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ABSTRACT

KV cache management is essential for efficient LLM inference. To maximize
utilization, existing inference engines evict finished requests’ KV cache if new
requests are waiting. This policy breaks for agentic workloads, which interleave
LLM calls with tools, introducing pauses that prevent effective KV reuse across
turns. Since some tool calls have much shorter durations than human response
multi-turn chatbot, it would be promising to retain the KV cache in during these
tools. However, there are many challenges. First, we need to consider both the
potential cost of recomputation or reloading (if CPU offloading enabled) and the
increasing queueing delays after eviction from GPU. Second, due to the internal
variance of tool call durations, we need the method to remain robust under limited
predictability of tool call durations.

We present Continuum, a serving system to optimize job completion time for
multi-turn agent workloads by introducing time-to-live mechanism for KV cache
retaining. For LLM request that generates a tool call, Continuum selectively pins
the KV cache in GPU memory with a time-to-live value determined by considering
both the reload cost and ordering preserve benefit of retaining KV cache. More-
over, when the TTL expires, the KV cache can be automatically evicted to free
up GPU memory, providing robust performance under edge cases. When com-
bined with program-level first-come-first-serve, Continuum preserves multi-turn
continuity, and reduces delay for complex agentic workflows. Our evaluation on
real-world agentic workloads (SWE-Bench and BFCL) with Llama-3.1 8B/70B
shows that Continuum significantly improves the average job completion times
and its improvement scales with turn number increase.

1 INTRODUCTION

KV Cache management is key to inference engine performance, impacting both the input processing
(prefill) and output generation (decoding) stages (Kwon et al., 2023;[Zheng et al.|[2024; (Cheng et al.,
2025). A critical component of KV cache management is the eviction policy. Ideally, the system
should avoid evicting tokens that will be referenced in the immediate future. Similar to traditional
caching systems, existing inference engines assumes that KV cache are less important once decoding
is finished. This means that they will be discarded if other new requests in the waiting queue to
maximize utilization. We refer to this type of policy end-of-turn eviction.

While end-of-turn eviction works well for multi-turn chat applications, it can significantly degrade
the performance of modern agentic workloads, particularly those involving tool calling. These
agentic applications have become increasingly popular across domains such as software engineer-
ing (Yang et al.| [2024)), computer use (Anthropic, |2024), and scientific research (Ren et al., [2025)).
These workloads characteristically interleave (a) inference steps to derive the next action, and (b) ex-
ecution steps where the action is used to call an external tool. The output of the tool is subsequently
appended to the request context, and a new inference step is initiated in the inference engine. The
core issue arises when the request’s KV cache is evicted when the agent transforms from inference
step to tool call. If the KV cache was evicted for the finished request, the engine must recompute the
prefix (prefill) or reload from CPU (if CPU offloading is enabled (Cheng et al.,[2025))) when the tool
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Figure 1: Two main failures of previous agent serving work, where red blocks represent unnecessary
overhead: even with CPU offloading, agents still suffer from queueing delay after eviction.

execution completes and the next inference step begins. This repetitive prefill introduces substantial
delays and reduces overall system throughput. More importantly, even when CPU offloading is en-
abled to greatly reuse KV cache, eviction causes per-turn queueing delay for the program. When
the next inference step after a tool call has its KV cache evicted from GPU memory, it will also have
to wait in the waiting queue for other requests to free up GPU memory before starting inference.
This per-turn queueing delay can accumulate and result in increasing delay for each agentic program
as illustrated in Figure[I] Since this delay is not measurable by offline profiling, we need to design
a model to include this into our consideration. Moreover, since tool calls can be inherently variable,
we need to set a maximum KV cache retainment time to prevent infinitely long waiting. However,
if this time expires just before the tool call, the previous waiting will be wasted. Thus, we need to
carefully set the KV cache retainment time to adapt to the workload.

Previous work fails to address these challenges. InferCept (Abhyankar et al.,[2024)) does not consider
per-turn queueing delay and only statically preserves KV cache assuming fully predicatable tool
calls. Autellix (Luo et al., 2025) uses end-of-turn eviction and ignores the importance of KV cache
retention in multi-turn agent scheduling. Pie (Gim et al., 2025) only give interfaces but not policies
for KV cache retention. Ayo (Tan et al. 2025), Alto (Santhanam et al., |2024)), Parrot (Lin et al.,
2024) assumes static workflow and do not apply to dynamic agents.

In this paper, we present Continuum, an agent serving system that utilizes KV cache time-to-live
technique to improve job completion time for multi-turn agent workloads. Inspired by previous
caching papers, Continuum introduces a KV cache time-to-live (TTL) mechanism to retain KV
cache inside GPU after request finishes to over-ride original end-of-turn evictions. For each LLM
request that generates a tool call during the inference step, Continuum models both the prefill/reload
cost and the per-turn queueing delay reduction brought retaining KV cache. After obtaining the ben-
efits of a potential hit based on the above two factors and tool call distributions, Continuum compares
this with the cost of occupying GPU memory space during the TTL time to decide how long the KV
cache can stay in GPU memory before being automatically evicted. This allows the next request
to immediately resume if the tool call returns within the TTL window to save prefill and queueing
delay. When the tool call prediction is inaccurate and the tool call takes longer than expected, Con-
tinuum can correct the mistake robustly by evicting the KV cache after the TTL expires, preventing
severe memory pressure or deadlocks. Furthermore, Continuum combines the TTL mechanism with
program-level first-come-first-serve scheduling. This enforces better request ordering and simplifies
scheduling for complex agentic workflows.

To evaluate Continuum’s performance, we conduct extensive experiment on real agentic workloads
in function calling (Mao et al., 2024b)) and coding agents (Lieret et al., |2025). Across three hard-
ware and model setups, we show that Continuum reduces delay by 1.12x to 3.66x and improves
throughput by 1.10x to 3.22x on multi-turn agentic workloads. Moreover, we evaluated Continuum
on Company A’{] internal testbed and show it can reduce delay for real SWE-agent workloads by
up to 8.18x.

"Inference startup anonymized for double-blind
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Figure 2: Illustrative example of a SWE-Agent. The agent resolves a software engineering bug
step by step with tool calls in the middle. These tool calls have different durations and breaks the
continuity of the LLM inference.

Dataset No. of Turns Tool Time(ms) Token Per Program
SWE-Bench (10.9, 2.1) (925, 3,550) (70,126, 19,732)
BFCL v4 (6.3,2.3) (1,923, 2,133) (93,256, 68,687)

Table 1: Statistics from two collected datasets. Numbers are in format of (mean, standard deviation).

2 BACKGROUND
2.1 REACT PARADIGM FOR AGENTS

Most modern agentic workloads mainly follow the paradigm of the ReAct-agent loop (Yao et al.l
2022), alternating between a reasoning step where LLM tries to understand contexts and output
thoughts, and perform external actions via tool calls. An emerging trend is that many agentic ap-
plications and evaluation suites scale this loop into long-horizon, multi-turn iterations, repeatedly
interleaving thought, tool call and context update across dozens (or even hundreds) of turns, e.g.
the 7-bench benchmark for tool-agent-user interaction (Yao et al., [2024), the MINT benchmark for
multi-turn tool-augmented interaction (Wang et al., 2023), and AgentBench for evaluating LLMs in
multi-turn, open-ended decision-making and tool-use scenarios (Liu et al.,|[2023)).

This interleaved reasoning and tool-call paradigm features a few unique advantages in the context of
agentic workloads. Thus, the ReAct framework has gradually become the de facto standard of agen-
tic workloads. Coding agents including Claude Code (Anthropic / Claudel 2025) and Cursor (Cur-
sor, |2025)) almost all adopt the ReAct workflow. Frameworks such as LangChain (LangChain, 2025
and LangGraph (LangGraph, [2025) implement ReAct-style agents and graph-based state machines
for explicit state to enable more developers build ReAct style agents.

More importantly, the most recent leading open-source models like GPT-OSS (Agarwal et al.| [2025))
and Kimi-K2 (kim)2025) take things further, where it bakes the tool call ability into the base model,
and allows for ReAct-style tool calls inside the reasoning chain.

2.2 AGENTIC TRACES

We collect and analyze 100 traces from mini-swe-agent (Lieret et al) [2025) running SWE-
Bench (Jimenez et al., [2024)) and 100 traces from BFCL V4 Agentic Web Search (Mao et al.||2025)),
both running GPT-5 as the base model. Figure 2] presents an illustrative shortened example trace
from SWE-Bench, demonstrating how the agent solves a software engineering task step by step.

The takeway is three-fold. First, there are many turns for these novel agentic programs. This increase
in turn numbers adds additional scheduling difficulty. Second, the tool call times have varying time
distribution, but many are short. Although the request will be considered finished after these short
tool calls are generated, the next request will arrive soon after the tool call execution completes,
reusing the KV cache.

2.3 LIMITATIONS OF EXISTING METHODS

Previous works fail to handle this emerging complex workload due to three main reasons:

Fixed Workflow: One line of work focused on improving scheduling of agentic workflows with
pre-defined, static computation graphs. Teola (Tan et al., [2025) decomposes applications into
primitive-level dataflow graphs, exposing fine-grained dependencies between LLM and non-LLM
components. Alto (Santhanam et al., [2024) focuses on streaming and pipelined execution across
distributed components. Parrot (Lin et al.,|2024) exposes application-level context to LLM services
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Figure 3: Per-turn queueing causes high wait-  Figure 4: Execution-time skew: the slowest 10% of
ing time in baselines even with CPU offloading.  calls dominate total delay.

through Semantic Variables, enabling the engine to infer data dependencies across consecutive LLM
requests. One shared limitation of Teola, Parrot, and Alto is that they all assume static or determin-
istically defined DAGs and could not work with dynamic agent workloads like ReAct-styled ones
whose dependency graphs evolve at runtime. This limits the capabilities of these works to optimize
for the wide variety of agents in practice (Anyspherel 2024} Lieret et al., 2025} [Yan et al.| [2024).

No Consideration for Tool Calls: Autellix (Luo et al.,[2025)) introduces Program-Level Attained
Service (PLAS) scheduling that prioritizes requests with less cumulative service time of the agentic
program. Tempo (Zhang et al., 2025) proposes a scheduler to satisfy the SLOs when facing different
types of requests (chat, agent, reasoning), while our focus is particularly on agentic workloads with
many-turn and variable tool calls. These work fail to consider the unique characteristics of tool calls
in agentic workloads, such as their variable durations and the impact on KV cache management.
This oversight can lead to suboptimal scheduling decisions and increased latency, demonstrated as
the end-of-turn KV eviction in Figure

Insufficient KV Cache Retainment Strategies: Some previous work observed the challenge of
KV cache reuse for agent workloads. InferCept (Abhyankar et all [2024) introduces a “preserve”
operation that pins the KV cache between tool calls. However, their policy overlooks the multi-turn
nature of requests. When KV cache is evicted between turn, this will cause additional queueing
time per turn for the program when they come back. We demonstrate the performance degradation
brought by this per turn queueing for multi-turn scheduling in Figure[3] We profile the total eviction
overhead experienced by each request for vanilla vLLM and the InferCept algorithm. The x-axis
represents each agentic program in order of arrival time, while the y-axis denotes the total bubble
time for each agentic job — the total idle period a request experiences in the waiting queue before
execution. Even with InferCept’s KV retainment, bubbles still persist and causes delay increase
despite its throughput improvement over vLLM. Moreover, their preserve operation is fixed and
could not adapt to tool use in real time. If the actual tool call time is much longer than predicted,
blindly “preserving” the KV cache can cause significant inefficiency. However, as shown in Figure[d]
many tool calls exhibit high variability in execution time.

Pie (Gim et al.l |2025) introduces a programmable serving system that decomposes the generation
loop into fine-grained handlers. While its optimizations can retain KV cache across tool calls with
manual flag, it still lacks the ability to make principled, real-time decisions about KV cache reten-
tion, a s it provides no mechanism to adapt to dynamic tool-call latencies or multi-turn dependencies.

3 CONTINUUM SCHEDULING ALGORITHM

Given the failure of previous work, we claim that an optimal KV cache retainment policy should
include the following features:

e It should retain KV cache for requests that will reuse them soon after tool calls, minimizing
prefill/loading overheads.

e It should consider the multi-turn continuity of agent programs, reducing waiting time and preserv-
ing program order.

o [t should be robust to varying tool call latencies.

In order to achieve the robustness guarantee, we propose to borrow the idea of Time-to-live (TTL)
from traditional systems: for each request’s KV cache, we give a TTL value to define the maximum
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Notation Description Notation Description

T TTL MemUsage(r) GPU memory occupied by r
M Avg. memory of seen requests ~ CacheMissCost(r) Cost of reloading r
Prefill-Reload(r) KV reconstruction time OutofOrderCost(r)  Out-of-order cost for r

n Memoryfulness factor T Average waiting time

P(r, f) Finish-within-TTL prob.

Table 2: Key notations in Continuum’s cost model for a request r and tool-call f.

duration for it to remain in GPU memory. This prevents long-running or failed tool calls from
blocking GPU resources indefinitely while retaining KV cache.

3.1 UTILITY MODEL

To set an effective TTL value (in seconds) for pinning a request’s KV cache, Continuum must
choose the value that best balances the benefit of potential reuse against its cost. Both the benefit
and the cost are measured in units of time, since they ultimately translate into changes in the total
job completion latency across all programs. Mathematically, given a request r and a TTL value 7,
Continuum estimates Cost(7,r) and Benefit(r) for pinning the KV cache of request r for 7. For
simplicity, Benefit(r) assumes that the next request arrives within the TTL window. The case where
TTL expires before the tool call returns is addressed in Sec. [3.2]

Cost Estimation. The cost of pinning a request’s KV cache comes from the opportunity cost of
occupying GPU memory that could otherwise be used to serve other requests:
MemUsage

m e ge(r) .
where MemUsage(r) is the amount of GPU memory used by the KV cache of request r, M is the
average GPU memory footprint of active requests, and 7 is the TTL value.

Cost(r,r) =

The ratio represents how many average requests are blocked when r is pinned. In other
words, if pinning 7 occupies the same memory as k requests, then pinning r adds 7 latency to
approximately k other requests. We assume that the waiting queue always contains enough requests
for this blocking effect to occur when KV retainment is necessary.

MemUsage(r)
M

Benefit Estimation. The benefit of pinning a request’s KV cache is realized when the request is
re-issued within the TTL period, allowing it to avoid the overhead of reloading or prefilling the KV
cache from r’s program while saving the per-turn queueing delay:

Benefit(r) = CacheMissCost(r) + OutofOrderCost(r)

We use the sum of cost prevented as the benefit. CacheMissCost(r) measures the cost of reloading
or prefilling the KV cache for request » and OutofOrderCost(r) measures the expected queueing
delay for the request due to waiting for other requests to free GPU memory.

Similar to Cost(7,r), we can measure CacheMissCost(r) by (1) the context reconstruct overhead
Prefill-Reload(r); and (2) the approximate number of requests will experience the additional latency

MemUsage(r)
M

overhead . The cost is formally defined as follows:

~ MemUsage(r) x Prefill-Reload(r)

M
Prefill-Reload(r) is the time cost for prefill or reloading depending on whether CPU offloading is
turned on. This is based on a quick offline profiling described in Sec

CacheMissCost(r)

Measuring the expected queuing delay: Innovatively, as we discussed in Sec. immediately
rescheduling the requests coming back from tool calls also helps reduce the latency caused by extra
waiting time before scheduling the request even with KV cache offloading. Note that the queueing
delay is closely tied to the memoryfulness of the workload, i.e., whether the number of remaining
steps reduce predictably as the program progresses.

Let N be the total number of requests in a program and & the number of requests that have already
been served. We define the following memoryfulness factor

n = —Corr(k, N — k)
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We can see this factor models the degree of memoryfulness in the workload well: when the workload
is fully memoryless, we have that & is independent to N — k, leading to = 0. Conversely, when
the workload is fully memoryful, i.e., all programs have the same fixed number of requests, we have
Corr(k, N — k) = Corr(k, —k) = —1, resulting in n = 1.

Now, we are ready to define the OutofOrderCost(r) based on the 1 above. When 1 = 1, the delay is
exactly the waiting time when the program of r returns back to the waiting queue. To match this, we
record the average waiting time per unit context size for the historical requests in this workload as
%, where T is the average queueing delay for previous requests. In this case, the delay can be well
measured by L= x MemUsage(r). Here, we consider MemUsage(r) since large-context requests
are harder to schedule (they must wait for enough contiguous memory to be freed). For the general
cases, we define the out-of-order cost as follows:

OutofOrderCost(r) = % x MemUsage(r) x 7.

3.2 SETTING THE TTL VALUE

In this part, we describe how Continuum sets the TTL value for KV cache based on the cost-benefit
model above and historical tool-call information. As in Algorithm [I| (line ??), Continuum deter-
mines the optimal TTL value 7* to maximize the expected net benefit of retaining the KV cache:

7" = argmax, P(r, f) x Benefit(r) — Cost(r,), M

where P(7, f) estimates the probability that the tool call f completes within time 7. This formula
captures the expected net benefit, in terms of total job latency, of retaining the KV cache of r for a

duration of 7 By eliminating the shared %age(r), the formula above can be transformed to

argmax, P(7, f) x (T - n + Prefill-Reload(r)) — , (2)

indicating that we only need to additionally compute 7 and P(7, f) in our implementation. 7 can
be estimated as the sliding window average for queueing delay experienced by requests who was
evicted. Since we cannot fully predict the duration of the next tool call, we estimate P (7, f) using
the empirical CDF derived from historical tool-call records S[f]. Specifically, we calculate it as the
following:

P(T,f):ﬁ- S 1 < 7]

teS[f]

, where I[-] is the indicator function. Finally, we solve Equation equation [2| by enumerating all
unique tool-call durations recorded in S[f] as candidates (including 7 = 0) and selecting the one
with the highest expected reward.

3.3 PUTTING IT TOGETHER

We present the full algorithm at Appendix [l We implemented Continuum on top of VLLM with
approximately 1,000 lines of Python. Our design introduces a Tool-Call Handler within the
scheduler loop, which parses tool invocations and tracks historical latency statistics to compute
optimal TTL values. We augmented the scheduler with primitives to pin and unpin requests, manag-
ing KV cache retention in a pinned_requests dictionary. pinned_requests maps program
identifiers to their associated TTL values. While the TTL values has not expired, the scheduler pri-
oritizes pinned requests in scheduling decisions. The scheduler loops cleans expired entries from
pinned._requests and unpins their KV cache to free GPU memory at the beginning of each
scheduling decision. To ensure system robustness, we integrated a deadlock prevention mechanism
that preemptively unpins victims under memory pressure, and we calibrated the cost model using
offline profiling of hardware-specific prefill and offloading latencies. Due to space limit, we leave
detailed system implementations in Appendix
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Figure 5: Continuum outperforms against baseline schedulers across different model sizes, hardware
configurations, and datasets.
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Figure 6: Continuum achieves consistent improvement when DRAM offloading is enabled. It im-

proves over systems with smart DRAM offloading logic like InferCept by considering tool-call and
multi-turn together.

4 EVALUATION

4.1 SETUP

Model and Hardware: We evaluate Continuum with 1lama-3.1-8B and llama-3.1-70B models. For
8B model, we use A100-SXM GPU from Runpod and B200 GPU from on-prem. For 70B model,
we use H100 GPU from Company A and B200 from on-prem and set the tensor parallelism to 4.

Datasets: For results other than the real SWE-Bench experiments in Figure [/ we evaluate on two
collected workloads running GPT-5 E|and using poisson distribution for the arrival pattern of agents:

e SWE-Bench (Jimenez et al., 2023): We run mini-swe-agent (Lieret et al., [ 2025) on SWE-Bench.
We keep requests within the context window.

e Berkeley Function Calling Leaderboard (Mao et al., |2025): We used BFCL V4 (Web Search
category). This includes agents answering questions with web browsing tools. We scaled down
the workload by 0.4 to fit at least 100 request in the context window of llama-3.1 (128k tokens).

Main Baselines:

2We use GPT-5 for the better model capabilities to ensure that the workflow generated are mostly correct.
Base small models often fail to accomplish the task
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o Vanilla vLLM We use the stable release of vllm 0.10.2 with default setting. Chunked-prefill is
enabled with default chunk size 2048.

o CPU DRAM offloading We use vllm 0.10.2 with LMCache 0.3.7 (Cheng et al., [2025). For A100
GPUs, we set the DRAM size used in offloading to be 100GB; For B200 and H100 GPUs, we set
the DRAM size used in offloading to be 200GB per GPU. We also apply this on baselines.

o Autellix We implemented the algorithm of PLAS from Autellix (Luo et al.,|2025) on top of vlim.
We extend Autellix to CPU offloading cases by enabling LMCache (Autellix+).

o [nferCept We implemented the selectively preserve, swap, or evict algorithm of InferCept (Ab-
hyankar et al.| [2024) on top of vllm + Imcache. Since the CPU offloading in LMCache is non-
blocking (better than original InferCept), we update the cost estimation accordingly.

o Distributed Inference Solutions We compare with other open-source solutions for real experi-
ments including SGLang 0.5.5.post3 (sgl project) with native cache-aware routing and Dynamo
0.7.0.post1 (ai dynamo) configured with 1P1D for PD Disaggregation.

4.2 EXPERIMENT RESULTS

Figure [5] and Figure [f] demonstrate the end-to-end improvement from Continuum. We show sig-
nificant improvements in both average response time and throughput across both the BFCL and
SWE-Bench workloads. For instance, with the Llama-3.1-8B model, Continuum achieves up to a
2x reduction in average response time compared to the vanilla vLLM baseline. The performance
gains are consistent across different model sizes and hardware configurations, demonstrating the ef-
fectiveness of our approach in diverse scenarios. Although Autellix outperforms baselines in BFCL,
it underperforms in SWE-Bench due to its false assumption that requests have longer expected finish
time if they execute for longer.

Moreover, we observe that Continuum consistently outperforms CPU offloading baselines. On the
other hand, PLAS’s gain on CPU offloading diminished compared with baseline. This demonstrates
Continuum’s robust performance improvement on scheduling bubble reduction that is orthogonal to
DRAM offloading techniques.

Real SWE-Agent in Distributed Setting: In order to fully
evaluate Continuum’s performance in real-world deployment
scenarios at scale. We test Continuum running real SWE agent 00
for 500 tasks in SWE-Bench-Verified in Company A’s inter-  §s
nal H100 testbed. We set up our agent client environment by ~ §
adding a job distributor for the SWE-Bench platform that dis-  §®
tributes agents in poisson distribution. We use a simple ses-  5°*
sion aware routing for Continuum and compare against other

distributed inference solutions. We measure the per-job finish *1 %% obsPer Sacond UPS)
time and collect the pass rate of each agent program for their
generated results on SWE-bench after generation.

Ours —#&— SGLang —¢— Dynamo

FH
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As demonstrated by Figure[7} Continuum consistently outper-
forms baselines in terms of average delay when pass rates are
equal. Notice that Continuum actually has higher pass rate
than baselines. This is due to SWE-Bench’s time limit for envi-
ronment dockers to prevent hanging. When the baseline’s run-  ° o= Inferens tdutions
ning time exceeds 15 minutes it will be preempted and treated
as failure case. This proves Continuum’s usability in real pro-
duction settings.

Pass Rate (%)
IS

Figure 7: Continuum improves de-
lay under the pass rate for real SWE-
agents in distributed settings.

4.3 SENSITIVITY ANALYSIS

Varying Inference Engine Configuration: In order to show that Continuum is robust to varying
inference engine configurations, we evaluate Continuum with different configurations of the infer-
ence engine. In Figure[9] we set the job per second to be 0.13 and vary the maximum batch size
to compare Continuum with different baselines. As we can see, Continuum’s improvement remains
stable across different batch sizes. Moreover, in Figure 0] we vary the number of chunk size from
256 to 4096. We observe similar improvements across different chunk sizes. This demonstrates the
robustness of our approach to different inference engine configurations.
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Figure 9: Continuum improves delay across different max batch-size and chunk-size configurations.

Robustness to Turn Numbers: Figure [§] evaluates our scheduler’s robustness in multi-turn
scenarios. We simulate more-turn scenarios on SWE-Bench by repeating the trace (I1x to
5x) while inversely scaling the token lengths to emulate more turns but make total token
fit within the context window. With a request rate of 0.13 JPS and 200 GB for DRAM
offloading, the results show that the baseline methods degrade as the number of turns in-
creases. This is because the increased number of turns leads to more tool calls and longer
overall execution times, exacerbating the scheduling challenges faced by traditional methods
In contrast, our approach maintains stable, low-latency 3. = ours Autellix

performance, demonstrating its effectiveness for complex, .gmo viLm Infercept

many-turn agentic interactions. H

Ablation studies, turn number robustness studies, latency ..,
analysis are available in Appendix [B] g s

1 2 3. 4; B
(10.9 turns)  (20.8 turns)  (30.8 turns)  (40.7 turns)  (50.6 turns)

5 RELATED AND FUTURE WORK Number of turm multiplier

Figure 8: Continuum shows higher

LLM Inference Systems: There have been many research iprovement ratio as the number of
papers on improving LLM inference. Serving engines in- WIS increases.

cluding vLLM (Kwon et al.| [2023) and SGLang (Zheng

et al., [2024) achieves state of the art inference by adapt-

ing paged attention design and optimized kernels. Besides

the wide range of kernel-level optimizations that improve GPU execution speed (Ye et al., 2025}
Dao et al} 2022 Zhu et al.| 2025])), researchers have also proposed many optimizations on resource
management: continuous batching (Yu et al.||2022), chunked prefill (Agrawal et al.,|2024)), skip-join
multi-level scheduling (Wu et al., [2023). Many of them have been ported into the inference engine.
Previous work have also explored efficient offloading to CPU DRAM and disks (Gao et al.,|2024a;
Xiel 20255 |Cheng et al. 2025} [Liu et al.| 2024} |Yao et al., [2025). For distributed inference, people
have adopted session aware routing (Srivatsa et al., 2024} |[Lab & vLLM, 2025), KV-cache aware
routing (Xia et al} 2025)), and prefill-decode disaggregation (Zhong et al., [2024). Building upon
these work, Continuum extends LLLM inference into long-horizon multi-turn agentic workloads and
improves resource management when resources are competed by different requests.

Generality Beyond ReAct-Style Agents: The current design and implementation of Continuum
are optimized for ReAct-style, tool-interleaving agents where each LLM step returns a clear tool
invocation followed by a gap before the next step. Continuum naturally extends to parallel tool calls
since it still follows the sequential “reason — tool — reason” rhythm. Some emerging agent frame-
works, however, could involve non-linear control flows: speculative branches, asynchronous multi-
agent coordination, and context folding. Although such workloads are mostly experimental and yet
to be tested in real production workloads, their inference pattern may violate the sequential flow
and requires future change. In such settings, program-level FCFS ordering and per-program TTL
pinning may not map cleanly to the underlying control flow and requires future updates. Extending
Continuum to support branching traces, concurrent tools, or fine-grained internal state updates is an
important direction for future work. More discussions are available in Appendix [F1]

6 CONCLUSION

Agentic workloads introduce new scheduling challenges for LLM serving systems due to frequent
tool calls, highly variable inter-step delays, and the need to preserve multi-turn continuity. We
present Continuum, a KV cache retention and scheduling system that balances both the benefit
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of cache reuse and the cost of blocking GPU memory through a time-to-live mechanism. By in-
tegrating TTL-aware pinning with program-level FCFS, Continuum reduces unnecessary prefills,
mitigates per-turn queueing delays, and robustly adapts to unpredictable tool-call latencies. Our
implementation on top of vLLM shows consistent improvements in end-to-end job completion time
and throughput across model sizes, hardware configurations, and real-world agent workloads. Con-
tinuum demonstrates that principled, tool-aware KV management is essential for efficient multi-turn
agent serving. We hope it lays the groundwork for future systems to more deeply integrate agent-
workload structure into LLM inference engines.
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Algorithm 1 Continuum’s Scheduling Algorithm

Require: Waiting queue ); TTL map P (pinned programs and TTLs); historical tool-call records S where
S| f] stores records for tool f
1: function ONREQUESTARRIVE(T)

2 Q+ Qu{r}

3 id < program ID of r

4 if id is a seen program then

5: (f,t) < tool-call info from r
6: S[f] « SifTuft}

7: end if

8: end function

9: function ONREQUESTFINISH(7)
10: if r is the last request of its program then
11: Free KV cache used by r
12: else

13: f < next tool after r
14: id < program ID of r

15: Plid] - CALCTTL(r, S[f])
16: end if

17: end function
18: function SCHEDULE
19: while @) not empty do

20: for all id € Pkeys do

21: if current time > P[id] and id ¢ Q.programs then
22: Free KV cache of ¢d’s last request
23: Remove id from P

24: end if

25: end for

26: r < argmax, e CALCPRIORITY(r', P)
27: if  cannot fit in memory then

28: break

29: end if

30: Q< Q\{r)

31: Issue r to run

32: id < program ID of r

33: if id € PXkeys then

34: Remove id from P

35: end if

36: end while
37: end function

A FULL ALGORITHM

We present the full algorithm of Continuum in Algorithm

B EXTENDED EXPERIMENTS

We show our improvements on P90 and P95 delay in Figure [I0] Continuum achieves better P90
and P95 latency due to its ability to reduce the per-turn queueing delay compared with baselines,
achieving similar gain as in average delay.

SSD Offloading: Similar to CPU offloading, SSD offloading offers bigger space but slower loading.
We evaluate Continuum with extended SSD storage layer beyond CPU offloading using LMCache
on SWE-bench workload with llama-8B on B200. As shown in Figure Continuum consistently
improves average delay compared with baselines when also utilizing disks of different sizes.

Ablation Study: We conduct an ablation study to analyze the impact of our cost modeling on
Continuum’s overall performance. In Figure [T} we compare Continuum with baselines that only
applies part of the optimizaions. Program-Level FCFS changes the original request-level FCFS in
vLLM into priority based on program arrival. Static TTL builds upon program-level FCFS to utilize
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Figure 10: Continuum achieves better P90 and P95 latency for running SWE Bench trace with
Llama-8B model on B200 with CPU offloading turned on.
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Figure 11: Contributions of individual ideas to Continuum. Program-level FCFS prioritizes requests
with earlier program arrival. Static TTL uses fixed TTL threshold from cold start handling.

fixed TTL threshold estimated cold-start handling. As demonstrated, different ideas of Continuum
gradually improves performance.

Scheduler Overhead: As shown in Table[3] our approach introduces a minor scheduling overhead
compared to the baselines. However, this overhead is on the order of single-digit milliseconds,
which is negligible compared to the GPU execution time for LLM inference. The significant end-
to-end performance improvements from our scheduling strategy far outweigh this small increase in
scheduling latency.

C CONTINUUM SYSTEM DESIGN

In Continuum, our design goal is a modular architecture that requires minimal changes to the core
inference-engine scheduler loop. On the client side, we attach a program identifier (program_id)
to every inference request so the system can recognize multi-turn agent programs and reason about
tool calls across steps.

Upon arrival at the serving engine, requests enter the existing scheduler loop. Continuum adds a thin
Tool-Call Handler that is invoked on request arrival and completion. The handler parses tool calls
from LLM outputs, tracks per-tool latency using observed inter-request intervals within the same
program_id, and returns TTL to the scheduler. The scheduler uses this hint to pin the request’s
KV cache for potential reuse by the next step, and later unpins it either when the TTL value expires
or when the program terminates.
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Figure 12: Continuum reduces delay when we extend offloading device to SSDs beyond CPU of-
floading.

System No CPU Offload CPU Offload

vLLM 0.95ms 2.33ms
Autellix 0.82ms 2.18 ms
InferCept N/A 2.25ms
Ours 0.96 ms 2.30 ms

Table 3: Continuum introduces minor scheduling latency overhead comparison under different
DRAM offloading settings.

C.1 TooL CALL HANDLER

The tool call handler is a separate class invoked by the main scheduler after the arrival or at the
finish of a request. This decoupled structure ensures that tool-related parsing and timing logic re-
main isolated from the core scheduling loop, ensuring extensibility for future parsers or tool-aware
policies.

Identifying the Tool Call: When the scheduler completes request, it forwards the response to the
tool-call handler, which determines whether the response includes a tool invocation. The handler
parses the message according to the function call schema used by the serving API. In modern agentic
APIs, LLM outputs frequently adopt a standardized tool call structure. For example, in the OpenAl
schema:

{
"id": "fc Oll,
"call_id": "call_O",
"type": "function_call",
"name": "get_weather",
"arguments": {"location": "Paris"}

}

For this example schema, the handler checks each returned message block’s t ype; if it indicates a
function/tool call, the handler extracts the call’s name and uses this as the tool call type. In SWE-
Bench, it is guaranteed that each LLM’s response containing a function call will include exactly one
bash function call. We extract the string within the bash block and use the first word afterwards
as the tool call name.

More function call format examples for different LLMs (Lin, [2025} Qwenl [2024) can be found in
Appendix [E] Continuum can be easily extended to these with a parser similar to Appendix

Recording the tool finish time: For each LLM request ¢ in a program identified by a program ID
p, the handler records a server-side completion timestamp ¢£". | along with tool call name when
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Figure 13: System Overview of Continuum

scheduler records a finished request with tool call output. When the next request i+1 with the same
p arrives, we observe its server-side arrival timestamp tg;;t}e and compute the inter-request interval
ikl bl . We record this interval as the execution time of the tool call this time to store for
TTL computation in the future.

C.2 EFFICIENT PIN WITH TTL IN SCHEDULER

After the tool call handler gives the TTL value, the scheduler will need to execute the pin operation.

Request Pining: If the step is not signified to be the last step (ex. parsed to contain a tool
call), the scheduler calls the tool-call handler to obtain the TTL value 7* and, if not zero, in-
vokes pin_request (request, 7*). This records a pair of request and its expiration time
current_timestamp + 7% in a dictionary pinned_requests and deliberately skips freeing
the request’s KV blocks. The pinned_requests will also be passed to the waiting queue to
prioritize the scheduling of the next request in the same program.

Request Unpinning: At the beginning of every scheduling step, the scheduler runs
unpin_requests (). It scans pinned_requests and unpins entries whose TTL have expired
and whose program_id does not currently appear in the waiting queue. This prevents premature
eviction when a follow-up request has already arrived at the inference engine but scheduler has not
been able to schedule it. Additionally, when a program’s last step finishes, the scheduler proactively
unpins any remaining pins with the same program_id, as no KV cache reuse is expected in the
near future.

Prevention of deadlocks: Pinned requests can accumulate and potential deadlock could occur
when all the GPU memory is occupied by the pinned requests. Since the pinned requests would be
preserved if the next request of the same program is still in the waiting queue, the entire scheduling
loop could be stuck and no new requests can be scheduled to run due to the lack of space.

Thus, we need a mechanism to unpin the requests when the such a deadlock occurs. In Continuum,
when the scheduling logic fails to schedule a new request to execute for the scheduling step, we
iteratively selects victims from pinned_requests with the latest program arrival time to unpin
and free the space until the first request can be scheduled to run.

The chosen request is removed from its queue position, its KV cache is freed, and it is re-queued as
needed, ensuring that subsequent allocations can proceed to run. This prevents deadlock even when
many pins are present.

Offline Profile: In order to predict the prefill time and reloading time (Prefill-Reload(r)) based
on context size as needed in Sec [3.I} we perform an offline profile on each hardware and model
pair for online estimation. We profile for two purposese: (1) GPU-CPU bandwidth for CPU of-
floading cases. We measure by taking the average CPU offloading throughput. (2) Prefill vs
context length curve for estimating prefill cost. We measure this by doing prefill for chunk sizes
{1000, 2000, 4000, ...max_context_length} and fit a quadratic curve on the data. Admittedly, there
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could be some pages for the request remaining in GPU memory that does not need recomputation.
But these remaining pages are usually small when memory is contended and we approximate by the
full prefill time with little error. Profiling takes less than 10 minutes for each hardware model pair.

C.3 IMPLEMENTATION

We implemented Continuum on top of vLLM with about 1k lines of Python. Besides the above
pinning operations added to the scheduler class, we use three functions from tool call handler in
vLLM’s original scheduler:

e func_call finish(tool, timestamp): When request finishes and parsed to contain
tool call, this function informs tool call handler to record the tool call starting time.

e update_tool call time (program.id, timestamp) :
When inference step is submitted, denotes a tool call finished if the previous inference request
ended with tool call.

e set_up_ttl (request, tool): Based on previous tool call information and the system
setup, give best TTL value for the scheduler to this finished request.

D TooL CALL PARSER IMPLEMENTATION EXAMPLE

We attach the implementation for the tool parser for mini-SWE-agent here.

class ToolCallParser:
"""Parser for extracting function calls from LLM output.

Uses the same parsing logic as mini-swe-agent to extract bash

commands
from markdown code blocks and identify the function call.

This can be extended for other datasets with different parsing logic.

wnn

def parse(self, text: str) —-> Optional[str]:
"""Parse LLM output and extract the function call name.

Args:
text: Output text from the LLM

Returns:
The function call name (e.g., "1s", "cd", "git"), or None if

not found
mmwnw

# Same regex pattern as mini-swe—agent: r"‘‘bash\sx*\n(.*x?)\n**"
actions = re.findall (r" ' ‘bash\s*\n(.x?)\n*''", text, re.DOTALL)

if len(actions) == 1:
bash_action = actions[0].strip()
# Extract the first word (command) from the action
words = bash_action.split ()
if words:
return words[0]

return None

Listing 1: Tool Call Parser Example

E MORE FUNCTION CALL EXAMPLES

Under the hood, models differ in how they surface tool calls in their chat tem-
plates and generations. For instance, Llama-3 variants may emit a function-style string
func_name (param_1=val_l, param_2=val_2, ...), whereas Qwen-3 variants favor
JSON such as "name": "func_name", "arguments": . ... Regardless of format,
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serving engines (e.g., VLLM, SGLang) include model-specific, template-aware parsers that take
in the generated long string, recover the function name and parameters, and normalize them into the
OpenAl-style schema, enabling uniform downstream handling. Thus, if we are using the general
function calling interface provided by the serving engines, we don’t need to worry about model-
specific parsing.

For other use cases where the application is not using the function calling interface, and instead ask
the model to output structured bash command via the chat interface, it’s also easy to parse out the
function name and arguments.

For example, in SWE Bench, to extract the intended tool invocation, just locate the single bash code
block, split the command string on && or , then parse each sub-command: the first token is the
executable/function name (pytest, git, ...) and the rest are its arguments.

pytest —-g && git add -A && git commit -m "fix: handle None case in
parser"

In Terminal Bench, this is even easier, as their structured format already handles the command
splitting for us.

{

"state_analysis": "The tests are failing with a NameError.",
"explanation": "Open the file, fix the missing import and rerun
tests.",
"commands": [
{ "keystrokes": "vim src/app/main.py\n", "is_blocking": false,
"timeout_sec": 2.0 1},
{ "keystrokes": "pytest —-g\n", "is_blocking": true, "
timeout_sec": 30.0 }
1y
"is_task_complete": false

F EXTENDED DISCUSSIONS OF RELATED WORK

F.1 NOVEL TOOL-CALLING STYLES

Thinking with tools: This pattern interleaves planning with execution: the model emits a structured
intermediate plan, calls tools, integrates their feedback, and continues its chain of thought|Agarwal
et al.| (2025));|Gao et al.|(2024b); ' Wu et al.|(2025));/Chen et al.|(2023)). In Continuum, once a tool call
is emitted, the current request is considered complete; after the tool finishes, a follow-up request is
enqueued with the updated context. Continuum can be extended to this scenario by implementing a
tool parser as shown in in .

Parallel tool calls: When sub-tasks are independent (e.g., “”’How is the weather in US and UK?”),
issuing multiple tool calls in parallel can shorten turn latency [Kim et al.|(2024); |Anthropic; OpenAl
(2024); Mao et al.| (2024a); |Yan et al| (2024); [Patil et al|(2025). By design, these calls are com-
mutative: they may execute in any order, and their responses are appended to the context as they
complete. Continuum can be extended through a function call predictor from client.

Asynchronous tools: Asynchronous tool calls make execution non-blocking: they enable token
generation while the tools run in the background |Gim et al.| (2024)); |Ginart et al.| (2024)); OpenAl
(2025). This is especially useful for breadth-first or tree-search behaviors (e.g., deep-research or
browsing agents that fan out multiple probes concurrently). This workload suits Continuum well:
because the model performs little active computation between awaits, KV-cache reuse is high as
long as we avoid premature eviction. We leave support for parallel and asynchronous tool calls as
future work.
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F.2 MODEL ARCHITECTURE

People have been proposing new LLM model architectures beyond the traditional decode-only trans-
formers. Mix-of-Experts (MoE) Shazeer et al.| (2017); |[Fedus et al.| (2022)); Chowdhery et al.| (2023)
introduces sparsity into the model by activating only a subset of parameters for each input token, en-
abling larger models with lower inference cost. Sliding window transformers [Beltagy et al.| (2020);
Zaheer et al.|(2020) limit the attention scope to a local window instead of the full context, reducing
the memory footprint during inference. Hybrid Models combine full attention with more efficient at-
tention mechanisms such as linear attention (Choromanski et al.[(2020); Katharopoulos et al.[(2020),
SSMs |Gu & Daol (2024); |Gu et al|(2021a; 2020; 2021b) or low-rank attention [Wang et al.| (2020)
to reduce memory footprint and improve inference speed. These architectures alleviate the memory
bottleneck during inference to achieve higher throughput, but they still suffer from the scheduling
issues discussed, especially the scheduling bubbles due to different jobs’ perpetual contention for
GPU space.
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