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Abstract—Large Language Models (LLMs) have achieved
tremendous success. However, their autoregressive nature results
in highly uncertain execution times for user requests, making
it difficult to prioritize requests and often causing Head-of-
Line (HOL) blocking in inference systems. Existing approaches
frequently optimize scheduling by building lightweight predictors
for model response lengths. Yet, these predictors have limited
context input capacity, and in multi-turn dialogue scenarios,
naively concatenating the entire context may lead to truncation
and loss of critical information. In this work, we experimentally
reveal a correlation between the context of multi-turn dialogues
and the lengths of their responses. By extracting key features
from the dialogue context, we construct a multi-turn dialogue pre-
dictor that achieves more accurate length predictions. Leveraging
these predictions, we simulate the request generation process
to effectively reduce preemptions caused by insufficient GPU
memory. Comparative experiments on a state-of-the-art LLM
inference system show that our method reduces the Time to First
Token (TTFT) by 47.98% and the average per-token generation
latency by 76.56 %.

Index Terms—Length Prediction, Scheduling Policy, LLM
Serving, Latency Reduction

I. INTRODUCTION

Large Language Models (LLMs) have demonstrated pow-
erful capabilities in multiple domains, including code genera-
tion [1], psychological counseling [2], and financial analysis
[3]. With the rapid growth in demand for model services,
resource competition between different requests has become
increasingly intense, leading to significant increases in ser-
vice latency. Therefore, developing efficient LLM inference
scheduling strategies to improve resource utilization and re-
duce response latency for user requests is crucial for ensuring
service quality and system efficiency.

Unlike traditional feed-forward DNN models (e.g., VGG
[4], ResNet [5], GooglLeNet [6]), whose inference latency is
largely deterministic given fixed input shapes, hardware, and
model configurations [7], LLMs operate differently. LLMs
generate tokens autoregressively, where each new token is
produced based on the sequence of preceding ones. This
process continues until a termination condition is met, with
all intermediate results (the KV cache) being stored in GPU
memory. Consequently, the total generation time is a product
of the number of tokens to be generated and the average time
per token. A key challenge, however, is that the total number
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of output tokens is unknown prior to the completion of the
inference task, making scheduling difficult.

To achieve efficient inference services for LLMs, state-of-
the-art inference systems such as Orca [8] introduce con-
tinuous batching, and vLLM [9] proposes PagedAttention,
both of which have become key technologies for efficient
LLM inference. However, they assume that the generation
length is unknown and adopt a first-come-first-served (FCFS)
scheduling strategy. Under high load, the FCFS strategy can
lead to Head-of-Line (HOL) blocking, which in turn increases
inference service latency. For example, suppose a request with
a long response length arrives slightly earlier than a shorter
one, with their arrival times being almost identical. Since the
system can only schedule one request at a time, the shorter
request will still be forced to wait until the longer one finishes,
significantly increasing the average job waiting time.

Furthermore, during LLM inference, the KV cache is stored
in GPU memory and grows continuously as generation pro-
ceeds. For modern LLMs, the KV cache of a single request can
occupy several gigabytes of memory. Under high system load,
GPU memory capacity often becomes a bottleneck, leading to
frequent memory allocation failures. To handle such situations,
inference systems typically rely on preemption to reclaim
GPU resources. Preemption, however, introduces significant
overhead. Preempted requests incur additional waiting time,
increasing their Job Completion Time (JCT). Moreover, re-
leasing the KV cache of an in-progress request results in
wasted computation and reduced memory utilization. Although
some systems mitigate this issue by swapping the KV cache
to secondary storage, the associated data transfer overhead
further degrades overall system performance.

TABLE I
PROPORTION OF SINGLE AND MULTI-TURN DIALOGUES

Model Single-turns (%) Multi-turns(%)
ShareGPT [10] 28 72
WildChat-1M [11] 43 57
Lmsys-Chat-1M [12] 45 56

To address the challenge of unknown response lengths in
LLM inference, many existing approaches improve request



scheduling by employing lightweight predictors to estimate
the response length of incoming requests. However, the input
representations used by these predictors are often limited. In
multi-turn dialogue scenarios, simply concatenating the entire
conversation history as input can lead to context truncation
and the loss of critical information. We analyze real-world
dialogue datasets, including WildChat-1M [11], ShareGPT
[10], and Lmsys-Chat-1M [12], and observe that multi-turn
conversations consistently account for approximately 60% of
all requests.

In this paper, we investigate the relationship between the
similarity of multi-turn dialogues and their output lengths.
We observe a clear correlation between inputs from differ-
ent turns in the dialogue context and their corresponding
responses: higher similarity generally leads to more similar
output lengths. Based on this insight, we extracted key fea-
tures from the multi-turn dialogue context and built a multi-
turn dialogue predictor to achieve more accurate predictions.
Furthermore, we propose a resource-aware PSJF (RA-PSJF)
scheduling strategy, which prioritizes inference requests while
explicitly modeling their resource requirements to reduce
preemption and improve inference latency. We implement our
approach on VLLM and evaluate both prediction accuracy and
scheduling performance on two real-world datasets. Compared
to the default scheduling policy in VLLM, our method reduces
request TTFT and per-token generation latency by 47.98% and
76.56%.

Our contributions are summarized as follows:

o We analyze the relationship between contextual similarity
in multi-turn dialogues and response length, and find a
clear correlation: turns with higher similarity tend to have
more similar output lengths.

o We design a multi-turn dialogue response length predictor
by extracting key contextual features, achieving more ac-
curate predictions while avoiding information loss caused
by long-context concatenation and truncation.

« We propose a resource-aware PSJF (RA-PSJF) schedul-
ing strategy that leverages predicted response length to
reduce preemption and improve request latency.

II. RELATED WORKS
A. LLM output length prediction

The earliest work [13] proposes Perception in Advance
(PiA), which requires the LLM itself to predict before gener-
ating a response. However, this approach has potential impacts
on generation quality. Subsequent work introduced Perception
Only (PO), decoupling prediction from response generation,
but this introduces significant inference overhead. Magnus [14]
identifies a linear relationship between input and response
length for specific tasks. It is based on embedding vectors,
applying instructions and user requests as inputs, and achiev-
ing regression prediction through a compressor and random
forest regressor. Other methods build classifiers based on
transformers [15]. S [16] constructs a 10-class classification
model using DistBERT [17] to predict the response length;

[18], similar to S, uses a BERT [19] to build a classification
prediction model, but this approach concatenates historical in-
formation from multi-turn dialogues as input to support multi-
turn dialogue scenarios. One study employs the Learning to
Rank [20] algorithm to train the OPT [21] models for ranking
predictions of user requests. However, this design hinders other
optimization opportunities in inference, including resource
estimation, energy efficiency optimization [22], [23], and job
distribution [24].

Existing lightweight predictors are limited in input capacity,
which prevents accurate prediction for multi-turn dialogues
due to context truncation and information loss. Large predic-
tion models, such as Perception Only (PO), mitigate this issue
but incur high resource usage and additional prediction latency,
reducing overall efficiency.

B. Prediction-based scheduling

Some studies [14], [18] employ traditional batching meth-
ods, which require maintaining all requests until the entire
batch’s inference is completed. The optimization of these
methods aims to improve resource utilization by increasing
batch size while ensuring that there are no out-of-memory
(OOM) errors. With the gradual maturation of continuous
batching, 53, combined with Orca [25], dynamically eval-
uates the remaining resources at each iteration and priori-
tizes requests based on their resource demand size, with the
optimization goal of maximizing GPU memory utilization.
DynamoLLM [23], on the other hand, groups requests based
on predicted lengths, distributes them to different LLM in-
ference instances, and achieves energy efficiency optimization
by adjusting GPU frequencies accordingly. Other works [18],
[26] focus on reducing job waiting time and latency by
employing predicted shortest job first (PSJF) or predicted
shortest remaining job first (PSRJF) scheduling strategies.
However, these methods do not fully consider the optimization
potential of prediction results for job preemption.

III. METHODOLOGY

In this section, we first introduce the scheduling system
workflow. Subsequently, we detail the analysis of multi-turn
dialogue context relationships, as well as the structure of the
constructed multi-turn dialogue predictor and the extraction of
input features. Finally, we introduce the implementation of the
scheduling strategy.

A. System Architecture

As shown in Fig. 1, when a user initiates a request, we
first select the corresponding predictor to forecast the response
length based on whether the request is a multi-turn dialogue.
Subsequently, the request with the predicted length is sent to
the user request pool, which dynamically maintains a waiting
queue using the prediction results as priority. Then, during
the iterative scheduling process, when scheduling requests
from the waiting queue, we evaluate the risk of preemption
caused by the pending request based on the current KV cache
redundancy and the status of jobs in the running queue, and



N
Scheduler

le-
Multi-Turn Response: N .
Length Predictor Waiting Queue

Multi-Turn Request Pool
PY Q Requests
' Single-Tun Running Queue | )]

Requests [ Underpredict-Process ]

. ‘L Preemption | Increase
Single-Turn O : Predicted
Response Length * < I:I Length
Predictor :D
& J A J

Fig. 1. Workflow of RA-PSJF with response length prediction.

decide whether to schedule the request. For running requests,
if a request exceeds its predicted length, we allocate additional
budget and re-evaluate it to avoid immediate preemption,
thereby reducing the average request latency.

B. Predictor Design

In multi-turn dialogue scenarios with long inputs, we need
to extract informative features from the dialogue context to
preserve relevant information under limited input capacity.
GPTCache [27] observed that semantically similar inputs
tend to produce similar outputs. Additionally, BurstGPT [28]
reports a linear relationship between input and output lengths.
Motivated by these findings, we investigate whether contextual
similarity in multi-turn dialogues correlates with the response
length of each turn. To evaluate this hypothesis, we analyze
multi-turn dialogue datasets from WildChat-1M and Lmsys-
Chat-1M. Our primary objective is to examine how the seman-
tic consistency of dialogue history influences the variation in
subsequent response lengths.

We utilize an Embedding model as an encoder to map the
input and response of each turn into a high-dimensional vector
space. We randomly sampled 10° sets of multi-turn dialogues
from the dataset and mapped the dialogues into a shared vector
space. Let u; and 7; denote the user input and model response
at the t-th turn, respectively. We use the Cosine Similarity
between vectors to calculate the semantic similarity Sg;,.
To measure the fluctuation of response length, we introduce
the Symmetric Relative Length Difference (SRLD). Compared
to standard absolute difference, this metric normalizes the
deviation, thereby mitigating bias caused by different baseline
lengths (e.g., a difference of 10 tokens is significant for a short
response but negligible for a long one). For any two turns ¢
and j (where j < t), the length difference ¢ ; is defined as:

O = 05|ft(LL+J‘L4 M
: t J)

where L represents the token length of the response. This
metric restricts the value range to [0,2], ensuring numerical
stability for statistical analysis.

We investigated the impact of semantic similarity on length
variation from three different dimensions. As shown in Fig. 2,
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Fig. 2. Average expected response length deviation under different semantic
similarity levels.

to handle high-density data, we used Hexbin plots to visualize
the distribution of paired data points (Ss;,, ). (1) Input Con-
sistency (User-User, u; vs. u~;): We measure the similarity
between the current user query and historical user queries. This
dimension captures whether users repeating similar questions
or rephrasing queries leads to predictable response lengths.
(2) Output Self-Consistency (Model-Model, r; vs. r~;): We
compare the current response with historical model outputs.
High similarity here indicates the model is reiterating pre-
vious information, intuitively suggesting length stability. (3)
Response-Input Dependency (User-Model, u; vs. r-;): We
analyze the relationship between the current user input and
previous model responses. This captures scenarios such as
“follow-up questions” or users quoting model content, aiming
to explore whether high semantic overlap with historical
content determines the length of newly generated content.

Fig. 2a and Fig. 2b illustrate the average expected response
length deviation under different semantic similarity levels.
Although LLM generation involves inherent randomness, a
clear linear relationship is observed: higher semantic similarity
corresponds to smaller differences in response lengths. This
trend is particularly evident in Input Consistency and Output
Self-Consistency.

Motivated by the observed correlation between contextual
similarity and response length, we extract feature inputs for
multi-turn dialogues. Specifically, for each historical turn, we
compute similarity and length information from the dialogue
context to form a sequential representation, instead of naively
concatenating the entire context as input to the predictor.

The model architecture is illustrated in Fig. 3. The predictor
first employs a frozen embedding model E(-) to vectorize
dialogue texts and compute semantic similarity scores. These
features are then processed by an LSTM network [29], which
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is well-suited for sequential modeling. By capturing temporal
patterns in the constructed feature sequence, the LSTM can
effectively model the evolution of contextual similarity and
response length trends across dialogue turns. Finally, three
linear layers map the extracted features to predicted lengths.

Formally, for requests with dialogue history H; =
{(&, 294 }E~L | we compute semantic relevance between the
current request and historical turns as

sit = cos (B(alf), B(al)
s = cos (E(elf), B(a™)

2)
3)

where cos(-,-) denotes cosine similarity. Here, zi" is the
current input, while T‘]? and m%‘t denote the k-th historical
request and response, respectively.

We then construct a temporal sequence of dialogue features

; ; t—1
Si = {(lk], 20", sty s2) Fry » )
where | - | denotes sequence length. This sequence integrates

dialogue length statistics and semantic dependencies, and is
processed by an LSTM:

hy,cp =LSTM(hg_1,¢cr—1;2k), 2zi €S, )

where hj and c; are the hidden and cell states at step k,
respectively. The final hidden state h;_; is passed through a
regression layer to yield the predicted response length L;. For
the embedding model, we adopt BGE-M3 [30] and limit the
input sequence length to a maximum of 512 tokens per turn.
The model is trained using the Adam optimizer with the L1
loss.

For single-turn dialogues, where no historical information
is available, we directly encode the current input z* using
the frozen embedding model F(-) and feed the resulting
embedding to a linear classification head that outputs a discrete
length category. Unlike prior work, we do not update the pa-
rameters of the embedding model. Experiments (Section IV-B)
demonstrate that semantic similarity alone is sufficient for
coarse-grained prediction. The single-turn predictor is trained
using the Adam optimizer with the Negative Log-Likelihood
(NLL) loss.

Algorithm 1: Resource-Aware Scheduling Algorithm
Input: Running set R, Waiting set W, Search depth D
Output: Next execution batch B
// Initialize with running requests
1 B+ R; Kpee ¢ getFreeKV ()
2 Sort W by ﬁi ascending;  ng < 0
3 foreach req € W while ng,; < D do
L, + promptLen(req)
if L, > Kpe. then

| ngail < ngail + 1; continue
end

Ksim < Kiree — Lin;  Safe < True

€ < sortByFinishTime(BU {regq})
10 tprev < 0
1 foreach r; € £ do

R R - LY I

12 At +— ﬁrj — tprov

13 J\Tactjve — |S| - index(rj)

14 if Nocive - At > K, then
15 | Safe < False; break
16 end

// Release finished reqg memory

17 Kgm — Kgm — (Nactive : At) + mem(rj)
18 torev < Lo,

19 end

20 if Safe then

21 B <+ BU{req}

22 Kfree — Kfree - Lin
23 else

24 | Nfail < Npail + 1

25 end

26 end

27 return B

C. Scheduler Policy

In continuous batching inference such as vLLM [31] and
Orca [25], each iteration allows the scheduler to schedule
requests from the request pool. Based on predicted response
lengths L;, we prioritize shorter requests, which reduces
waiting time and mitigates HOL blocking. Prior works have
optimized scheduling using a PSJF policy, but they do not
consider how predicted lengths affect preemption. When GPU
memory is insufficient, the inference system will preempt
requests and reschedule them once resources are available.
This preemption not only wastes GPU memory but also delays
requests that could have been executed. Since resource usage
depends on both input and output lengths, we can evaluate
candidate requests during scheduling and select only those that
do not trigger preemption.

To avoid preemption, we simulate a candidate request r;
with input length L™ and predicted length L; over [0,T],
where T = ﬁi. Let Kiotal denote the maximum KV cache
capacity, and K44 the tokens already occupied in the current
iteration. At each simulated time ¢ € [1, T, the memory safety



TABLE II
PERFORMANCE OF DIFFERENT PREDICTORS ON WC
(WILDCHAT-1M) AND LC (LMSYS-CHAT-1M) MT DATASETS

TABLE III
PERFORMANCE OF DIFFERENT PREDICTORS ON WC
(WILDCHAT-1M) AND LC (LMSYS-CHAT-1M) ST DATASETS

DS Method Class Acc (%) 1 MAE | DS Method Class Acc (%) 1 MAE |
@32 @64 @128 @256 @32 @64 @128 @256

S3 10 6.09 1233 2481 50.09 27793 S3 10 545 10.86 2144 4275 302.44

S3 400 2827 43.78 62.67 80.37 169.98 S3 400 2946 4385 6247 80.56 170.43

WC PO-7B - 14.92 24.61 4038 61.71 282.53 we PO-7B - 19.71 32.05 4996 68.88 244.28
PO-14B — 12.40 20.66 33.88 5592 312.08 PO-14B — 1290 20.95 3091 46.68 367.96

OUR - 32.80 5292 74.18 90.28 105.61 OUR 10 494 1021 21.44 4599 271.92

$3 5 513 1038 2158 4819 26379 OUR 400 30.80 4595 66.09 8531 144.85

S3 200 42.09 56.35 69.45 8243 137.90 S3 5 532 10.72 21.57 4337 260.77

LC PO-7B - 2370 40.04 64.43 87.06 151.18 S3 200 5224 68.19 83.40 94.05 71.34
PO-14B — 18.09 32.64 5427 82.34 169.91 LC PO-7B — 2698 41.70 60.51 80.66 183.85

OUR - 4240 58.56 77.16 93.14 82.42 PO-14B — 23.61 35.84 5186 7424 210.95

OUR 5 10.02 20.80 45.78 93.52 137.29

OUR 200 42.04 58.26 77.43 85.31 81.63

condition is checked as:
-Kyuscd + LILn +t- At S -Kytotala (6)

where A, denotes the number of active requests at time ¢.

Upon completion of a request r; at time ¢, its resource
release is simulated by reducing Ks.q accordingly and decre-
menting A;. These updates occur only at request completion
events, rather than at every token step. The candidate request
r; is scheduled only when the safety condition holds for all
te[l,T].

To avoid excessive simulation overhead, especially when
KV cache is tight and many candidate requests are likely
to fail the safety check, we introduce a tunable parameter
SearchDepth that limits the number of consecutive schedul-
ing failures allowed in one iteration. Once this limit is reached,
the scheduler stops admitting new requests, allocates resources
to the selected batch, and proceeds to inference execution.

For requests where the predicted length L; exceeds the
actual length, r; finishes earlier and releases resources without
preemption. In cases where L; underestimates the true length,
the prediction is extended by a fixed margin A, TokenADD,
yielding a new estimate f/; = L;+A, and the safety condition
is re-evaluated. The request proceeds with the updated budget
if the extended simulation succeeds; otherwise, r; is preempted
and its resources reclaimed.

IV. EXPERIMENTS
A. Experiments Setup

Testbed The experimental evaluation was implemented on a
server equipped with two NVIDIA A100 40 GB GPUs and an
Intel Xeon Gold 6248R processor with 72 GB of host memory.
Workloads We selected subsets of conversation data from
ChatGPT-3.5 in WildChat-1M and Vicuna-13b in Lmsys-Chat.
The context length for ChatGPT-3.5 [32] is set to 4096, while
for Vicuna-13b [33] it is set to 2048. From the test set used
for training the predictor, we selected 1k dialogue samples to
evaluate model serving performance.

Serving Model We use the Qwen2.5-14B-Instruct [34] model
for inference on a single GPU, and Qwen2.5-32B-Instruct
for inference on two GPUs with tensor parallelism (TP=2).
Recomputation is enabled to preempt requests when the KV
cache is insufficient for new token allocation.

Benchmark and Metrics We evaluate LLM serving perfor-
mance using mean TTFT (Time to First Token) and mean per-
token generation latency. For prediction accuracy, we measure
MAE (Mean Absolute Error) and report the proportion of
requests with MAE below thresholds of 32, 64, 128, and 256
(ACC@32, 64, 128, 256).

Baselines. We implement our approach on VLLM (v0.42)
while maintaining framework flexibility, enabling easy adap-
tation to other inference systems. We compare it against the
following baselines:

o FCEFS: Default scheduling/batching algorithm in VLLM.

e S3 [16]: This predictor follows the same architecture as
S3, using DistilBERT as the base model, but incorpo-
rates context concatenation for multi-turn dialogues [18].
It employs a bucketing strategy with bucket size =
%m and schedules requests using the PSJF
algorithm. The maximum input length is limited to 512
tokens, and both S3 and our predictor are trained using
up to 10 epochs.

e« PO [13]: Uses Qwen2.5 models (7B/14B) as dedicated
predictors deployed separately with FCFS scheduling.
Each request includes a special instruction forcing the
model to first output its estimated word count (limited to
15 tokens) before generating the response. The inference
stage then performs PSJF scheduling based on these
predictions.

o SJF: An oracle baseline that schedules requests using the
Shortest Job First policy, where the ground-truth response
length of each request is used as the predicted value.
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B. Predictions Accuracy

We evaluate the performance of different predictors on
multi-turn (MT) and single-turn (ST) datasets, with the results
summarized in Table II and Table III (where “Class” is a col-
umn name, and its values indicate the number of classification
labels in the classification model).

On the MT dataset from WildChat-1M, our predictor
achieves the best performance, with an MAE of 105.61 and
an ACC@256 of 90.28%. This improvement stems from
explicitly modeling contextual similarity and historical length
information. In contrast, S3 is limited by coarse bucket
granularity and context truncation. PO performs poorly in
multi-turn scenarios due to the absence of explicit instruction-
turn information in its prediction input. Moreover, regardless
of prediction accuracy, deploying an additional LLM as a
predictor introduces substantial overhead and latency, making
it impractical for real-world serving systems.

On the ST dataset, our embedding-based predictor outper-
forms the BERT-based classifier used in S3. Specifically, it
improves ACC@256 by 3.24% with ten length categories and
reduces the prediction error by 30 tokens when using 400
categories, demonstrating the robustness of our design.

For the MT dataset on Lmsys-Chat-1M, although dialogue
contexts are generally shorter and truncation is less severe,
our predictor still achieves a lower MAE of 82.42. On
the corresponding ST dataset, the embedding-based predictor
slightly underperforms S3, which we attribute to freezing the
embedding model parameters during training.

C. LLM Serving Performance

We select 1k requests from the WildChat-1M MT test set
and evaluate different methods under various model settings,
with requests issued at different arrival rates. Our approach
operates at the scheduler level and can be easily migrated to
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Fig. 6. The impact of TokenADD and SearchDepth on TTFT and latency,
where the request arrival rate is 16 qp/s.

different inference systems, regardless of the served model or
parallelism. Consequently, similar results were achieved across
different configurations.

The experimental results in Fig. 4 show that our solu-
tion achieves the best performance under multi-turn dialogue
workloads. This improvement comes from the predictor’s
lower prediction errors and the scheduling strategy’s ability
to avoid unnecessary preemption, which together enable more
accurate request prioritization. In contrast, S3 partially miti-
gates HOL blocking but cannot differentiate priorities within
the same coarse bucket, while PO suffers from substantial
prediction errors. Compared with the default FCFS in vLLM,
our method achieves substantial improvements in both TTFT
and per-token generation latency. Specifically, on Qwen2.5-
14B-Instruct, TTFT is reduced by an average of 47.98% and
per-token generation latency by 76.56%; on Qwen2.5-32B-
Instruct, TTFT is reduced by 44.29% and per-token generation
latency by 74.70%. Our approach consistently outperforms
other prediction-based methods. For reference, the oracle SJF,
which uses ground-truth response lengths, provides an upper
bound on achievable performance.

D. Mixed Workloads

We further evaluate TTFT and latency on mixed ST and
MT workloads, with a ratio of 4:6 as referenced in Table I, as
shown in Fig. 5. Our scheduling algorithm is highly sensitive
to prediction accuracy. When using a coarse 10-class ST
predictor, the performance is suboptimal, whereas increasing
the granularity to 400 classes restores results comparable
to SJE. Compared to FCFS, our method reduces TTFT by
37.98% and per-token generation latency by 58.91%. The
performance of other baseline methods remains consistent with
their behavior on MT datasets, and our approach continues
to outperform all other prediction-based methods as well as
FCEFS.
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E. Impact of TokenADD and SearchDepth

We evaluate the impact of SearchDepth and TokenADD
on system performance under an arrival rate of 16. As shown
in Fig. 6, the optimal range for SearchDepth lies between
3 and 5. Smaller values delay scheduling decisions and reduce
GPU memory utilization, whereas larger values introduce
excessive scheduling delays.

For TokenADD, a value of 16 yields the best performance,
which is consistent with the default vLLM block size. Larger
TokenADD values increase the risk of preemption for over-
predicted requests, leading to inefficient resource usage. We
further evaluate these parameters under different arrival rates,
and the results exhibit consistent trends in service quality.

FE. Ablation Study on Scheduling Strategies

Fig. 7 compares the performance of our scheduler against
the PSJF algorithm. Experimental results show that our method
outperforms PSJF consistently. In the tested set of 1k requests,
our approach reduces TTFT by up to 16.24% and per-token
generation latency by 10.46% compared to PSJF. The main
reason is that PSJF only considers whether resources can be
allocated for new tokens at the current moment, ignoring future
resource requirements. When resources are scarce, preempted
requests waste the memory they occupy, leading to increased
overhead and latency. In contrast, RA-PSJF evaluates both
currently available memory and anticipated future resource
demands. If a request cannot be scheduled immediately, we
prioritize lower-input-length requests even if their predicted
response lengths are relatively long. Although preemptions
may still occur when predicted lengths are shorter than actual,
our approach significantly reduces additional overhead and
request latency compared to PSJF.

G. Predictor Overhead

We evaluate the overhead of predictors on 1k requests with a
batch size of 1. The average latency of the single-turn predictor
is 23.16 ms. For multi-turn dialogues, the latency increases
to 61.74 ms due to additional feature extraction and LSTM
processing. This overhead remains negligible, as it is still
lower than the generation latency of a single token.

V. CONCLUSION

This paper reveals that in multi-turn dialogues, turns with
higher contextual similarity tend to have closer response
lengths. Based on this, we design a response length predic-
tor that leverages history length and similarity features to

construct sequential inputs, avoiding long-context truncation
and improving prediction accuracy. Using these predictions,
our RA-PSJF scheduling strategy reduces unnecessary pre-
emptions, further reducing latency. Compared with a BERT-
based classifier, prediction error is reduced by 37.9% on
WildChat-1M, and compared with vLLM-FCFS, RA-PSJF
lowers average per-token latency and TTFT by 76.56% and
47.98%, respectively. Future work will explore integrating
vector databases to unify prediction across single and multi-
turn dialogues.
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