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Abstract
LLM-based agents execute multi-turn workflows with con-

tinuously growing contexts, where LLM calls are interleaved
with tool invocations and environment feedback. To main-
tain model quality, modern agent frameworks rely on context
engineering strategies such as offloading, reduction, and iso-
lation to control the context length. However, these strategies
introduce significant context transformation overhead: each
transformation invalidates existing KV caches and triggers
re-prefill, leading to increased time-to-first-token (TTFT).

In this paper, we identify that context transformations are
segment-decomposable, where the transformation of a pre-
fix is independent of future tokens. This property enables
transformations to be executed ahead of time. Based on this
insight, we propose a lookahead programming model that al-
lows agent frameworks to express context transformations as
asynchronous operations without modifying their execution
logic. The runtime proactively executes these transformations
and prepares transformed KV caches in advance, enabling di-
rect context replacement without blocking. We further design
a lookahead-aware scheduler in LLM serving systems to sup-
port these asynchronous requests alongside latency-critical
workloads with controlled interference. We implement our
approach to support representative context engineering strate-
gies and integrate it into existing agent frameworks and LLM
serving systems. Experiments show that our approach effec-
tively eliminates transformation overhead and reduces TTFT
by up to 24.5×.

1 Introduction

Large language model (LLM)-based agents [3, 21, 31, 48,
57, 60] are increasingly deployed in real-world applications,
where they execute multi-turn workflows with interleaved
model inference, tool usage, and user interaction, as shown
in Figure 1(a). In such scenarios, the context continuously
accumulates conversation history, tool outputs, and interme-
diate states, quickly becoming a central factor for both model
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Figure 1: Without context engineering, the contexts of LLM
agents will accumulate rapidly through rounds, leading to the
context rot phenomenon. The experimental results in (b) are
reported by Chroma [20].

quality and system efficiency. As Figure 1(b) shows, prior
work has identified context rot [20], where model reliability
degrades as the context grows, even within the supported con-
text window. Meanwhile, longer contexts also incur higher
computational cost and GPU memory usage, making effective
context management essential for production LLM agents.

To mitigate context rot, production agents [23,29,34,37,49]
adopt a variety of context engineering strategies to control the
context length. Common context engineering techniques in-
clude reduction [28], which truncates or summarizes historical
information; offloading [23], which moves parts of the con-
text such as tool outputs to file systems; and isolation [13,28],
which launches sub-agents with separate and clean contexts.
As the number of interaction turns increases, the accumulated
context grows continuously, while these strategies periodi-
cally reduce or reorganize the context to maintain a manage-
able size. As shown in Figure 2(a), triggering operations such
as offloading or summarization effectively controls context
growth over time. Context engineering has become a fun-
damental component of agent harness development and is
critical to the effectiveness of agent frameworks.

However, although context engineering improves agent

1



0 50 100 150
Turn

0

10

20

30

Co
nt

ex
t L

en
gt

h 
(K

)

0 50 100 150
Turn

0

1

2

3

TT
FT

 (s
)

(a) Context length evolution (b) TTFT across turns

Context Summarization Turn

Figure 2: By periodically applying context summarization,
LLM agents effectively control the context length, but intro-
duce significant context transformation overhead.

accuracy and robustness, it introduces a new performance
challenge. From a system perspective, these techniques funda-
mentally perform context transformation, where the original
context is mapped to a new representation. This transforma-
tion invalidates the existing KV cache, forcing the system to
recompute it through a new prefill stage. As a result, each
transformation incurs additional latency, which we refer to as
context transformation overhead. As illustrated in Figure 2(b),
when such transformations are triggered, the time-to-first-
token (TTFT) increases significantly, particularly affecting
tail latency. In latency-sensitive applications such as real-time
simulation [46, 68], this increase in tail TTFT can lead to
unacceptable violations of service-level objectives (SLOs),
severely degrading user experience.

To address the context transformation overhead, we first
analyze commonly used context engineering techniques and
make a key observation: most context transformations exhibit
a segment-decomposable property. Intuitively, this property
implies that the transformation of a context can be decom-
posed into transformations over its individual segments, such
that applying the transformation to each segment indepen-
dently and then concatenating the results yields the same
outcome as transforming the entire context at once. This
means that the transformation of each segment is independent
of the tokens that follow it, enabling opportunities to per-
form transformations in advance. We formalize this segment-
decomposable property in Section 3 and show that it holds
for various context engineering strategies.

Based on this insight, we propose a lookahead program-
ming model that eliminates context transformation overhead
by decoupling transformation from the critical path. The key
idea is to maintain a lookahead context alongside the working
context and asynchronously compute the KV cache of trans-
formed contexts in advance. When a context transformation is
required, the system can directly replace the KV cache with-
out performing a new prefill. For example, in some agents
that offload all tool outputs to file systems once a context

limit is reached, the transformed context after each tool call is
independent of future tokens. This allows the system to pre-
compute the corresponding KV cache in the lookahead stream
after each tool call and seamlessly switch to it when reaching
context limit. We demonstrate how various context engineer-
ing techniques can be expressed within this programming
model and benefit from reduced overhead in Section 3.

While lookahead computation reduces transformation la-
tency, it introduces potential interference with foreground
requests. Lookahead requests may compete with the main
context generation or with requests from other users in a
shared serving environment. To address this challenge, we
design a lookahead-aware request scheduler that minimize
interference under both prefill-decode aggregation and disag-
gregation settings. Specifically, we split lookahead requests
into dynamic chunks and propose SLO-aware lookahead and
latency-critical request co-batching strategies. These ensure
that lookahead computation is performed only when it does
not compromise the latency guarantees of other requests.

We implement our approach by integrating optimized
lookahead-based context engineering strategies into popular
agent frameworks, including MiniAgent [38], OpenClaw [49],
LangChain [29], LlamaIndex [34], and AutoGen [37]. Our
evaluation demonstrates that the proposed methods signifi-
cantly improve tail TTFT by effectively hiding context trans-
formation overhead, leading to a more smooth TTFT profile.

In summary, this paper makes the following contributions:

• We identify and characterize the context transformation
overhead introduced by context engineering in LLM
agent workloads.

• We formalize the segment-decomposability property of
commonly used context transformations.

• We propose a lookahead programming model that gen-
eralizes across context engineering strategies and elimi-
nates transformation overhead, along with SLO-aware
scheduling techniques to mitigate request interference.

• We conduct comprehensive experiments across strate-
gies and agent frameworks, demonstrating up to 24.5×
improvement in transform-point TTFT.

2 Background and Motivation

LLM agents and context engineering. LLM-based agents [3,
17, 57, 60] have emerged as a dominant paradigm for solving
complex, multi-step tasks, and are widely adopted in both re-
search and production systems [4,6,13,21,45,53,59]. Instead
of a single forward pass, agents iteratively interact with the
environment through interleaved LLM calls, tool invocations,
and human feedback. Each step produces new observations
that are appended to the context, forming a growing execution
trace over time.
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As a result, agent workloads naturally consist of long, multi-
turn sessions with rapidly expanding context. This growth
introduces two key challenges. First, the context may exceed
the model’s context window, forcing the system to discard,
compress, or externalize information. Second, even within
the limit, models often suffer from context rot [20], where
performance degrades as the context becomes longer and
noisier, as illustrated in Figure 1(b).

These challenges make context management a first-class
concern in agent systems. Recent studies and production de-
ployments show that agent performance depends critically on
how the context is constructed, maintained, and transformed.
This has led to the emergence of context engineering [5,23,28]
as a fundamental component of modern agent frameworks.

To manage context growth, agent frameworks apply a range
of context engineering strategies [5, 9, 11, 17, 23, 28]. For ex-
ample, some systems offload past interactions or tool outputs
to external storage, others summarize long histories to re-
duce context length, and many isolate sub-tasks into separate
sub-agent contexts with dedicated prompts. These transfor-
mations help control context size and improve robustness, but
they also introduce execution overhead. Each transformation
modifies the input prefix and requires recomputing the KV
cache, which lies on the critical path of inference and can lead
to noticeable TTFT spikes, as shown in Figure 2.

Agent serving systems. The serving stack for LLM agents
typically consists of two loosely coupled layers. At the fron-
tend, agent frameworks [4, 29, 34, 38, 49] define the agent
harness, including control flow, tool usage, and context man-
agement policies. These frameworks focus on expressiveness
and task-solving capability, enabling developers to compose
complex agent behaviors.

At the backend, LLM serving systems such as vLLM [27]
and SGLang [64] optimize model execution efficiency. They
employ techniques such as batching and scheduling [2,43,62,
65, 66], kernel optimization [10, 12, 25, 40, 61], and KV cache
management [1, 27, 44, 58] to improve throughput and reduce
latency across concurrent requests.

In this work, we improve the execution efficiency of agent
systems under context engineering. At the agent framework
level, we provide a lookahead programming model that en-
ables context transformations to be expressed in a form that
can be executed asynchronously without changing their logic.
At the LLM serving system level, we optimize the scheduler
to support these lookahead requests, allowing them to run
alongside regular requests with controlled interference.

3 Lookahead Programming Model for Context
Transformation

3.1 Segment-Decomposable Transformation
In this section, we formalize a common structural property
that enables more efficient context engineering execution. In

particular, we view context engineering as a transformation
process over the accumulated context. Let C denote the cur-
rent context of the agent, and let T (·) denote a transformation
function that is triggered when certain conditions are met,
such as the context length exceeding a predefined threshold.
The transformed context T (C) is then used for subsequent
LLM invocations to maintain generation quality.

In existing systems, such transformations are typically exe-
cuted synchronously on the critical path of generation, intro-
ducing non-trivial overhead. First, applying T invalidates the
KV cache of the original context, requiring recomputation for
the transformed input. Second, the transformation itself in-
curs additional cost, which may involve file system operations,
external storage access, or auxiliary model calls such as sum-
marization. As a result, synchronous transformation increases
latency, particularly affecting TTFT in production systems.
This motivates the need to execute context transformations
ahead of time, without blocking ongoing generation.

To understand when such asynchronous execution is possi-
ble, consider the example of context offloading. As illustrated
in Figure 4, when the context exceeds a threshold, agent frame-
works may offload certain components, such as tool outputs,
to file systems, thereby reducing the working context length.
In this process, the transformation applied to each tool output
is independent of others. Once a tool output is produced, its
transformed representation is fully determined and does not
depend on future tokens or subsequent interactions. Therefore,
its transformation can be computed immediately, rather than
waiting for the global offloading trigger.

This observation motivates the notion of segment-
decomposability. Let the context C be partitioned into a se-
quence of segments {S1,S2, . . . ,Sn}. A transformation func-
tion T is segment-decomposable if there exists such a partition
where each segment can be transformed independently, and
the overall transformation can be expressed as

T (C) = T (S1) ∥ T (S2) ∥ · · · ∥ T (Sn),

where ∥ denotes concatenation. Under this property, each
segment can be transformed as soon as it becomes available,
enabling asynchronous execution in advance and avoiding
increases in TTFT.

In Sections 3.3-3.5, we show that widely used context engi-
neering strategies, including offloading, reduction, and isola-
tion, naturally exhibit this property, which enables their trans-
formation overhead to be hidden via lookahead execution.

3.2 Lookahead Programming Model
Building on segment-decomposability, we design a lookahead
programming model that expresses context engineering strate-
gies in a form that exposes transformation opportunities to
the runtime. The key idea is to maintain a lookahead context
alongside the main working context, as illustrated in Figure 3.
The model consists of a strategy interface together with a
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Figure 3: Execution timeline of the lookahead program-
ming model. The main stream proceeds normally while the
lookahead stream asynchronously computes the transformed
segments’ KV cache in advance. At commit time, the pre-
computed result is spliced.

runtime that asynchronously executes lookahead transforms
and finally commits their results into the main context. We
present their design in the rest of this section.

State abstractions. The model maintains two state ob-
jects corresponding to the working context and the looka-
head context, as shown in Listing 1. MainState captures
the current working context, including the full message list
and per-strategy metadata such as token counts and limits,
which are used to determine when to trigger different actions.
LookaheadState tracks the progress of lookahead execution.
It contains (1) transformed, the accumulated transformed
segments constructed incrementally across processed seg-
ments; (2) last_segment_end, which marks the end of the
prefix that has already been incorporated into the lookahead
state; and (3) strategy_data, a per-strategy mutable state
used to store auxiliary information such as file handles for
offloading or intermediate summaries.

Strategy interface. As shown in Listing 1, each context
engineering strategy implements the following methods:

• should_lookahead() → bool: invoked at segment
boundaries to determine whether the newly available
segment should be transformed asynchronously. Differ-
ent strategies instantiate this condition differently.

• transform(): incrementally updates the transformed
prefix using the current segment. The function mu-
tates la_state to reflect updated progress. By segment-
decomposability, the transformation depends only on the
current segment and the existing lookahead state, and is
independent of any future tokens.

• should_commit() → bool: determines whether the
precomputed transformed prefix should be committed

into the working context. This condition is typically
triggered when the context exceeds the token limit.

• should_promote() → bool: provides an early signal
to increase the scheduling priority of pending looka-
head requests. By default, this condition aligns with
should_commit, but strategies may override it to pro-
mote lookahead execution before the commit point, re-
ducing the likelihood of misses.

Listing 1: Strategy interface of the programming model
1 @dataclass
2 class MainState:
3 messages: list[Message]
4 strategy_data: Dict
5

6 @dataclass
7 class LookaheadState:
8 transformed: List[Message]
9 last_segment_end: int

10 strategy_data: Dict
11

12 class LookaheadStrategy(ABC):
13 def __init__(self):
14 self.main = MainState(...)
15 self.la = LookaheadState(...)
16

17 @abstractmethod
18 def should_lookahead(self) -> bool: ...
19

20 @abstractmethod
21 def transform(self): ...
22

23 @abstractmethod
24 def should_commit(self) -> bool: ...
25

26 def should_promote(self) -> bool:
27 return self.should_commit()

Execution runtime. The runtime maintains two concurrent
streams, as illustrated in Figure 3. The main stream executes
the agent loop as usual, while the lookahead stream processes
segments asynchronously.

At each segment boundary, the runtime invokes
should_lookahead. If triggered, it extracts the newly
available segment and submits a transform call as a
lookahead request. Although transform is defined over a
single segment, its execution introduces two challenges. First,
LLM calls within transform require KV cache construction
that depends on the previously transformed prefix. Second,
the lookahead state must be updated incrementally to reflect
the progressive construction of the transformed context.
To preserve this dependency and for simplicity, lookahead
requests are enqueued and executed in order, so that each
request observes the appropriate prefix state. All LLM
requests issued within the transform function are marked as
lookahead requests and scheduled outside the latency-critical
path. We discuss their scheduling in Section 4.

When should_commit fires, the runtime attempts to com-
mit the lookahead result by splicing the transformed prefix
into the working context. If the corresponding lookahead
computation has completed, the runtime directly replaces
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the prefix in the working context with the transformed re-
sult, thereby avoiding blocking transformation on the critical
path. Otherwise, the runtime promotes the priority of pending
lookahead requests so that the scheduler can expedite their ex-
ecution. Such promotion can also happen proactively before
the commit point if should_promote is satisfied.

Listing 2 shows how the programming model integrates
into a standard agent loop. The runtime encapsulates the
complexity of lookahead scheduling and result management,
while developers only need to implement the strategy interface
and insert lightweight hooks into the agent loop.

Listing 2: Agent loop with lookahead context engineering
1 strategy = MyLookaheadStrategy(...)
2 runtime = LookaheadRuntime(strategy)
3

4 messages = [system_prompt, user_query]
5 while not task_done:
6 # Commit hook: if context budget is exceeded, await
7 # lookahead transforms and promote if necessary.
8 # Then splice the transformed prefix:
9 # main.messages <= la.transformed

10 # ++ T(messages[la.last_segment_end:])
11 messages = runtime.on_commit(messages)
12

13 response = llm.generate(messages)
14 messages.append(response)
15 if response.has_tool_call:
16 obs = execute_tool(response.tool_call)
17 messages.append(obs)
18

19 # Segment hook: extract new segment since last
20 # trigger and enqueue a background transform.
21 # Completed result is appended to la.transformed.
22 runtime.on_segment_boundary(messages)

In the following sections, we instantiate this programming
model with commonly used context engineering strategies,
showing how each strategy satisfies segment-decomposability
and maps naturally onto the lookahead execution model.

3.3 Offloading
Context offloading [9, 23] rewrites the context by moving
observations (e.g., tool execution results, environment states)
to external storage and replacing them with lightweight ref-
erences. As illustrated in Figure 4(a), when the context ap-
proaches a predefined limit, earlier observations are written to
the file system. Their in-context representations are replaced
with pointers such as “Observation 1 written to /path/to/file1”,
which triggers a new blocking prefill request. This design
preserves the full information in a restorable form while re-
ducing the active context length. Unlike lossy techniques
such as summarization, offloading maintains exact fidelity
and allows the agent to read file contents when needed.

Offloading fits naturally into our segment-decomposable
abstraction. The decision to offload depends only on the cur-
rent context up to a segment boundary (e.g., after an obser-
vation), and each segment can be transformed independently
of future segments. This property enables the system to in-
crementally construct transformed prefixes ahead of time and
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Observation 1

Action 2

Observation 2

Action 3

Context

Instruction

Action 1
Observation 1

Action 2
Observation 2

Action 3
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File 2

File System
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Offload

Re-prefill 
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context: “Observation 1 
written to /path/to/file1”

(a) Illustrative example of context offloading

Lookahead Context T(S1) T(S2) T(S3)

transform

Instruction Action 1 Observation 1 Action 2 Observation 2 Action 3

S1 S2 S3

committimeline

(b) Lookahead-optimized context offloading

Figure 4: Offloading transforms bulky observations (e.g., tool
outputs) into compact references to external storage. Since
each completed observation can be rewritten independently,
the transformed KV cache can be prepared ahead of time.

overlap transformation with ongoing execution.
As shown in Figure 4(b), should_trigger is evaluated

after each segment is appended to determine whether the cur-
rent segment should be offloaded. Once triggered, transform
incrementally rewrites the prefix by offloading completed seg-
ments to external storage and replacing them with references
in the lookahead stream, while updating the lookahead state to
track the materialized outputs. In parallel, should_commit is
evaluated as the main execution progresses; when the context
reaches the offloading point, the system replaces the corre-
sponding prefix in the main context with the transformed
prefix produced by the lookahead execution.

By preparing the transformed prefix in advance, the sys-
tem avoids performing the transformation and re-prefill syn-
chronously on the critical path, effectively hiding the overhead
of context offloading.

3.4 Reduction

Context reduction [9, 28, 30] controls context growth by dis-
carding or compressing less relevant history while retaining
information that is most useful for future reasoning. Two
representative forms are truncation and summarization.

Truncation. Truncation strategies directly discard histor-
ical contents to control context growth. The most common
and simple strategy is keep-recent-K [11, 17], which retains
only the most recent K turns while discarding older ones. As
shown in Figure 5(a), when a new turn is appended and the
number of turns exceeds the limit, the oldest turns are re-
moved. Although the contents in Turns 3 and 4 do not change,
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(b) Lookahead-optimized keep-recent-𝐾

(a) Illustrative example of keep-recent-𝐾
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Figure 5: Keep-recent-K reduction keeps only the most recent
K context segments. The transform is local to the retention
boundary, which meets the segment-decomposable property.

a new prefill is still required to rebuild the KV cache for sub-
sequent generations. This approach is simple yet effective, as
recent interactions are typically the most relevant for next-step
reasoning in agent workloads [35].

The keep-recent-K example also fits into the segment-
decomposable abstraction. Each turn can be treated as a seg-
ment, and whether a segment is retained depends only on its
relative position within the window. Since removal decisions
do not depend on future segments, the transformed prefix can
be constructed incrementally.

As illustrated in Figure 5(b), should_trigger is evalu-
ated after each new turn to determine whether the window
size exceeds the limit. Once triggered, transform incremen-
tally drops outdated segments and constructs the truncated
prefix, computing the corresponding KV cache in advance.
When the window boundary shifts, the system detects the
commit signal and replaces the corresponding prefix with the
truncated version produced by lookahead execution.

Summarization. Another form of reduction replaces a
span of past context with a compact summary generated by
an LLM. As shown in Figure 6(a), when the context reaches
a predefined limit, a subset of earlier turns is summarized
into a shorter representation (e.g., key decisions or high-level
descriptions), which is then inserted back into the context.
This transformation reduces context length while preserving
approximate semantic information.

Summarization also exhibits segment-decomposability, but
with a coarser granularity. In practice, agents typically pre-
serve recent turns verbatim and only summarize earlier history
to maintain fidelity. As a result, summarization only applies to
the completed segments before the summarization boundary,
making it independent of future context.

(a) Illustrative example of context summarization

(b) Lookahead-optimized context summarization

Re-prefill 
required

System prompt

Context @ turn 3

Turn 1

Turn 2

Turn 3

System prompt

Context @ turn 4

Summarized

Turn 4

Summarization 
boundary

Reach 
limit

Summarize Turn 3
LLM

Overview, key 
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Overhead

Lookahead Context T(S1)
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System prompt Turn 1 Turn 2

S1 S2

committimeline

T(S2)

Turn 3 Turn 4

Local context in Turn 3 will not 
change so we can directly split it

Oracle trigger time

Figure 6: Summarization compresses the prefix into a com-
pact synopsis. The summary depends only on the completed
history, which makes it amenable to lookahead execution.

Determining the exact summarization boundary may re-
quire observing the full context (e.g., when summarizing all
but the most recent N turns). To enable lookahead execu-
tion, we use a soft trigger threshold that is slightly smaller
than the actual summarization limit. When this soft threshold
is reached, should_trigger initiates a lookahead summa-
rization request based on the current prefix. Although the
resulting boundary may not exactly match the final one, the
discrepancy is bounded by the gap between the soft and hard
thresholds. In practice, this introduces negligible impact when
the total context is long, and may even improve fidelity by
summarizing slightly less content.

3.5 Isolation
Context isolation [5,28] separates a task into a new execution
context, typically by launching a sub-agent with its own sys-
tem prompt and tool set. This design helps reduce interference
from irrelevant history, improves modularity, and allows the
sub-agent to operate with a specialized prompt and tool config-
uration tailored to the delegated task. As shown in Figure 7(a),
when the main agent delegates a task, it first generates an in-
struction describing the sub-task, and then switches to a clean
context for the sub-agent. This new context consists of the
sub-agent’s system prompt and the generated instruction, and
requires a fresh prefill before execution. This process can be
viewed as a context transformation that replaces the main-
agent prefix with a new sub-agent context.

Isolation can also be expressed within the segment-
decomposable abstraction. We treat the point where the main
agent decides to delegate a sub-agent as the first segment
boundary, and transform it into the sub-agent system prompt
in advance. After that, the main agent generates instructions
for the sub-agent. This instruction generation, however, is not
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(a) Illustrative example of context isolation with a sub-agent

(b) Lookahead-optimized context isolation
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Figure 7: Context isolation launches a sub-agent with a clean
context. By decomposing instruction generation into seg-
ments, the sub-agent context can be prepared ahead of time.

naturally decomposed for context transformation. Treating it
as a monolithic output delays sub-agent context construction
until decoding completes, leading to performance for long
instructions.

To address this issue, we reformulate instruction generation
as a streaming process and partition it into fine-grained seg-
ments. Each segment corresponds to a chunk of newly gener-
ated tokens and depends only on the previously generated pre-
fix, making it compatible with segment-decomposability. This
enables the system to incrementally construct the sub-agent
context alongside decoding, rather than waiting for the full
instruction. Since instruction generation is a relatively long-
running auto-regressive decoding process, it creates sufficient
opportunity to prepare the sub-agent KV cache incrementally.
As a result, most of the prefill cost can be amortized and hid-
den before the context switch occurs. FlashAgents [14] also
leverages similar streaming ideas to accelerate multi-agent
workflows.

As illustrated in Figure 7(b), should_trigger is activated
when the system decides to launch a sub-agent. During in-
struction generation, the decoding stream is partitioned into
segments (S2, S3), each corresponding to a chunk of the in-
struction. For each segment, transform incrementally con-
structs the target sub-agent context by appending the gener-
ated instruction chunk to the sub-agent system prompt and
preparing the corresponding KV cache. Since instruction
generation is typically slower than prefilling, most of the sub-
agent context can be prepared in advance and hidden from
the decoding process.

Finally, should_commit is evaluated when the instruction
generation completes. At this point, the system replaces the
main-agent context with the constructed sub-agent context
and performs a final short prefill to complete the transition.
By preparing the majority of the sub-agent context in advance,

the system significantly reduces the blocking prefill overhead
of context isolation.

4 Lookahead-Aware Request Scheduler

Co-serving lookahead requests with other requests introduces
interference that can degrade serving latency. On prefill-only
instances [43, 44, 66], lookahead requests consume service
time and increase the queuing delay of other requests. In
prefill-decoding (PD) co-located deployments [2, 19, 25], in-
cluding lookahead chunks in a batch increases its execution
time, delaying subsequent iterations. As a result, both time-
to-first-token (TTFT) and time-between-tokens (TBT) can be
negatively affected.

These effects are particularly problematic for requests on
the critical path of agent execution, including prefills and
decode iterations in the main context. Their latency directly
determines TTFT and TBT, and we refer to them as latency-
critical (LC) requests.

To mitigate such interference, SmoothAgent treats looka-
head requests as best-effort (BE) jobs. Lookahead requests
have inherently looser timing requirements: they only need to
complete before their corresponding commit point to fully re-
alize their benefit, and can otherwise fall back to synchronous
execution without incurring additional overhead compared
to the baseline. Therefore, BE jobs are executed only when
sufficient slack exists and must never degrade the latency
guarantees of LC requests. Concretely, LC requests always
take priority, and lookahead computation is admitted only if
it does not violate TTFT or TBT constraints.

Enforcing this policy requires accurately estimating the
latency impact of co-batching lookahead and LC requests. We
first present a performance model for batch execution latency,
and then describe SLO-aware co-batching strategies for both
PD disaggregated and co-located deployments.

Performance model. Some prior systems [2, 18] use to-
ken budgets based on SLO requirements to enable stall-free
piggyback execution, modeling batch latency solely as a func-
tion of the total number of tokens. However, this approxima-
tion is insufficient in agentic workloads, where requests often
carry long KV caches. In this regime, attention cost becomes
a dominant factor and depends not only on the number of
query tokens but also on the KV cache length. Therefore, the
scheduler must explicitly model both effects to make reliable
admission decisions.

We model the latency of a mixed batch B by decomposing
transformer execution into components with distinct scaling
behaviors. The key observation is that FFN layers scale with
the number of tokens, while attention layers scale with both
token count and KV-cache length.

GEMM. All tokens in the batch, including decode tokens
and prefill chunk tokens, are processed by the same dense
operators in each transformer layer, including the projection
matrices in attention (QKV and output projections) and the
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FFN layers. Let

M = |Bdecode|+ ∑
j∈Bprefill

q j,

denote the total number of forward tokens in the batch. The
GEMM cost TGEMM(M) is non-linear in M: for small M, exe-
cution is memory-bound and exhibits near-constant latency,
while for larger M, it becomes compute-bound and scales ap-
proximately linearly. We therefore model TGEMM using an
offline-profiled lookup table with interpolation.

Decode attention. Each decode request contributes a single
query token that attends to its full KV cache of length L j. This
operation is memory-bandwidth bound and its cost scales
linearly with the total KV tokens accessed:

αd ∑
j∈Bdecode

L j,

where αd is a profiled coefficient.
Prefill attention. Each prefill chunk j contains q j query

tokens attending to a KV cache with prefix length prefix j.
In contrast to decode attention, prefill attention is compute-
bound due to the larger number of query tokens per request,
and we model its cost based on total attention work. Due to
the causal mask, the i-th query token attends to prefix j + i+1
tokens, leading to

A j =
q j−1

∑
i=0

(prefix j +1+ i) = q j ·prefix j +
q j(q j +1)

2
.

The total prefill attention cost is therefore

αp ∑
j∈Bprefill

A j,

where αp is a profiled coefficient.
Combining the three components, the estimated batch la-

tency is

EstBatchLatency(B) =
TGEMM(M)
+ αd ∑ j∈Bdecode

L j
+ αp ∑ j∈Bprefill

A j.
(1)

This model enables accurate estimation of the latency im-
pact of co-batching decode and prefill requests, and is used to
guide SLO-aware scheduling decisions.

Slack-aware batching for PD disaggregation. In PD dis-
aggregated systems [43, 44, 66], prefill and decode are served
by separate instances. Lookahead requests correspond to pre-
fill operations and are handled by prefill instances.

Our goal is to piggyback lookahead requests on prefill
instances without violating the TTFT constraints of other
requests. To enable fine-grained scheduling, we divide prefill
requests into small chunks [2, 19, 44] and treat each chunk
as a schedulable unit. The key idea is to treat lookahead

Algorithm 1 Prefill Batch Scheduling (PD Disaggregated)
Input: LC queue QLC, BE queue QBE, LC schedule algo-

rithm ALC, current time tnow
Output: batch to be executed B = BLC∪BBE

1: // Schedule LC reqs based on the original algorithm
2: QLC← Schedule(QLC,ALC)

3: // Get minimum slack across LC queue
4: p← 0; smin←+∞

5: for each request r ∈ QLC do
6: p← p+EstPrefillLatency(r)
7: s j←

(
r.tarrival + r.SLOTTFT

)
− tnow− p

8: smin←min(smin, s j)
9: end for

10: tbudget←max(0, smin)

11: // Construct batch
12: BLC← NextChunks(QLC)
13: BBE← /0

14: for each candidate chunk c ∈ QBE do
15: if EstBatchLatency(BLC∪BBE∪{c})> tbudget then
16: break
17: insert c into BBE
18: end for
19: return BLC∪BBE

execution as slack-driven computation. Instead of explicitly
reserving resources for BE requests, we derive a time budget
from the TTFT constraints of LC requests and admit BE
chunks only within this budget. This reduces the scheduling
problem to a simple question: how much additional latency
can be introduced without violating any LC deadline.

As shown in Algorithm 1, the scheduler first applies the
original LC scheduling policy (line 2), such as first come first
serve (FCFS), and then computes the available slack from LC
requests. It iterates over the LC queue (line 5), accumulating
the expected prefill latency of preceding requests, and derives
a slack value for each request based on its TTFT deadline. The
minimum slack determines the time budget tbudget (line 10).

Using this budget, the scheduler constructs a batch by first
selecting LC chunks (line 12), and then greedily admitting
BE chunks (line 14). Each candidate chunk is included only
if the resulting batch latency does not exceed tbudget, ensuring
that BE execution does not delay any LC request.

TBT-constrained batching for PD co-location. In PD
co-located systems [2, 19, 25], prefill and decode share the
same instance and are executed within a hybrid batch. In this
setting, decode requests are subject to TBT SLOs, since each
iteration directly affects token generation latency.

Unlike the PD disaggregated setting, where slack is derived
from queued requests, TBT constraints in co-located systems
are enforced at the granularity of each iteration. Each batch is
constructed to satisfy the latency bound δ, and additional work
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Algorithm 2 Hybrid Batch Scheduling (PD Co-Located)
Input: decode queue Qdec, LC prefill queue QLC, BE prefill

queue QBE, TBT SLO δ

Output: batch to be executed B
1: B← /0

2: // Schedule decode requests
3: for each request r ∈ Qdec do
4: if EstBatchLatency(B∪{r})> δ then break
5: insert r into B
6: end for

7: // Schedule LC prefill requests
8: for each chunk candidate cLC ∈ QLC do
9: if EstBatchLatency(B∪{cLC})> δ then break

10: insert cLC into B
11: end for

12: // Schedule BE prefill requests
13: for each chunk candidate cBE ∈ QBE do
14: if EstBatchLatency(B∪{cBE})> δ then break
15: insert cBE into B
16: end for
17: return B

is admitted only if it preserves this constraint. This enables
lookahead execution to be interleaved with decode without
affecting token generation latency.

To preserve TBT guarantees, as shown in Algorithm 2,
the scheduler constructs the batch in a priority order. It first
admits decode requests (line 3), ensuring that the core token
generation loop is not delayed. It then schedules LC prefill
chunks (line 8), followed by BE lookahead chunks (line 13).
At each step, a candidate is admitted only if the resulting
batch latency remains within the TBT bound δ.

This ordering, combined with the latency constraint, en-
sures that decode and LC requests are never delayed by BE
execution, while allowing the scheduler to exploit slack within
each iteration.

Discussion on API-based serving. The best-effort abstrac-
tion for lookahead requests also enables flexible API design.
Service providers can expose lookahead requests as a lower-
priority class with discounted pricing, since they consume
only spare capacity and carry no latency guarantees. Further-
more, after a lookahead context commits, subsequent genera-
tion can directly reuse the cached prefix tokens prepared by
lookahead execution, which can be billed at a reduced rate.
This creates a natural incentive for users to adopt lookahead
context engineering strategies, aligning system efficiency im-
provements with reduced serving cost.

Lookahead 
Runtime§3.2

Agent Frameworks LangChainMiniAgent LlamaIndex AutoGen …

Offload Summarization

Sub-agent Sliding-window

More customized …

Context Engineering Strategies
§3.3-3.5

LLM Serving System 
(SGLang)

PD Disaggr
PD Co-Loc

Lookahead-Aware 
Scheduler §4

Main state 
Lookahead state 

Hook

Latency-critical & 
lookahead reqs

Figure 8: System overview of SmoothAgent.

5 Implementation

We implement SmoothAgent, a system that enables looka-
head execution for context transformation in LLM-based
agents. As illustrated in Figure 8, the SmoothAgent runtime
sits between agent frameworks (e.g., MiniAgent [38] and
LangChain [29]) and the underlying LLM serving system to
orchestrate lookahead execution.

SmoothAgent exposes a unified interface for supporting
various context engineering strategies, such as offloading,
summarization, and sub-agent isolation. Agent frameworks
interact with SmoothAgent through a simple hook mecha-
nism, allowing lookahead requests to be issued alongside
latency-critical requests without modifying application logic.
Internally, the runtime of SmoothAgent maintains both the
main execution state and a separate lookahead state, and man-
ages their interaction through the lookahead programming
model introduced in Section 3.2.

To support lookahead requests, SmoothAgent integrates
with the LLM serving system, SGLang [64] v0.5.9, and incor-
porates a lookahead-aware scheduler. The scheduler supports
both prefill-decode co-located and disaggregated deployment
settings, enabling best-effort execution of lookahead work-
loads while preserving latency SLO guarantees for foreground
requests. This design allows SmoothAgent to overlap con-
text transformation with normal inference, effectively hiding
transformation overhead from the critical path.

6 Evaluation

6.1 Experimental Setup
Hardware. We evaluate SmoothAgent on NVIDIA H100
GPUs with 80GB HBM, connected via NVLink within a
node. Host machines are equipped with AMD EPYC CPUs.

Models. We evaluate two representative open-source
LLMs: Qwen3-8B and Qwen3-32B [56]. Both models use
grouped-query attention (GQA) [52] and dense feed-forward
layers, with a maximum context length of 32K tokens.

Deployment configurations. We evaluate two deployment
settings. In the PD co-located setting, prefill and decode share
the same GPU instance. We run Qwen3-8B on a single H100
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Figure 10: Transform-point TTFT for each strategy on Qwen3-32B (PD co-located, TP=4 across four H100 GPUs).

GPU and Qwen3-32B on four H100 GPUs with tensor paral-
lelism (TP=4), varying the number of concurrent agents from
1 to 16. Rather than modeling request arrivals, we adopt a
fixed-concurrency configuration: each agent runs a long-lived
session with causally interleaved prefill and decode requests,
which the arrival-rate-based models for stateless workloads
do not capture. Agents are launched at staggered start times
to avoid burst arrivals, and each agent runs in an isolated pro-
cess to eliminate event-loop interference. Due to large KV
cache footprints at long contexts, we do not scale concurrency
further within a single instance.

In the PD disaggregated setting, prefill and decode run
on separate instances. Prefill instances serve prefill requests
and maintain an SGLang radix cache [64]; decode instances
perform token generation. KV caches are transferred between
instances via NIXL [39].

Workloads. Each agent executes a multi-step code analysis
task. At each step, the agent reads source code from the Mini-
Agent [38] codebase via shell commands (e.g., head, tail,
sed) and produces an analysis response, generating realistic
workloads with interleaved LLM calls and tool executions and
causing the context to grow monotonically. Each run consists
of 28 steps, with approximately 500–600 tokens added per
step. All agents receive unique prompts to prevent radix cache
sharing from suppressing context growth.

Baselines. We compare against synchronous context engi-

neering strategies, denoted as sync, which are widely adopted
in existing agent frameworks. In these systems, context trans-
formations are triggered reactively and executed on the crit-
ical path, blocking subsequent LLM generation. To ensure
fair comparison, the baselines implement the same context
engineering strategies as SmoothAgent, but without looka-
head execution. Both the baselines and SmoothAgent use
SGLang [64] as the LLM serving backend.

6.2 Lookahead Strategy Evaluation
We implement four context engineering strategies based on
MiniAgent [38], a lightweight agent framework that enables
controlled evaluation without framework-specific optimiza-
tions. The strategies are offloading, keep-recent-K, summa-
rization, and sub-agent isolation, following the strategy de-
scriptions in Section 3. Each strategy is evaluated indepen-
dently. We focus on tail TTFT, especially at transformation
points where synchronous execution introduces blocking over-
head. This allows us to directly evaluate whether lookahead
execution removes the latency spikes associated with context
transformation.

PD co-located. Figures 9 and 10 show results on Qwen3-
8B and Qwen3-32B in the PD co-located setting. SmoothA-
gent consistently reduces tail TTFT across all four strategies
and both model scales, with an average reduction of 62.1%
and 61.7% on Qwen3-8B and Qwen3-32B, respectively.
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Among these strategies, summarization yields the largest
gain, with up to 24.5× TTFT improvement. Unlike other
strategies, summarization incurs both an additional LLM
generation to produce the summary and a full re-prefill of
the resulting context, leading to substantially higher over-
head. SmoothAgent moves both operations into the lookahead
stream, effectively hiding this compound cost.

In contrast, offloading shows smaller improvements, espe-
cially under high concurrency. This is because once earlier
segments have been offloaded, subsequent transformations
operate on already compact representations and incur little
additional transformation cost. As a result, the overhead of
synchronous execution diminishes over time, reducing the
relative benefit of lookahead. In practice, offloading alone
does not effectively control context growth after repeated trig-
gers, and is often combined with reduction strategies such as
summarization [23].

To understand when transformations are triggered and their
impact on latency, we plot the context length and TTFT across
turns in Figure 11 for a single agent on Qwen3-8B. For of-
floading, the transformation is triggered when the context
exceeds 15K tokens. The first trigger reduces the context
size by approximately half, while subsequent triggers yield
diminishing reductions as earlier segments have already been
offloaded. For keep-recent-K, the transformation is triggered
at turn 22, retaining the most recent 10 turns along with the
system prompt. For summarization, the transformation is trig-
gered at 15K tokens, keeping recent turns whose total length
exceeds 4K tokens and summarizing the remaining context
into 128 tokens. A soft threshold at 11K tokens enables looka-
head execution to start summarization ahead of the hard trig-
ger. For sub-agent, the main agent generates approximately
800 tokens as delegation instructions. The sub-agent includes
an additional 800-token system prompt and reads around 7K

tokens from the codebase at startup.
As shown in the bottom of Figure 11, all strategies intro-

duce noticeable TTFT spikes at transformation points under
synchronous execution, despite reducing context growth. By
performing transformations ahead of time and amortizing
the cost across multiple turns, SmoothAgent eliminates these
spikes and produces a smooth TTFT profile.

PD disaggregated. Figure 12 shows results under PD dis-
aggregation with up to 64 concurrent agents. We use four
H100 GPUs as prefill instances and four H100 GPUs as de-
code instances to serve Qwen3-8B. SmoothAgent consistently
reduces TTFT at transformation points across all strategies,
achieving an average reduction of 56.9%. Compared to the
co-located setting, both the baseline and SmoothAgent exhibit
higher absolute TTFT due to additional KV cache transfer and
routing overhead. Despite this overhead, lookahead execution
remains effective and continues to eliminate transformation-
induced latency spikes.

Ablation on lookahead-aware scheduler. We compare the
lookahead-aware scheduler with SGLang’s default scheduler,
which does not distinguish lookahead requests from latency-
critical requests. At high concurrency, the lookahead-aware
scheduler reduces tail TBT by up to 59%. Without explicit
prioritization, lookahead requests compete with decode work-
loads for GPU resources, delaying ongoing decoding batches.
Our scheduler mitigates this interference by admitting looka-
head work only within available latency slack. We also evalu-
ate the accuracy of the context-aware performance model used
in scheduling decisions. Our model achieves 15.4% mean ab-
solute percentage error (MAPE) against measured latencies.
The token-budget-only model from prior work [2], which mod-
els batch latency solely as a function of token count, achieves
131.6% MAPE because it cannot account for the attention
cost growth driven by long context in agentic workloads.
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Figure 12: Transform-time TTFT on Qwen3-8B in a PD disaggregated deployment with four prefill and four decode instances.

Agent framework integration. We further integrate
SmoothAgent into representative agent frameworks, including
LangChain [29] (turn/token-based sliding window and sum-
marization), LlamaIndex [34] (sliding window and summa-
rization), AutoGen [37] (sliding window), and OpenClaw [49]
(summarization). These strategies correspond to the context
engineering mechanisms natively supported in each frame-
work. In particular, sliding window is another form of context
truncation. It maintains a fixed-size (turns or tokens) context
by continuously evicting old tokens at each turn, whereas
keep-recent-K performs truncation only when the context
exceeds a predefined limit, resulting in periodic rather than
continuous transformations.

We replace these built-in strategies with their lookahead-
optimized counterparts without changing the agent logic, and
evaluate them under the same workloads. Across these frame-
works, SmoothAgent consistently reduces transformation-
point TTFT by 27.5% to 91.5%.

7 Related Work

LLM serving systems. A large body of work has fo-
cused on optimizing general-purpose LLM serving systems.
vLLM [27] and SGLang [64] are among the most widely used
open-source serving engines, and they incorporate a range of
important optimizations, including continuous batching [62],
paged attention [27], and prefix sharing [64]. Chunked pre-
fill techniques [2, 19] split prefilling into smaller chunks
and mix them with decoding, preventing long prefills from
blocking decoding TBT while improving GPU utilization in
prefill-decode co-located settings. Prefill-decode disaggrega-
tion [43, 66] eliminates interference between prefill and de-
code requests by dispatching them to separate instances, and
has become the de facto design in large-scale datacenter LLM
serving. More recent work [50, 67] further proposes disaggre-
gating attention and FFN computation in MoE models due
to their mismatched computational characteristics, enabling
decoupled scaling and more effective use of heterogeneous
hardware. Our work optimizes the request scheduler in serv-
ing engines to support our lookahead programming model

under both PD co-located and disaggregated deployments.
Prefix caching [15, 16, 44, 63, 64] stores KV caches on

GPUs or external storage after requests complete, avoiding re-
computation when subsequent requests share the same prefix.
This capability is particularly important in workloads such as
multi-turn conversations. Our lookahead execution also relies
on prefix caching to preserve the KV cache of transformed
contexts. Another line of work [8, 10, 12, 25, 40, 47, 54, 61]
focuses on GPU kernel optimizations for LLM serving. A
representative example is FlashInfer [61], which provides ef-
ficient kernels for a variety of serving scenarios and has been
integrated into many serving frameworks. These kernel-level
optimizations are orthogonal to our work.

Agent serving optimization. As agentic workloads become
increasingly important, recent research has begun to explore
system-level optimizations for agent serving. Parrot [32] and
Ayo [51] model static agent workflows as directed acyclic
graphs (DAGs) and apply a range of optimizations over the
execution graph. In contrast, our work does not assume a
static workflow and instead targets more autonomous, multi-
turn agents. Other lines of work focus on retrieval-augmented
generation (RAG) [22, 24, 33, 58] and on multi-agent simu-
lation [42, 55], both of which differ from our target setting.
Autellix [36] mitigates head-of-line blocking by scheduling
at the granularity of agent programs rather than individual
requests. InferCept [1] and KVFlow [41] improve KV cache
management for agentic workloads by adopting application-
aware eviction and fetching policies instead of conventional
LRU. ThunderAgent [26] and CONCUR [7] identify memory
thrashing in multi-turn agents and propose admission control
mechanisms based on current system load. While these works
optimize agent workloads from different perspectives, they do
not address inefficiencies arising from context engineering,
which is the focus of our work.

8 Conclusion

In this paper, we identify context transformation overhead as a
key bottleneck in LLM-based agent systems, arising from KV
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cache invalidation and recomputation under common context
engineering strategies. By observing that these transforma-
tions are segment-decomposable, we enable their execution
ahead of time. We propose a lookahead programming model
that expresses transformations as asynchronous operations,
together with a runtime and scheduling support to execute
them proactively without impacting latency-critical requests.
Our results show that this approach effectively eliminates
transformation overhead and significantly improves latency.
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