Related Work
	Conclusion
	Appendix
	Real-time Workload Replay
	Implementation Details




