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Abstract
With rising popularity of LLMs, the performance, scalability, and
resource-efficiency of inferences become a crucial challenge. The
core part of the inference process is the KV cache, which avoids re-
computing intermediate attention states, and the batching strategy
that batches multiple requests per forward pass to leverage GPU
parallelism. KV cache memory grows linearly with sequence length
and batch sizes, easily exceeding the limited GPU memory capac-
ity. State-of-the-art inference runtimes use continuous batching to
maximize GPU utilization by interleaving the processing of new
requests (i.e., prefill requests) with ongoing generation requests
(i.e., decode requests). However, existing schedulers greedily admit
prefill requests without considering the future KV cache memory
required to successfully run the decode phases. This shortsighted
approach causes frequent KV cache overflows, which in turn trig-
ger preemption and recomputation of requests, severely degrading
both throughput and latency. We propose PKAS, a Predictive KV
Cache-Aware Scheduling algorithm to mitigate this inefficiency
by reducing preemptions. PKAS uses a low-overhead technique to
simulate future KV cache utilization and guide the admissibility for
new request candidates. Combined with lightweight output-length
predictions, PKAS can make better batching decisions, preventing
KV cache overflows and drastically reducing preemptions. Evalua-
tions on diverse models and workloads show that PKAS achieves
up to 7.34x higher throughput and 8x lower latency compared to
state-of-the-art scheduling, with the largest gains on long-context
workloads where KV cache pressure is high.

CCS Concepts
• Software and its engineering→ Scheduling; • Computing
methodologies→ Neural networks.
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1 Introduction
Large Language Models (LLMs) have become an integral part of
a wide range of industrial and scientific applications, thanks to
their remarkable flexibility in tasks from text summarization and
literature search [12] to complex reasoning [6]. LLMs only mark
the initial step toward accelerating scientific discovery: automated
data analysis, formulating hypotheses [22], and designing experi-
ments [5]. Recently, more general transformer-based foundational
models (FMs) have begun to combine multi-modal data, use domain-
specific information, leverage advanced attention mechanisms (e.g.,
self- and cross-attention), and employ specialized architectures (e.g.,
mixture of experts [17]) [21]. The potential for innovations in this
space has barely been tapped.

LLM/FM training and fine-tuning pose a significant challenge
by requiring tens of thousands of GPUs for months at a time. Until
recently, training workloads dominated HPC data centers. However,
inference workloads have become the dominant nowadays. With
an exploding number of LLM users, serving inference requests both
efficiently and at scale is emerging as an even bigger challenge.
For example, at Meta, inferences are the largest AI workload run-
ning on their HPC data centers, accounting for 65% of the energy
consumption, compared to 35% consumption for pre-training [7].

The difficulty stems from the two-phase nature of LLM infer-
ences: prefill and decode. During the prefill phase, the input prompt
is processed in parallel, which is compute-intensive and effectively
utilizes the GPU’s processing power. The real bottleneck, however,
lies in the decode phase, where the model generates one token at
a time in an auto-regressive fashion. To avoid recomputation and
accelerate decoding speed, a KV Cache [26] is often employed to
store the Key and Value states of previously computed tokens. It
typically resides in the spare GPU memory not occupied by the
model parameters. This sequential, token-by-token generation is in-
herently memory-bandwidth bound, leaving the powerful compute
units of the GPU largely idle to wait for data. To counteract this
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inefficiency and maximize hardware utilization, multiple inference
requests must be batched together. This, in turn, introduces sig-
nificant complexity in managing the dynamic and heterogeneous
states of numerous requests simultaneously.

Motivation. The KV cache capacity is usually the main bot-
tleneck that limits the number of inference requests that can be
batched together. This creates a challenging problem that demands
simultaneous consideration of both scheduling and GPU memory
management. Specifically, if too many requests are batched together
and processed in parallel without any of them finishing, then the
KV cache capacity limit will be reached prematurely, prompting the
need to preempt partial requests to free up enough tokens from the
KV cache for the remaining ongoing requests to continue making
progress. Such preemptions will trigger recomputations later that
might reduce the overall inference throughput and increase the
latency of each inference request. On the other hand, if not enough
requests are batched together, the GPUs and KV cache utilization
remain under-utilized, which also leads to reduced throughput and
increased latency. This trade-off is further complicated by the need
to balance token generation throughput (maximized when using
fewer, larger forward passes) with latency considerations (maxi-
mized when using more, shorter forward passes), affecting the KV
cache usage patterns.

Limitations of state-of-art approaches. To address this trade-
off, state-of-the-art inference runtimes such as vLLM [31], NVIDIA
TensorRT-LLM [25], and HuggingFace TGI [9] typically adopt two
optimizations: (1) continuous batching, which makes scheduling
decisions at a fine granularity between individual forward passes,
thus enabling new (or a previously preempted) requests to be added
to an ongoing batch immediately when sufficient KV cache is avail-
able (from finished requests or spare capacity); (2) chunked-prefill,
which allows the prefill phase of a long request to be broken into
smaller chunks that are computed over multiple forward passes,
thereby reducing the inter-token latency and increasing the fre-
quency of checking for finished requests and reclaiming their KV
cache tokens. Building on these optimizations, these inference run-
times usually use an optimistic greedy scheduling strategy that
attempts to squeeze as many inference requests together in the
same batch by checking only if there is enough KV cache capacity
to run the next forward pass, without reserving capacity for future
tokens. This approach assumes that previous inference requests
finish often, thereby freeing up more KV cache tokens as the batch
progresses. However, inference requests are increasingly getting
longer, both in terms of the number of prefill tokens and decode
tokens. Thus, such an optimistic strategy becomes increasingly
short-sighted and might trigger a large number of preemptions,
which negatively impact the performance and scalability of the
inferences, both collectively and individually.

Key insights and contributions. In this work, we present
PKAS, a Predictive and KV Cache-Aware Scheduling algorithm that
aims to mitigate the aforementioned limitations via proactive KV
cache simulation. In contrast to state-of-the-art approaches that
make greedy, single-step admission decisions based solely on avail-
able KV cache for the next forward pass, we adopt a long-term
predictive approach, which can simulate KV cache utilization over
multiple future forward passes to check for potential preemptions
before they occur. The simulation results are then used to guide the
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Figure 1: LLM architecture overview (decoder-only)

scheduler to decide how many new (or preempted) requests to add
to the batch at each forward pass. Our KV cache simulator uses a
simple and lightweight predictor to estimate the decode lengths for
both ongoing requests in the batch and the candidate one, which
are derived from runtime statistics of finished inference requests.
Note that coarse predictions are sufficient in PKAS since the goal is
not precise forecasting but providing the simulator with enough
foresight to make informed admission decisions that can balance
GPU resource utilization and inference performance. Thanks to this
approach, PKAS reduces the number of preemptions to negligible
levels while maintaining proper GPU utilizations, thereby improv-
ing both inference performance and scalability. We summarize the
key contributions as follows:
(1) We perform an analysis of the preemption pattern of inference

requests over time to investigate the impact of recomputations
on performance and identify the circumstances under which
state-of-the-art scheduling strategies underperform (§ 3).

(2) Based on the gap analysis, we propose a series of design prin-
ciples: isolation of admissibility criteria for new/preempted re-
quests; admissibility recommendations based on simulated KV
Cache prediction; low-overhead fast-forward simulation; and
prediction-method-agnostic interface (§ 4.1).

(3) We introduce an algorithmic description of the design principles
(§ 4.3) and PKAS, an implementation that integrates with state-
of-the-art inference engine, vLLM. PKAS will be released as an
open-source artifact upon acceptance.(§ 4.4).

(4) We evaluate PKAS on two models (dense and MoE) and a diverse
set of real-world inference traces across various chunk sizes.
The models and traces are widely used in the AI community [34].
Our approach achieves up to 7.34x higher throughput and 8x
lower latency compared with the leading state-of-the-art batch
strategy in vLLM (§ 5).
Limitations of the proposed approach. We assume scarce

GPUmemory is available for KV caching, whichmakes preemptions
likely. Under ample KV cache capacity (unlikely in practice due to
growing models and inference request sizes), our approach will not
deliver an improvement of token throughput and time-per-output-
token (TPOT) for batched inferences. More specifically, PKAS is ef-
fective for long-context workloads where KV cache pressure is high;
for short-context workloads where preemptions are inherently rare,
it yields modest improvements without degrading performance.
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Figure 2: Illustrative comparison of different batching strategies.
2 Background

LLMArchitecture. LLMs are typically based on a decoder-only
transformer architecture [8, 13, 21, 30, 36] (Figure 1) that is com-
posed of successive blocks. This part remains largely unchanged
when encoders are used, which is why we can focus on decoder-
only architectures without losing generality. The inference process
is autoregressive in nature: after a prefill phase, in which all tokens
are handled in parallel, the output is generated one token at a time
during the decode phase, which appends the last output token to the
input and runs a new iteration until reaching a special termination
token (or a maximum number of tokens). Each iteration is essen-
tially a forward pass in which the tokens are processed successively
by each transformer block, both during prefill and decode.

KV Caching. Each transformer block uses a set of linear layers
to generate Query (Q), Key (K), Value (V) vectors, and a special
attention layer (often with multiple heads [30]) that utilizes these
vectors to capture the correlations between tokens. Specifically,
for input tokens 𝑋 = [𝑥1, 𝑥2, ...𝑥𝑛], three matrices 𝑄 = 𝑋 ·𝑊𝑞 ,
𝐾 = 𝑋 ·𝑊𝑘 and𝑉 = 𝑋 ·𝑊𝑐 are computed using learned parameters
to project each token into 𝑑𝑘 features. Then the attention score
is computed as 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄,𝐾,𝑉 ) = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 ((𝑄 · 𝐾𝑇 )/

√︁
𝑑𝑘 ) ·𝑉 .

Due to the autoregressive nature, a large part of the intermediate
𝐾 and 𝑉 results remain unchanged during the decode phase. As a
consequence,𝐾 and𝑉 are cached rather than recomputed using the
spare GPUmemory that does not hold the LLM parameters. The𝐾𝑉
cache is a core component of modern LLM inference runtimes [9,
14, 21, 25], making it possible to achieve a high token generation
throughput. However, it is non-trivial to make efficient use of it,
because the KV cache utilization grows linearly with the length of
the inference request (generated during both prefill and decode),
while the length keeps increasing.

Batching. Despite the 𝐾𝑉 cache’s ability to reuse intermediate
attention results, the sequential nature of token-by-token decoding
fails to efficiently exploit the inherent parallelism of GPUs, thereby
restricting token generation throughput. Consequently, optimally
batching multiple requests into a forward pass has become essen-
tial for modern LLM inference runtimes. Early batching strategies,
as exemplified by FasterTransformer [23], operate at coarse gran-
ularity: they group full inference requests into a new batch, run
all forward passes needed to process the batch, then repeat. This
process is described in Figure 2(a). A more advanced strategy, con-
tinuous batching [1, 25, 39], has emerged that uses finer-grained
scheduling at the iteration level to further boost efficiency. In this
case, the inference runtime takes scheduling decisions before each
forward pass, potentially adding a new request to the batch as
soon as another request has finished. This process is illustrated
Figure 2(b). Given recent trends to augment inference prompts

with RAG [18], splitting the prefill phase into smaller chunks is
also important for reducing the duration of long forward passes,
which reduces latency and increases continuous batching frequency
(and thereby overall efficiency). This method, known as chunked
prefill [14, 31, 40, 42], is shown in Figure 2(c).

Preemption. Combining batching strategies with KV caching
is subject to a difficult trade-off. As mentioned in § 1, the more
inference requests are batched together, the more KV cache space
is required to progress with all of them in parallel. However, the
KV cache capacity is a scarce resource, since it uses the remaining
GPU memory that is not allocated to model parameters. Therefore,
batching too many requests together risks exhausting the KV cache
space, in which case one or more requests need to be preempted to
make room for the surviving requests to continue. There are two
alternative strategies to resume preempted requests: swapping their
KV cache tokens to host memory on preemption or recomputing
the request from scratch. Recent work [37] shows that recomputa-
tion generally outperforms swapping, as the latter is constrained by
slow GPU-to-Host data transfers caused by limited PCIe bandwidth.

3 Gap Analysis
From the user perspective, it is important to minimize: (1) the time
to first output token (prefill time); (2) the delay between successive
output tokens (TPOT: time per output token). From the system-level
perspective, it is important to maximize the inference throughput
(tokens per second) in order to serve as many users as possible as
quickly as possible. These objectives are often subject to a trade-
off. Therefore, state-of-the-art batching strategies fill the context
window of the LLM in each forward pass up to a fixed number of
tokens (referred to as chunk size), which is often smaller than the
model’s maximum context window. The chunk size affects how
many requests can be batched and how much progress each request
can make in the next forward pass, which depends on whether the
request is in the prefill or decode phase.

Preemptions cause significant degradation of inference perfor-
mance from both the user perspective and system-level perspective.
When preempted requests rejoin the batch, their recomputation in-
flates forward pass duration, which slows down all other inference
requests, regardless whether they are in the prefill phase (i.e., longer
prefill time) or decode phase (i.e., longer TPOT). Thus, regardless
of how the trade-off needs to be adjusted for the batching strategy,
avoiding preemptions is critical.

Intuitively, larger chunk sizes should increase the total token
throughput at the expense of latency, and vice-versa. This has
indeed been reported before [11]. However, preemptions lead to
severe degradation of total token throughput for larger chunk sizes,
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Figure 3: Performance analysis when running Llama3.1-8B with vLLM for
different datasets and chunk sizes.

Figure 4: Num. of scheduled/recomputed to-
kens when using Llama3.1-8B and Narra-
tiveQA with 8K chunk size.

especially when long inference requests are involved, thereby negat-
ing the expected throughput gains. We illustrate this in Figure 3
using Llama3.1-8B on two datasets with long requests (NarrativeQA
and codeU). The details of the experimental setup can be found
in § 5. As can be observed, in both cases, total token throughput
dramatically drops for an increasing chunk size, which is correlated
with the rising number of recomputed tokens. At the same time,
prefill time and TPOT also increase.

To explain this phenomenon better, Figure 4 zooms into the evo-
lution of recomputed tokens over time for NarrativeQA with an 8K
chunk size. Each bar aggregates multiple forward passes over a 25s
time interval. In addition to the general observation that a large
number of tokens is recomputed throughout the entire duration
of the inference process, there is an interesting and striking “ping-
pong“ pattern emerging, which is highlighted in the zoomed region
(showing finer-grained recomputations per forward pass). Specifi-
cally, the number of recomputed tokens oscillates between high and
low across consecutive forward passes (i.e., high, then low, then
high again and so on). This can be attributed to a fundamental limi-
tation of the state-of-the-art greedy scheduling strategies. They op-
timistically squeeze asmany inference requests together in the same
batch as long as there is sufficient KV cache capacity to run the next
forward pass, inevitably leading to an inefficient cycle where the
same request is scheduled and preempted repeatedly until another
request completes and frees enough KV cache to break the cycle.

4 PKAS Design
Based on the gap analysis in § 3, we capitalize on the ping-pong
pattern to design and develop a novel scheduling approach to in-
telligently decide when to admit a new candidate inference requests
into an ongoing batch.

4.1 Design Principles
4.1.1 Isolation of Admissibility Criteria for New/Preempted
Requests. As batching strategies and KV cache management tech-
niques continue to evolve, it is important to address preemptions
using a generic framework that is decoupled from both. In the worst
case scenario, new candidates (which can be either requests that
were added by users in the wait queue and never started before, or
requests that were previously preempted) can be proposed by the
scheduling strategy at each forward pass, which is the case of contin-
uous batching (as discussed in § 2). Regardless of the criteria used to

select new candidates to be added to an ongoing batch (e.g., priority-
based or first-in first-out), the key to avoiding a preemption in the
future is to admit a new candidate only if its contribution to the KV
cache is unlikely to cause an overflow. Unlike state-of-the-art that
applies a short-sighted admissibility check on the availability of
enough KV cache tokens to run the next forward pass, we propose
a far-sighted approach based on simulating future KV cache utiliza-
tion. A key idea we propose is to collect and track runtime statistics
independently to keep predictions self-contained and avoid side-
effects such as proactive KV cache allocation or manipulation of pri-
orities and request order. By achieving this goal, we effectively en-
able isolation, since the only impact on the batching strategy is the
admissibility decision. We will discuss next how to achieve this goal.

4.1.2 Admissibility Recommendations Using Simulated KV
Cache Utilization. Predicting whether a new request will cause
a KV cache overflow is complex and cannot be solved analytically.
The difficulty stems from several non-trivial factors: the current
state of the KV cache, the phase (prefill/decode) and progress of
each running request, and future completion events that will release
cache blocks. The KV cache space is managed in blocks that are
assigned to different inference requests [31]. When using prefix
caching, the problem is further complicated by the need to keep
track of reference counting. Thus, simply tracking the number of
free tokens in the KV cache is insufficient; we must model the al-
location and utilization of individual blocks without assuming a
specific cache policy. Furthermore, predicting when requests will
finish (releasing blocks) requires a statistical approach since termi-
nation is uncertain. Due to these complexities, we solve the problem
via simulation. We introduce a shadow KV cache allocator that can
instantly fork the current cache state and mimic the real allocator
by performing fake (de)allocations that only update the block table,
not the GPU memory. The simulation tracks the progress of all re-
quests, including the new candidate, modeling when they allocate
new blocks and when they release blocks upon completion. We
run the simulation only for the duration required to complete the
new candidate request. If no overflow occurs during this period,
the request is admitted; otherwise, it is denied.

4.1.3 Low-Overhead Fast-Forward Simulation. An ongoing
batch constantly changes as new or preempted requests are added
and others finish after each forward pass. Because our simulation
is a self-contained recommendation, the variables it depends on
(state of KV cache, state of requests) may quickly diverge from
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reality. Therefore, we must run the simulation frequently, ideally at
every forward pass, in order to compensate for these differences. A
key challenge is minimizing the simulation’s overhead, as it could
become a bottleneck when processing numerous requests over
many forward passes. Under such circumstances, it is infeasible to
simulate each individual forward pass. Instead, we propose a “fast-
forward” approach to simulate multiple passes in a single step. The
key insight is that we only need to track the next completion event
(the number of 𝐾 passes until any request finishes). Until that point,
no KV cache blocks are released. This allows us to use the shadow
KV cache allocator to simulate new block allocations as needed for
the tokens generated by all ongoing requests over the next 𝐾 steps.
Then, we repeat this process after each completion event. Since
all ongoing requests are known at the start of a simulation, we
simply sort them by their estimated remaining tokens to determine
the sequence of completion events. This fast-forward method is
especially effective for long requests, allowing many passes to be
skipped between actual state updates.

4.1.4 Prediction-Agnostic Design. Simulating future KV cache
utilization requires predicting output lengths of inference requests.
Since the same prompt can yield different output lengths across
LLM models, this is inherently challenging. State-of-the-art ap-
proaches range from lightweight heuristics to trained models [41]
and analysis of internal states [28]. Predictions involve a fundamen-
tal trade-off: overly optimistic estimates cause frequent preemp-
tions, while pessimistic ones underutilize the context window. Pri-
oritizing speed and admissibility isolation, we adopt a lightweight
heuristic (detailed in § 4.3.3): we track the moving average and
standard deviation of finished-request output lengths via Welford’s
algorithm, then bias the prediction one standard deviation below
the mean. This accounts for co-batched requests finishing in the
meantime and freeing KV cache space during the decode phase.
The standard deviation serves as a proxy for prediction uncertainty:
higher uncertainty yields a more optimistic prediction, reflecting
that the request is more likely to finish sooner than estimated at
admission. This has two advantages: (1) it is non-intrusive and
lightweight (output length is directly observable and the statistics
are computationally trivial), thus avoiding scheduling delays; (2) it
is robust, adapting the optimistic bias to uncertainty to mitigate the
ping-pong effect without causing underutilization. Since the sim-
ulation is re-run at every forward pass with updated states and sta-
tistics (§4.1.2), prediction errors are short-lived and self-correcting,
enabling online adaptation without dataset-specific tuning. PKAS
is most effective under high KV cache pressure (long contexts, lim-
ited GPU memory, large batches) where greedy scheduling triggers
frequent preemptions, but still yields modest improvements for
short-context workloads. Our approach is compatible with more
sophisticated predictors; their latency could further be hidden by
running them proactively and asynchronously on CPUs during
forward passes, though this is outside the scope of this work.

4.2 System Composition of PKAS
Figure 5 the integration of PKAS’s proposed design principles
within vLLM inference engine, while it can be extended naturally
to other inference engines using similar inference workflows (e.g.,
TensorRT-LLM [25], SGLang [40], etc.).
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Figure 5: Architecture of PKAS. The green-shaded compo-
nents represent PKAS’s additions to the vLLM.

New inference requests submitted by the users are processed
sequentially by an API server, which tokenizes raw input of each
request and appends the request to a waiting queue. A separate run-
ning queue is used to track the requests that are actively generating
output tokens in the ongoing batch. When requests in the running
queue exhaust available KV cache blocks, at least one running re-
quest must be preempted until enough KV cache blocks are freed
for the surviving requests to make progress. Preempted requests
are added back to the waiting queue and are typically selected as
new candidates with higher priority. The vLLM Worker executes
a model forward pass for the batched requests and updates each
request’s key and value states in the KV cache.

PKAS employs three components (Figure 5) that collectively
make admissibility decisions — determining which and how many
requests from the waiting queue can be admitted to the ongoing
batch to reduce preemptions in future decoding iterations. The
Scheduler implements the core admissibility logic, building upon
vLLM’s hybrid continuous batching and chunked-prefill mecha-
nism. It coordinates with the Simulator and Predictor to make
informed scheduling decisions. Before admitting a new candidate
(selected from the head of the waiting queue) to join the ongoing
running requests, it invokes the Simulator to simulate the future KV
cache utilization and then decides to admit or reject the candidate
accordingly. Upon request completion, it notifies the Predictor to
update the running statistics. Note that we isolated the admissi-
bility recommendations (provided by the Simulator and Predictor)
from the underlying scheduling policy (e.g., FIFO), enabling integra-
tion with other strategies. The Simulator performs a light-weight
fast-forward simulation of future KV cache utilization (detailed in
§ 4.1 and § 4.3) for current active requests and the given candidate.
It retrieves the block allocation map and utilization statistics for
running requests from the KV Cache Manager before performing
simulation, then combines this information with predicted out-
put length from the Predictor to simulate the KV cache utilization.
The Predictor provides the estimation of the output length using
a simple deviation-aware moving average approach (detailed in
§ 4.3). To achieve this, it maintains aggregated statistics from com-
pleted requests, which are dynamically updated via a notification
from the Scheduler. Together, these components enable PKAS to
make smart decisions, effectively reducing preemptions without
sacrificing resource utilization.

4.3 Zoom on the Scheduling and Simulation
Algorithms

We use the following notations throughout:𝑄𝑤 denotes the waiting
queue, 𝑄𝑟 the running queue, 𝑏 the token budget per iteration, and
𝑟 a candidate request selected from𝑄𝑤 . Requests in𝑄𝑤 are ordered
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Algorithm 1: Predictive KVCache-Aware Scheduling.
Input :𝑄𝑤 : waiting queue;𝑄𝑟 : running queue;𝐶𝑚𝑎𝑥 : Max # tokens per

batch; 𝐵𝑚𝑎𝑥 : Max # requests per batch
Global :𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑜𝑟 : PKAS simulator described in Algorithm 2.
Output :Batched requests to execute in current iteration

1 Function schedule():
2 𝑅𝑤𝑎𝑖𝑡 ← ∅, 𝑅𝑟𝑢𝑛 ← ∅, 𝑏 ← 𝐶𝑚𝑎𝑥

3 𝑅𝑟𝑢𝑛, 𝑏, 𝑝𝑟𝑒𝑒𝑚𝑝𝑡 ← schedule_running(𝑏 )
4 if ¬𝑝𝑟𝑒𝑒𝑚𝑝𝑡 then
5 𝑅𝑤𝑎𝑖𝑡 ← schedule_waiting(𝑏 )
6 return 𝑅𝑟𝑢𝑛 ∪ 𝑅𝑤𝑎𝑖𝑡

7 Function schedule_running(𝑏):
8 𝐵 ← ∅
9 𝑝𝑟𝑒𝑒𝑚𝑝𝑡 ← 𝐹𝑎𝑙𝑠𝑒

10 for req ∈ 𝑄𝑟 do
11 // Free completed requests and update prediction statistics

12 if ℎ𝑎𝑠_𝑓 𝑖𝑛𝑖𝑠ℎ𝑒𝑑 (𝑟𝑒𝑞) then
13 𝐾𝑉𝑚𝑔𝑟 .𝑓 𝑟𝑒𝑒 (𝑟𝑒𝑞)
14 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 .𝑢𝑝𝑑𝑎𝑡𝑒_𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠 (𝑟𝑒𝑞)
15 // Iterate Running requests in insertion order (FCFS priority)

16 for req ∈ 𝑄𝑟 and 𝑏 > 0 do
17 // Return min(remaining prefill tokens or 1 if decoding, b)

18 𝜏 ← 𝑐𝑎𝑙_𝑖𝑛𝑝𝑢𝑡_𝑡𝑜𝑘𝑠 (𝑟𝑒𝑞)
19 𝑐𝑎𝑛_𝑠𝑐ℎ𝑒𝑑 ← 𝑇𝑟𝑢𝑒

20 while ¬𝐾𝑉𝑚𝑔𝑟 .𝑎𝑙𝑙𝑜𝑐 (𝑟𝑒𝑞, 𝜏 ) do
// Preempt until enough space for req

21 𝑝𝑟𝑒𝑒𝑚𝑝𝑡 ← 𝑇𝑟𝑢𝑒

22 𝑣𝑖𝑐𝑡𝑖𝑚 ← 𝑄𝑟 .𝑝𝑜𝑝_𝑙𝑎𝑠𝑡 ( )
23 𝐾𝑉𝑚𝑔𝑟 .𝑓 𝑟𝑒𝑒 (𝑣𝑖𝑐𝑡𝑖𝑚)
24 𝑄𝑤 .𝑝𝑢𝑠ℎ_𝑓 𝑟𝑜𝑛𝑡 (𝑣𝑖𝑐𝑡𝑖𝑚)
25 if victim == req then
26 𝑐𝑎𝑛_𝑠𝑐ℎ𝑒𝑑 ← 𝐹𝑎𝑙𝑠𝑒

27 break
28 if 𝑐𝑎𝑛_𝑠𝑐ℎ𝑒𝑑 then
29 𝐵 ← 𝐵 ∪ 𝑟𝑒𝑞, 𝑏 ← 𝑏 − 𝜏
30 return 𝐵,𝑏, 𝑝𝑟𝑒𝑒𝑚𝑝𝑡
31 Function schedule_waiting(𝑏):
32 𝐵 ← ∅
33 // Iterate waiting requests in arrived order (FCFS)

34 for req ∈ 𝑄𝑤 and 𝑏 > 0 do
35 𝜏 ← 𝑐𝑎𝑙_𝑖𝑛𝑝𝑢𝑡_𝑡𝑜𝑘𝑠 (𝑟𝑒𝑞)
36 if ¬𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑜𝑟 .𝑓 𝑎𝑠𝑡_𝑓 𝑜𝑟𝑤𝑎𝑟𝑑 (𝑟𝑒𝑞, 𝜏,𝑄𝑟 ) then
37 break
38 𝐾𝑉𝑚𝑔𝑟 .𝑎𝑙𝑙𝑜𝑐 (𝑟𝑒𝑞, 𝜏 )
39 𝐵 ← 𝐵 ∪ 𝑟𝑒𝑞, 𝑏 ← 𝑏 − 𝜏
40 𝑄𝑤 .𝑝𝑜𝑝 (𝑟𝑒𝑞)
41 𝑄𝑟 .𝑝𝑢𝑠ℎ_𝑏𝑎𝑐𝑘 (𝑟𝑒𝑞)
42 return 𝐵

by arrival time and processed following the First-Come-First-Served
(FCFS) policy, while requests in𝑄𝑟 are processed in insertion order.

4.3.1 Scheduling. The schedulingworkflow for batching requests
is described in Algorithm 1. Aligned with vLLM’s scheduler, PKAS
prioritizes scheduling requests already in 𝑄𝑟 to form a batch 𝑅𝑟𝑢𝑛
(Line 3). If no running requests need to be preempted, it proceeds to
admit new or resumed requests from𝑄𝑤 to form batch 𝑅𝑤𝑎𝑖𝑡 (Line
5). Then the union of 𝑅𝑟𝑢𝑛 and 𝑅𝑤𝑎𝑖𝑡 forms the next batch to be
processed, which will be passed to the vLLMworker for performing
the next forward pass.

When scheduling requests from 𝑄𝑟 , the scheduler proceeds as
follows. The scheduler first iterates over𝑄𝑟 to check if any requests
have completed their generation. If a request is finished, its KV
cache blocks are reclaimed and its output length is reported to
the Predictor for statistics update. The completed request is then
removed from 𝑄𝑟 . Next, for each request in 𝑄𝑟 , we check if it can
be admitted given the remaining token budget (𝑏) and available KV

Algorithm 2: PKAS Simulated KV Cache Utilization.
Input :𝑟 : candidate req. to schedule; 𝜏 : number of tokens for 𝑟 to process in

the next forward pass;𝑄𝑟 : running requests
Global :𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 : shadow KV cache manager as described in § 4.1,

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 : Predictor governed by equation 1.
Output : schedule decision for the candidate req. (boolean)

1 Function fast_forward(𝑟, 𝜏,𝑄𝑟 ):
2 // Create a shadow copy of current KV cache state

3 𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 ← 𝑐𝑙𝑜𝑛𝑒_𝑠𝑡𝑎𝑡𝑒 (𝐾𝑉𝑚𝑔𝑟 )
4 // Reject if not enough space for r to run next forward pass

5 if ¬𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 .𝑎𝑙𝑙𝑜𝑐 (𝑟, 𝜏 ) then
6 return 𝐹𝑎𝑙𝑠𝑒

// compute remaining Δ tokens for 𝑟 and 𝑄𝑟

7 // 𝑖𝑛 ( ): prefill tokens; 𝑜𝑢𝑡 ( ): predicted output length;

𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 ( ): tokens already processed

8 Δ𝑟 ← 𝑖𝑛 (𝑟 ) + 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 .𝑜𝑢𝑡 (𝑟 ) − 𝜏
9 for req ∈ 𝑄𝑟 do
10 Δ𝑟𝑒𝑞 ← 𝑖𝑛 (𝑟𝑒𝑞) + 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 .𝑜𝑢𝑡 (𝑟𝑒𝑞) − 𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 (𝑟𝑒𝑞)

// sort 𝑄𝑟 based on ascending order of Δ
11 𝑄 ′𝑟 ← 𝑠𝑜𝑟𝑡 (𝑄𝑟 ,Δ)
12 // cumulative simulated forward passes advanced so far

13 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ← 0
14 while |𝑄 ′𝑟 | > 0 do
15 if Δ𝑟 − 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 == 0 then
16 return𝑇𝑟𝑢𝑒
17 𝑟𝑒𝑞 ← 𝑄 ′𝑟 .𝑓 𝑟𝑜𝑛𝑡 ( )
18 // compute minimum tokens K (or forward passes) to advance

until r or the closest request finishes

19 𝐾 ←𝑚𝑖𝑛 (Δ𝑟𝑒𝑞 ,Δ𝑟 ) − 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛
20 if 𝐾 == 0 then
21 𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 .𝑓 𝑟𝑒𝑒 (𝑟𝑒𝑞)
22 𝑄 ′𝑟 .𝑝𝑜𝑝_𝑓 𝑟𝑜𝑛𝑡 ( )
23 continue
24 // advance all surviving requests by K tokens

25 for 𝑛𝑒𝑥𝑡 ∈ 𝑄 ′𝑟 do
26 if ¬𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 .𝑎𝑙𝑙𝑜𝑐 (𝑛𝑒𝑥𝑡, 𝐾 ) then
27 return 𝐹𝑎𝑙𝑠𝑒
28 if ¬𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 .𝑎𝑙𝑙𝑜𝑐 (𝑟, 𝐾 ) then
29 return 𝐹𝑎𝑙𝑠𝑒
30 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ← 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 +𝐾
31 return𝑇𝑟𝑢𝑒

cache blocks. This process continues until either the token budget or
the KV cache capacity is exhausted. Specifically, the request can be
admitted if the KV cache manager has sufficient blocks to hold 𝜏 to-
kens, where 𝜏 equals the minimum of the request’s demand (chunk
size or the size of remaining prefill tokens if still in prefill phase,
or one if in decode phase) and the remaining budget. If the alloca-
tion fails due to insufficient KV cache memory, the lowest-priority
request 𝑣𝑖𝑐𝑡𝑖𝑚 is preempted from 𝑄𝑟 and retries. This process is
repeated until either the allocation succeeds or the request itself is
the one for preemption. Successfully admitted requests eventually
form the batch 𝑅𝑟𝑢𝑛 .

After all admissible running requests are processed, the scheduler
starts scheduling new or previously preempted requests from 𝑄𝑤 .
This process mirrors the same strategy used for running requests,
except for one critical addition: before admitting a candidate 𝑟 , it
invokes the Simulator query if 𝑟 is eligible for admission without
causing memory exhaustion in future iterations. If the Simulator
recommends admission, the candidate 𝑟 is moved from 𝑄𝑤 to 𝑄𝑟 .
The new admitted requests are eventually returned as 𝑅𝑤𝑎𝑖𝑡 .

4.3.2 Simulation. Algorithm 2 describes the Simulator’s fast-
forward simulation of future KV cache utilization. First, given the
current state of the KV cache manager, we construct a shadow

407



PKAS: Predictive KVCache-Aware Scheduling for Faster LLM and Transformer Inferences HPDC ’26, July 13–16, 2026, Cleveland, OH, USA

copy of the KV cache (𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 ), which mirrors the KV blocks
map without affecting the actual allocation state. Then, the Simu-
lator checks if 𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 can allocate 𝜏 tokens (requested by the
Scheduler) for candidate 𝑟 in the next forward pass. If this initial
allocation fails, 𝑟 is immediately rejected. Otherwise, we query the
Predictor for the predicted output length and compute the remain-
ing number of tokens for 𝑟 to be processed (denoted Δ𝑟 ). Similarly,
we estimate the remaining number of tokens for each request in
𝑄𝑟 (denoted Δ𝑟𝑒𝑞). With these initial checks and computations in
place, the simulation proceeds to the fast-forward stage.

As mentioned in § 4.1, we employ an event-driven strategy trig-
gered by completion events to fast-forward through the forward
passes. To this end, we sort the running requests in ascending order
based on Δ𝑟𝑒𝑞 . Then, while there are remaining running requests
and 𝑟 did not finish, we compute the minimum number of tokens
𝐾 needed to finish either 𝑟 or the closest request 𝑟𝑒𝑞 with the
smallest Δ𝑟𝑒𝑞 . If the simulation shows a running request finishes
(𝐾 = 0), then its blocks are freed from 𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 . In any case,
we try to advance all remaining running requests and candidate 𝑟
by 𝐾 tokens, which may be subject to new block allocations. The
allocations are performed by 𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 , leaving the actual KV
cache state unchanged. If any allocation fails, the candidate 𝑟 is re-
jected. Otherwise, it is admitted. This approach efficiently simulates
the future KV cache utilization without executing actual forward
passes, enabling proactive admission control.

4.3.3 Prediction. As described in § 4.1, we use a deviation-aware
moving average as our Predictor to estimate the request’s output
length, which is used by the Simulator. To implement this, it must
collect statistics about the finished requests from the Scheduler (via
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 .𝑢𝑝𝑑𝑎𝑡𝑒_𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑠) and incrementally maintain a moving
average and standard deviation. The predicted output length is
computed using the following formula:

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟 .𝑜𝑢𝑡 (𝑟𝑒𝑞) =
{⌈���𝑀1 −

√︃
𝑀2

𝑁𝑓 _𝑟𝑒𝑞𝑠−1

���⌉ , if 𝑁𝑓 _𝑟𝑒𝑞𝑠 > 1

1, if 𝑁𝑓 _𝑟𝑒𝑞𝑠 ≤ 1
(1)

where𝑁𝑓 _𝑟𝑒𝑞𝑠 is the number of finished requests,𝑀1 is the running
average output length of finished requests, and𝑀2 is an auxiliary
variable that tracks the running sum of the squared differences from
the current mean, which is based on Welford’s algorithm [33]. The
intuition behind subtracting a standard deviation from the average
is to leverage the reclaimed tokens from running requests that
finish earlier than average, which is more beneficial than incurring
occasional preemption penalties due to being over-optimistic. Of
course, the prediction is adjusted by considering the progress of
the request: if a request has already produced more tokens than
the current estimate, then it is conservatively estimated to produce
one more token in the future.

4.4 Implementation
We implement the design principles proposed in PKAS as an open-
source modular extension to vLLM 0.8.4 in Python, focusing on
enhancing the scheduler while maintaining full compatibility with
vLLM’s optimizations – PagedAttention, tensor parallelism, pipeline
parallelism, etc. To keep changes localized, we integrate PKAS by ex-
tending the scheduler’s scheduling policy interface (i.e., vLLM_V1’s

scheduler). We also provide a configuration option to support flexi-
ble switching between vLLM’s scheduler and PKAS.

To implement the Simulator efficiently, we use a lightweight
shadow KV manager that clones the current KV cache state with
minimal overhead. Specifically, it copies the block tablemap and per-
block utilization at the start of the simulation. During simulation,
the shadowKV cachemanager records two runtime statistics: (1) the
blocks allocated to each request; (2) the fill rate of the last block allo-
cated to each request. Thus, the operations for allocating tokens to a
request (𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 .𝑎𝑙𝑙𝑜𝑐 ()) and freeing them (𝑆ℎ𝑎𝑑𝑜𝑤𝐾𝑉 .𝑓 𝑟𝑒𝑒 ())
involve only basic arithmetic computations, making their overhead
negligible. Thanks to this approach, the Simulator can check and
advance multiple forward passes at a time with minimal cost, as
described in Algorithm 2 and Algorithm 1.

Although PKAS is built upon vLLM, its fundamental principles
are general and can be seamlessly integrated into other inference
systems (e.g., SGLang and llama.cpp).

5 Evaluation
5.1 Methodology
5.1.1 Platform and Software. Our experiments are conducted
on the ALCF’s Polaris platform 1, a 560-node HPE Apollo 6500 Gen
10+ based system. Each node has 4×A100 GPUs with 40 GB HBM2
on each (aggregated GPUmemory of 160 GB), 1×AMD EPYCMilan
7543P processor with 32 Zen3 Cores (64 threads), 1×512 GB DDR4
RAM, and 2× NVMe SSDs of 1.6 TB each. The GPUs within each
node are interconnected via high-speed NVLink, providing a total
bandwidth of 600 GB/s for intra-node GPU communication.

5.1.2 Compared Approaches. Throughout our evaluations, we
compare the following approaches, all implemented atop vLLM [20]:
• vLLM-FCFS (vLLM): FCFS is vLLM’s default scheduler, which
admits requests aggressively based on their arrival time at each
scheduling step.
• Learning-to-Rank (Ranking) [10]: It uses a ranking predictor
to predict output lengths and rank requests by their predicted
sizes before execution. The scheduler then utilizes the ranking
information to guide its decisions. We employ a pre-trained opt-
125m model for prediction.
• PKAS (Ours): PKAS applies a simulator to estimate the KV cache
utilization of future steps and a moving average predictor for
output length prediction. The scheduler decides when to admit
new requests based on the simulation results.

Both vLLM-FCFS and PKAS implementation are based on vLLM
v0.8.5, ensuring a fair comparison as our primary baseline. For Rank-
ing, we use its public codebase built on vLLM v0.4.1 to faithfully
reproduce it without without unintended discrepancies.

5.1.3 Models. We evaluate our approach on two representative
models with distinct architectures: Llama-3.1-8B (dense model)
and Yi-Coder-9B-Chat-8x-MoE (MoE model). The MoE model
contains 8 experts per transformer block layer, with only 2 ex-
perts activated per token during inference. We selected them for
their widespread adoption, different scales, and architectural diver-
sity. Both models use bfloat16 for model weights and KV cache,

1https://docs.alcf.anl.gov/polaris/hardware-overview/machine-overview/
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Table 1: Model configurations. The MoE variant activates 2
of 8 experts per layer during inference.

Model
Model
Size(GB) Layers

Attn.
Heads

KV
Heads

Head
Size

Max Avail.
KV Cache
Size(GB)

Max Avail.
KV Cache
Blocks

Per Token
KV Cache
Size(KB)

Llama-3.1-8B
(1 GPU) 15 32 32 8 4096 16.48 GB 8440 128 KB

Yi-Coder-9B-
Chat-8x-MoE

(4 GPUs)
101.24 48 32 4 4096 21.48 GB 14664 96 KB

and leverage GQA (Group Query Attention) instead of traditional
MHA (Multi-Head Attention) to reduce the KV cache memory foot-
print. Table 1 describes each model’s configuration and the KV
cache information, with per-token KV cache size calculated by
𝑙𝑎𝑦𝑒𝑟𝑠 ∗ 2 ∗ 𝑘𝑣_ℎ𝑒𝑎𝑑𝑠 ∗ ℎ𝑒𝑎𝑑_𝑠𝑖𝑧𝑒

𝑎𝑡𝑡𝑛_ℎ𝑒𝑎𝑑𝑠 ∗ 𝑠𝑖𝑧𝑒𝑜 𝑓 (𝑑𝑎𝑡𝑎_𝑡𝑦𝑝𝑒) [37].

5.1.4 Datasets. We evaluate PKAS on three real-world datasets
with varying sequence lengths: NarrativeQA [4], codeU [2], and
ShareGPT [3], all widely adopted in prior work [34]. NarrativeQA
(for reading comprehension) and codeU (for code analysis) have
average input lengths of 24K and 31.5K tokens, respectively, repre-
senting the long-context workloads that are increasingly common
with the expansion of modern LLM context windows. ShareGPT,
a real-world dataset of human-ChatGPT conversations, features
input lengths from 4 to 2.3K tokens, representing a short-context
workload with high variability, which results in larger prediction de-
viations in our predictor (Equation 1). Since NarrativeQA and codeU
have relatively few requests (200 each), we use them fully in our
evaluations. Although the request count is modest, their long con-
texts limit the number of requests that can coexist in each forward
pass, creating KV cache pressure that is representative of memory-
constrained serving scenarios. ShareGPT has a much larger number
of requests (50000). Thus, to reduce the duration of our experiments
in order to make it feasible to experiment with a large number of
combinations of parameters and compared approaches, we select a
random subset of ShareGPT (5000). This subset retains the variance
and long-tail distribution of the original workload.

5.1.5 Runtime Configurations. All experiments use hybrid con-
tinuous batching with chunked-prefill enabled and adopt recom-
putation as the preemption policy. As described in § 3, chunk size
is a critical parameter that directly influences the inference perfor-
mance, particularly for heavy workloads with long contexts. The
chunk size corresponds to vLLM’s max_num_batched_tokens, the
primary knob for controlling batch formation (the token budget
per forward pass). We vary the chunk size across a range from 512
to 16K tokens in our test. We also configure the max concurrent
requests in a batch (i.e., max_num_seqs) to 512 for single-GPU and
1024 for multi-GPU to ensure sufficient batching pressure for both
long- and short-context workloads. Multi-step scheduling is dis-
abled to ensure a fair comparison with Ranking, which does not
support it. All compared approaches use same runtime configura-
tions. We run all experiments three times and report average results.

5.1.6 Key Metrics. Throughout our evaluation, we meaure: 1)
throughput (i.e., the number of effective tokens processed per sec-
ond, excluding recomputed tokens); 2) the total number of recom-
puted tokens (to quantify the computation overhead or loss of

progress due to preemptions); 3) latency metrics including queu-
ing time (the duration a request waiting in the queue before being
scheduled), prefill time (the duration when a request is dequeued
until it finishes prefill stage processing and gets the first output to-
ken), TTFT (i.e., Time-To-First-Token, defined as the sum of queuing
and prefill time), and TPOT (i.e., Time-Per-Output-Token, referring
to the average time between per output token); and 4) KV cache
utilization (expressed as fraction of utilized to total KV cache).

5.2 Performance Results on a Single GPU
We first compare PKAS against other baselines in terms of infer-
ence performance when serving Llama-3.1-8B on a single GPU
across three datasets. For this experiment, we configured vLLM
with a maximum model context length of 32K tokens (limited by
single-GPU memory) and a maximum batch size of 512 requests per
forward pass to prevent KV cache underutilization when serving
the short-context workloads like ShareGPT.

Throughput and Total Recomputed Tokens. Figure 6 illus-
trates the inference throughput and total recomputed tokens across
the three datasets. Overall, PKAS (blue bars) consistently achieves
higher throughput than vLLM (green bars) and Ranking (orange
bars) across all chunk sizes, with themost pronounced gains on long-
context datasets. On NarrativeQA (Figure 6a) and codeU (Figure 6b),
PKAS outperforms vLLM by up to 3.12× and 7.34×, and Ranking by
up to 2.19× and 1.83×, respectively. These substantial gains stem
from the dramatic reduction of recomputations caused by frequent
preemption. vLLM’s recomputation (gray-solid line) reaches up to
15M on NarrativeQA and 40M tokens on codeU at 16K chunk size,
while PKAS maintains near-zero recomputations across all configu-
rations. On ShareGPT (Figure 6c), where recomputation overhead
is inherently smaller due to the low per-request KV cache footprint
of short contexts, PKAS still delivers about 5% speedup over vLLM
for chunk sizes of 4K and above. For long-context datasets, vLLM’s
throughput decreases at larger chunk sizes because escalating re-
computation overhead outweighs the batching benefits, whereas
for ShareGPT, negligible recomputation allows throughput to scale
with chunk size. Both PKAS and vLLM outperform Ranking across
all chunk sizes. This performance gap may be attributed to the fact
that Ranking is built upon a legacy vLLM version, lacking recent
optimizations added in the current vLLM baseline. These results
confirm that PKAS’s throughput gains directly correlate with its
ability to minimize recomputation by making smart request sched-
uling decisions based on simulated KV cache usage and the moving
average-based output length prediction.

Latency. Figure 7 presents the prefill time and the TPOT la-
tency for the three scheduling methods across various datasets. For
long-context datasets, Ranking (orange bars) achieves the lowest
prefill time, with PKAS (blue bars) slightly higher but still substan-
tially lower than vLLM (green bars). Ranking’s lower prefill time
stems from its shortest-output-first ordering, which reduces pre-
fill contention by completing shorter requests before longer ones
begin. In contrast, vLLM and PKAS use FCFS, where long-running
decode requests compete with prefilling requests for the token bud-
get, leading to longer prefill times. On ShareGPT, PKAS achieves
the lowest prefill time among all three methods. Across all work-
loads, PKAS (blue-dashdot line) consistently achieves the lowest
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Figure 6: Llama-3.1-8B (1 GPU): Throughput (higher, better) and Recomputed tokens (lower, better) for different chunk sizes.
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(c) ShareGPT dataset
Figure 7: Llama-3.1-8B (1 GPU): Prefill time (lower, better) and TPOT latency (lower, better) for different chunk sizes.
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(c) ShareGPT dataset
Figure 8: Yi-Coder-9B-Chat-8x-MoE (4 GPUs): Throughput (higher, better) and recomputed tokens (lower, better).
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Figure 9: Yi-Coder-9B-Chat-8x-MoE model (4 GPUs): Prefill time (lower, better), and TPOT (lower, better).

TPOT latency, whereas Ranking (red-dashed line) incurs substan-
tially higher TPOT, especially for smaller chunk sizes. Additionally,
when using long-context datasets, PKAS exhibits decreasing prefill
time and TPOT latency as chunk size increases because eliminating
recomputations allows larger chunk size to benefit more more effi-
cient batching, while vLLM shows the opposite trend as recompu-
tation overhead grows with chunk size. Ranking, despite achieving

moderate prefill times, suffers from substantially higher TPOT la-
tency, which may be attributed to its dependence on a legacy vLLM.
For the short-context ShareGPT, all approaches exhibit increasing
TPOT as chunk size grows because each forward pass processes
more tokens, increasing per-request inter-token delay. This indi-
cates inherent workload properties rather than scheduling effects.
Quantitatively, PKAS achieves up to 3.02× and 8.58× prefill time
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Table 2: Latency comparison PKAS vs. vLLM: queuing (time waiting in queue before scheduling), prefill (time for prefill forward
passes after dequeuing), and TTFT (queuing + prefill). Better approach in bold.

Llama-3.1-8B mode
Chunk Prefill Size→ 512 1K 2K 4K 8K 16K

Datasets Time (s) vLLM Ranking PKAS vLLM Ranking PKAS vLLM Ranking PKAS vLLM Ranking PKAS vLLM Ranking PKAS vLLM Ranking PKAS

Narrative
QA

Queuing 418.05 858.4 417.95 419.75 706.89 363.07 571.65 636.58 343.28 803.54 618.82 338.96 1031.64 598.62 312.78 930.08 563.2 307.99
Prefill 4.22 0.3 4.22 4.27 0.38 3.45 5.69 0.48 3.05 7.75 0.63 2.04 9.58 1.02 2.9 10.76 2.03 3.1
TTFT 422.27 858.7 422.17 424.01 707.27 366.52 577.34 637.06 346.33 811.29 619.45 341.9 1041.22 599.64 315.68 940.84 565.22 311.1

codeU
Queuing 458.35 448.09 310.22 626.6 386.33 308.27 893.81 353.65 329.36 1317.5 352.96 375.68 1829.38 343.27 432.69 2089.02 344.49 244.56
Prefill 10.26 0.38 4.95 13.48 0.41 4.25 18.75 0.49 4.62 28.34 0.69 4.62 35.21 1.03 5.32 37.14 2.07 3.31
TTFT 468.61 448.47 315.16 640.07 386.74 312.52 912.57 354.14 333.54 1345.84 353.65 380.29 1864.59 344.3 438.01 2126.16 346.56 247.87

shareGPT
Queuing 132.79 264.17 133.58 121.64 259.62 118.98 115.59 259.87 110.94 115.27 264.77 109.52 115.1 261.94 109.97 114.51 262.86 109.42
Prefill 0.13 0.09 0.13 0.16 0.14 0.15 0.17 0.18 0.16 0.18 0.23 0.18 0.21 0.28 0.2 0.25 0.35 0.25
TTFT 132.92 264.26 133.7 121.8 259.75 119.13 115.76 260.05 111.1 115.45 265.0 109.7 115.3 262.22 110.18 114.76 263.21 109.67

Yi-Coder-9B-Chat-8x-MoE

Narrative
QA

Queuing 771.01 742.55 771.96 566.25 489.68 565.63 595.77 472.04 465.78 732.94 422.21 426.78 953.14 394.44 441.96 1087.17 385.23 492.94
Prefill 7.62 0.23 7.63 5.71 0.34 5.67 6.05 0.44 4.39 7.58 0.62 3.84 10.19 0.86 3.9 11.79 1.63 4.47
TTFT 778.63 742.78 779.58 571.96 490.02 571.31 601.82 472.47 470.17 740.53 422.83 430.62 963.33 395.3 445.86 1098.96 386.85 497.41

codeU
Queuing 409.95 423.25 371.25 464.0 378.41 308.82 610.87 299.07 315.34 749.75 278.63 352.16 812.07 258.87 424.72 993.57 276.36 232.95
Prefill 9.32 0.4 7.53 10.91 0.53 5.15 14.82 0.59 4.6 19.35 0.7 4.82 22.86 0.93 5.7 21.2 1.77 3.79
TTFT 419.27 423.65 378.78 474.92 378.94 313.97 625.7 299.56 319.94 769.11 279.33 356.98 834.94 259.8 430.42 1014.77 278.14 236.74

shareGPT
Queuing - - - 112.19 165.75 113.31 106.09 149.44 103.49 104.4 156.95 102.44 104.32 147.19 101.28 103.8 162.25 101.36
Prefill - - - 0.16 0.12 0.15 0.17 0.17 0.16 0.2 0.28 0.2 0.25 0.28 0.24 0.32 0.48 0.31
TTFT - - - 112.34 165.87 113.46 106.26 149.61 103.65 104.6 157.23 102.64 104.57 147.19 101.52 104.12 162.72 101.67

speedup, and up to 3.64× and 8.34× TPOT speedup over vLLM on
NarrativeQA and codeU, respectively. Compared to Ranking, PKAS
delivers over 5× TPOT speedup on NarrativeQA and codeU, and
over 1.6× on ShareGPT across all chunk sizes.

Table 2 reports queuing time, prefill time, and TTFT across these
datasets. Compared to Ranking, PKAS achieves lower TTFT primar-
ily through reduced queuing time, while reducing both queuing
and prefill time relative to vLLM.

5.3 Performance Results on Multiple GPUs
In this experiment, we evaluate PKAS against other baselines at
scale using the Yi-Coder-9B-Chat-8x-MoE model to analyze the per-
formance implications of cross-GPU communication due to tensor-
parallelism (4 GPUs). We configured vLLM with a maximum batch
size of 1024 requests to ensure triggering the KV cache overflow
when using the ShareGPT dataset. Other parameters are identical
to the single-GPU setup.

Throughput and Total Recomputed Tokens. Figure 8 shows
the throughput and total recomputed tokens across these three
datasets. As can be seen, our approach yields consistently higher
throughput and significantly lower recomputation overhead caused
by KV cache overflow compared to vLLM and Ranking. For Narra-
tiveQA (Figure 8a), our approach outperforms vLLM by up to 2.64×
at intermediate chunk sizes (2K–16K) and Ranking by up to 1.49× at
2K chunk size. codeU (Figure 8b) exhibits even greater throughput
improvement, where PKAS achieves up to 3.91× and 1.81× over
vLLM and Ranking respectively. On ShareGPT (Figure 8c), where
recomputation overhead is inherently lower, PKAS still achieves
approximately 3% higher throughput than vLLM and about 1.61×
speedup over Ranking. These findings highlight PKAS’s effective-
ness on MoE models, achieving substantial gains for long-context
requests and moderate improvements for short-context ones. Sim-
ilar to the single GPU case, these improvements are driven by
PKAS’s ability to minimize recomputations during inference serv-
ing (shown on the minor y-axis).

Latency. The prefill time and TPOT latency for the MoE model
are reported in Figure 9. Table 2 further provides a breakdown of
TTFT into queuing and prefill time when running with this model

across different datasets and chunk sizes, revealing which stage
contributes most to TTFT latency. Overall, our approach achieves
lower and more stable TTFT and TPOT latency compared to vLLM
across all configurations. For the NarrativeQA and codeU datasets,
we significantly reduced both TTFT and TPOT latency relative to
vLLM, particularly at chunk sizes between 2K and 16K tokens. Com-
pared with Ranking, although PKAS exhibits a higher prefill time on
long context datasets, it compensates with significantly lower queu-
ing time and TPOT latency, yielding better overall performance.
These results showcase that PKAS can effectively reduce the end-
to-end latency by minimizing queuing delays and maintaining low
decoding overhead.

5.4 Ablation: Characterizing Recomputation
Overhead and KV Cache Utilization

To further characterize the performance, we perform an ablation
study using NarrativeQA with an 8K chunk size to examine two
aspects: 1) the number of scheduled tokens versus recomputed to-
kens over time; and 2) the KV cache utilization over time. These
tests evaluate both single-GPU Llama-3.1-8B and the 4-GPU-based
Yi-Coder-9B-Chat-8x-MoE models.

Figure 10a and Figure 10b present the number of scheduled and
recomputed tokens when running with vLLM vs PKAS for the 1
GPU 8B model (top) and 4 GPU MoE model (bottom). vLLM (Fig-
ure 10a) schedules a large number of tokens compared to PKAS
(observed by varying limits of y-axis) and also triggers substantial
recomputations (shown by non-gray bars) for both the models. This
is because vLLM uses a greedy strategy, as described in § 3, which
leads to more recomputation overhead in the subsequent iterations
(blue bars in Figure 10a). Consequently, PKAS’s prediction-based
look-ahead admissibility significantly mitigate recomputations (or-
ange bars in Figure 10b). While PKAS nearly eliminates all recom-
putations for the 1 GPU Llama-3.1-8B model (top), we observe that
it shows some recomputations with the 4 GPU Yi-Coder-9B-Chat-
8x-MoE (bottom) because in the initial iterations, when no requests
have completed, PKAS uses a default output length of 1 and behaves
similarly to vLLM’s aggressive scheduling. However, despite the
few recomputations, PKAS still leads to faster computations– vLLM
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Figure 11: Preemption analysis: vLLM(top) vs. PKAS(bottom) over time across different datasets, showing the number of
preempted requests (gray bars), average computed tokens (blue dotted), and average remaining tokens (orange) per preemption
event. (chunk size: 4K; Llama-3.1-8B model; fewer preempted requests and shorter end-to-end time is better)

takes ∼2000s vs PKAS takes only 600s on the 1 GPU Llama-3.1-8B
model and 800s on the 4 GPU Yi-Coder-9B-Chat-8x-MoE.

Figure 10c shows how KV cache utilization evolves over time
when using PKAS vs. vLLM. As can be seen, PKAS exhibits slightly
lower KV cache utilization (ranging from 50% to 95% compared
to vLLM (ranging from 70% to 100%), but it achieves a substantial
reduction in end-to-end execution time for both models (e.g., for
Llama-3.1-8B, it decreases from 1843s to 623s; for the MoE model,
it decreases from 1913s to 803s). The slightly low utilization is due
to PKAS’s admissibility control maintaining headroom to prevent
overflow, which avoids costly preemptions that negate the benefit of
higher utilization. This experiment confirms that our approach can
achieve dual benefits: improved throughput and sustained high KV
cache utilization. Thanks to PKAS’s optimistic output length pre-
diction with an efficient deviation-aware moving average method,
it effectively balances the trade-off between recomputation and KV
cache utilization.

5.5 Ablation: Analyzing Preemption Behavior
Next, we compare and analyze the preemption behavior over time
between vLLM and PKAS using the Llama-3.1-8B model across
three different datasets. As shown in Figure 11, vLLM (top) exhibits

frequent preemption events throughout inference serving across
all workloads. Furthermore, to zoom on the circumstances under
which the preemptions happen, we also depict the average number
of tokens computed so far and the average number of tokens re-
maining for the preempted requests. The high number of preempted
requests correlates with the high number of recomputed tokens
discussed in § 5.4 and supports the observation that vLLM’s aggres-
sive scheduling may lead to preempting requests that have already
made significant progress (high number of average computed to-
kens), resulting in wasted computation. In contrast, PKAS (bottom)
presents far fewer preemption events, which occur primarily at
the beginning of execution and remain near zero thereafter. These
early preemptions result from our moving average predictor’s cold-
start phase, where insufficient completion history causes PKAS to
temporarily adopt vLLM-like aggressive scheduling. However, even
during cold-start, the average computed and remaining tokens per
preemption are substantially lower than vLLM, indicating minimal
progress loss and recomputation overhead caused by preempted
requests. As requests complete and the predictor stabilizes, PKAS ef-
fectively eliminates further preemptions. Also, in the case of vLLM
(top), spikes in the number of preemptions tend to correlate with
spikes in computed/remaining tokens because vLLM preempts the
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Figure 12: Median predicted vs. real output length across
datasets; error bars show p25–p75 range (Llama-3.1-8B,
chunk size: 8k)
most recently admitted requests, which have the most remaining to-
kens. This explains why the number of recomputed tokens remains
high (as observed in Figure 10a).

5.6 Ablation: Prediction Accuracy and Impact
Figure 12 compares the median predicted output length against the
actual median across all three datasets spanning long-context and
short-context workloads, with error bars showing the interquartile
range (IQR, p25–p75 representing the middle 50% of outputs). We
report the interquartile range rather than min–max because the
output-length distributions are long-tailed. Min–max is dominated
by outliers, while p25–p75 is robust to such tails. Furthermore,
since the output length predictor biases by one standard deviation
below the mean, IQR helps visualize the uncertainty the predictor
is designed to adapt to. For NarrativeQA and codeU, the output
lengths are tightly distributed (small standard deviation), so the one
standard deviation bias is small and the predictor matches the real
median almost exactly with low variance. The asymmetric upper
error bar on NarrativeQA’s predicted output length reflects a right-
skewed prediction; most predictions still sit at the median (p25 ≈
median, hiding the lower whisker behind the bar), while a small
fraction extends upward to lift p75 above the median. On ShareGPT,
real outputs show a much wider interquartile range, yet the pre-
dicted output lengths still stay close to the real median despite the
wider spread. Our predictor remains reliable under such variability
because its statistics update online with every completed request
and the Simulator re-evaluates admissibility at each forward pass,
so transient mispredictions are corrected before they accumulate
into preemptions. Thus, even with high-variance ShareGPT, PKAS
achieves near-zero preemptions after a brief cold-start (Figure 11c)
and a modest throughput gain over vLLM, the binary admission
gate and the uncertainty-adaptive bias enable efficient admission
across workloads without degrading performance.

6 Related Work
LLM Serving Engines. Contrary to conventional DNN serving
systems (e.g.,Nvidia Triton [24] and FastTransformer [23]) that use
fixed-sized batches, runtimes like Orca [39] propose continuous
batching, wherein requests can join or leave a batch at per iteration.
To further reduce stalls caused by large prefills, Sarthi-Serve [1]
and DeepSpeed-FastGen [14] proposed chunked prefilling and co-
alesced batching of prefill and decode requests, which is widely
adopted in state-of-the-art inferencing engines such as vLLM [20],
SGLang [40], TensorRT-LLM [25], etc. These optimizations improve

serving throughput but introduce challenges pertaining to fine-
grained iteration-level co-scheduling of prefill and decode batches
under limited memory budgets, which PKAS addresses.

Scheduling Policies. There has been extensive research about
optimizing scheduling policies for different use cases across HPC,
such as FCFS, earliest-deadline-first (EDF), shortest-job-first (SJF),
and deep learning specific approaches [38]. However, inference re-
quests batched in each forward pass might produce arbitrary output
length [32], have stringent deadlines based on service-level objec-
tives (SLOs) [16], and consume variable KV cache [37], those con-
ventional scheduling strategies cannot be applied directly. Recent
works, such as S3 [19], learning-to-rank(LRT) [10], and SSJF [27],
have attempted to predict generation length using small predictor
models (i.e., DistilBERT and OPT) to guide scheduling decisions.
LTR will rank the requests based on their output length to mitigate
the head-of-line blocking (HOL) caused by FCFS (a widely used and
default scheduling approach of state-of-the-art serving engines).
However, these methods require training or fine-tuning a dedicated
predictor, adding extra overhead and limiting adaptability to diverse
workloads. Instead, PKAS uses a simple mathematical formula for
prediction, removing the dependency on auxiliary models. Further-
more, disaggregated prefill/decode architecture has gained traction
in multi-GPU environments, leading to new scheduling approaches
tailored for such setups, such as Arrow [35], Llumnix [29], Tetri-
Infer [15]. Our approach is orthogonal to these methods, and our
fast-forward KV cache simulation mechanism can be integrated
with such techniques. We are the first to reveal significant bot-
tlenecks due to a ping-pong pattern of unnecessary preemptions
and resumptions, and to solve them with a lightweight KV cache
simulation technique.

7 Conclusions
This work proposes PKAS, a predictive KV cache-aware batch sched-
uling approach to accelerate transformer inferences by reducing
preemptions. By isolating predictions as admissibility recommenda-
tions of new inference request candidates, PKAS can be integrated
with diverse scheduling approaches such as continuous batching
and chunked prefill. We showcase the integration of our approach
in vLLM. Our evaluation across models under diverse real-world
workloads presents that PKAS can achieve up to ≈7.34x higher
throughput and ≈8x lower TOPT over vLLM, while outperforming
Ranking by ≈2.19x in throughput and ≈5x in TPOT. In future work,
we will consider the integration of our approach with several other
batching strategies, including disaggregated strategies that run the
prefill and decode phases on different inference instances. Further-
more, we will extend PKAS to support more complex output-length
prediction techniques, hiding their by proactively running them
during the forward passes.
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