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Abstract

Power has become a central bottleneck for Al inference. This
problem is becoming more urgent as agentic Al emerges as
a major workload class, yet prior power-management tech-
niques focus almost entirely on single-turn LLM serving.
Our analysis shows that agentic serving behaves fundamen-
tally differently: each request carries long-lived context that
evolves across tool-interleaved turns, and lowering GPU fre-
quency can push the system into a thrashing regime where
memory pressure sharply worsens both performance and
power efficiency. These observations show that power opti-
mization for agentic serving requires rethinking.

We present KAIROS, a context-aware power optimization
system for agentic Al serving. KAIROS uses agent context as
a first-class control signal to jointly manage GPU frequency,
per-instance concurrency, and multi-instance request place-
ment. This enables KAIROS to save power when memory
headroom exists while avoiding thrashing and preserving
performance targets. At a high level, KAIROS tracks requests
at agent granularity, adapts local control to context growth
and agent progress, and routes agents across instances to
jointly improve power efficiency and memory stability. Eval-
uated across diverse software and data engineering agentic
tasks, KAIROS achieves an average of 27% (up to 39.8%)
power reduction while meeting the performance targets.

1 Introduction

Power is a first-order constraint for Al systems because Al
data center demand has far outpaced the growth of avail-
able energy and grid capacity [19, 20, 39]. Reducing power
is therefore critical not only for sustainability, but also for
improving throughput within a fixed facility power enve-
lope by enabling more usable compute capacity [45, 54, 55].
This urgency is likely to grow because recent trends [4, 56]
show agentic Al as a major emerging inference workload
and argue that serving agentic Al requires orders of magni-
tude higher power than traditional LLM serving [25]. This
is because agentic Al replaces a single inference with many
tool-interleaved, stateful LLM invocations, often requiring
dozens of model calls per request and thereby driving much
higher computational cost. Therefore, improving the power
consumption of agentic Al serving is both urgent and critical.
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A large body of prior work has explored reducing power
and energy cost of single-turn LLM serving. One major class
of techniques uses dynamic frequency and power control.
For example, DVFS-based runtimes that tune GPU frequency
online using signals such as workload slack, phase behavior,
or workload state [5, 23, 32, 45, 52, 55, 57, 66]. A second class
improves efficiency through system-level scheduling and
resource management, such as hardware-aware placement,
heterogeneous scheduling, and power-aware cluster orches-
tration [30, 54, 59]. However, these techniques are designed
for stateless LLM serving, where requests are short-lived and
largely independent. This raises a fundamental question: can
power saving techniques designed for single-turn LLM serving
be applied directly to agentic Al serving?

To answer this question, we conduct a detailed charac-
terization of agentic AI workloads from the perspective of
an LLM serving system. Specifically, we focus on ReAct-
style agents [63] because prior work [25] shows that they lie
near/on the intelligence—cost Pareto frontier. We find that,
unlike single-turn serving, agentic workloads maintain long-
lived state for each request through a context cache [27] that
grows across tool-interleaved turns and varies widely across
agents. Our study further shows that this context growth is
highly dynamic: it varies substantially over time within and
across agents, and the distributions of agent lifetimes, turn
counts, and growth rates all exhibit long tails. This makes
memory pressure difficult to predict and control, and cre-
ates a fundamental tension for power management: lowering
GPU frequency saves power, but also slows execution, and in
agentic workloads that slowdown accumulates across turns
and can directly hurt per-agent progress.

Our analysis also uncovers a new power-management
phenomenon: lowering GPU frequency beyond a certain
value can drive the system into a thrashing regime, where
accumulated context exceeds GPU memory capacity. As a
result, the context needs to be recomputed [24, 29] or loaded
from slower memory tiers [8] that degrade throughput, la-
tency, and power efficiency. This strong coupling between
power and memory stability shows that agentic serving is
not merely a scaled-up version of single-turn LLM serving,
but a fundamentally different workload whose stateful and
dynamic behavior reshapes the power-performance trade-off.
As aresult, we must rethink the problem of power optimization
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for agentic AI around context growth, memory stability, and
thrashing-aware control.

In this paper, we present KAIROS, a context-aware power
management system for agentic Al serving that reduces
power consumption while maintaining a target performance
SLO. Our goal is to minimize system power without signif-
icantly sacrificing end-to-end agent progress, despite the
highly dynamic and stateful nature of agentic workloads.
To achieve this, KAIROS is designed around three key prin-
ciples: (1) dynamically adjusting GPU frequency based on
context pressure to safely trade performance for power sav-
ings, (2) regulating concurrency to prevent excessive context
growth that can destabilize the system, and (3) scaling and
routing requests across multiple serving instances in a power-
aware manner to consolidate load at low demand and spread
load under high context pressure.

To realize these goals, KAIROS introduces a unified run-
time that combines lightweight request tracking, per-instance
control, and global routing. First, it tracks requests at the
agent granularity, enabling the system to reason about long-
lived, multi-turn workflows rather than isolated LLM calls.
Each serving instance is then equipped with a context-aware
controller that monitors context growth and system load
to adapt GPU frequency and admission decisions. This al-
lows KAIROS to save power when capacity exists while
avoid thrashing and preserving performance. Finally, a global
router places agents across serving instances based on con-
text and load, consolidating under light demand and spread-
ing under high context pressure. Together, these components
use agent context as a first-class signal for power-efficient
and stable agentic Al serving.

We evaluate KAIROS on NVIDIA H100 GPUs that run
vLLM [27] across three datasets, including SWE-bench Ver-
ified [9], DABStep [14], and Terminal-Bench 2.0 [37], and
two agent types: mini-swe-agent [61] and Terminus-2 [37].
Unlike single-turn LLM serving that relies on TTFT/TBT,
we adopt a throughput-based SLO since agentic execution is
best measured by the rate of task progress (§B.2). KAIROS
reduces average GPU power by 27% (up to 39.8%) for a single
serving instance and 46.3% for multi-instance serving while
maintaining per-agent SLO of P5 throughput 20 tokens/s.
KAIROS show effectiveness in avoiding thrashing, demon-
strating stable operation under dynamic context growth.

KAIROS is the first work to optimize power for agen-
tic inference serving. Our key contributions are:

o A detailed characterization of agentic inference serving
that reveals why power optimization is fundamentally
different and harder compared to single-turn LLM serving.

e A context-aware control mechanism that jointly manages
GPU frequency and concurrency using context growth,
memory pressure, and agent progress to reduce power
while avoiding thrashing and preserving SLO attainment.
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Figure 1. Example of ReAct agent workflow: multiple con-
current agents perform multi-turn conversations between
execution environment and the LLM serving system.

o KAIROS: an end-to-end system for agentic Al serving that
reduces power by 27%, maintaining performance targets.

2 Background: Agentic Inference Serving
and Power/Energy Efficiency

This section provides brief background on the agentic infer-
ence serving workload, how is it different than single-turn
LLM inference, and the need for power efficiency.

2.1 Agentic Al Inference Serving

Agentic inference differs from single-turn LLM inference in
that the model is invoked repeatedly in a closed-loop process
that alternates between reasoning, acting, and observing
feedback, rather than a single prompt-response exchange. A
few examples of existing agent designs include ReAct [63],
Reflexion [49], and LATS [69], which differ mainly in how
they organize control flow around the model. A recent char-
acterization study [25] found that ReAct often lies on or near
the accuracy—cost Pareto frontier. Therefore, we focus on
ReAct-style agents in this paper because they are simple,
widely adopted, and effective across diverse tasks including
multi-hop question answering [50], web shopping [62], data
engineering [14], and software engineering [22].

As shown in Figure 1, a ReAct agent repeatedly sends
prompts and tool outputs to an LLM server, such as vLLM [27],
executes the returned action in an execution environment,
and feeds the resulting observation into the next turn. When
many agents run in parallel, the serving system must handle
many interleaved prefill and decode phases whose per-agent
contexts persist and grows across turns rather than disappear-
ing after one response. In systems such as vLLM, previously
processed tokens are retained in the prefix/context cache [27]
so later turns can resume from accumulated history instead
of recomputing the entire conversation from scratch. Once
the agent completes a task, the entire context becomes use-
less, freeing up a large GPU memory capacity. This makes
agentic inference serving fundamentally stateful, because
each new turn depends on prior context.

A concrete example of a ReAct agent is SWE-Bench [22]
that resolves GitHub issues, where an agent iteratively in-
spects code, runs commands and tests, revises its hypothesis,
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edits files, and re-queries the model until it produces a valid
patch. Tokens from each turn are retained in a context cache,
making serving inherently stateful, while actions in the en-
vironment are guided by the language model.

2.2 An Urgent Need for Power/Energy Efficiency

Al data centers face severe energy and power pressure, with
inference as a major contributor and modern deployments
operating at hundreds of megawatts to gigawatts [25, 34, 55].
This paper focuses on power because data centers are increas-
ingly constrained by available watts; reducing per-server
power can increase deployable compute capacity within a
fixed facility power envelope [6]. This issue is becoming
more urgent as recent work [4, 56] points to agentic Al as
an emerging workload class, and prior characterization [25]
shows that agentic inference consumes two to three orders
of magnitude higher power than single-turn LLM. This gap
arises because agentic serving repeatedly alternates prefill,
decode, and tool phases over many turns while the serving
system retain prior tokens in the context cache, causing GPU
memory usage to grow unevenly and intensify both capacity
and bandwidth pressure. Although agentic execution uses
CPUs for orchestration and tool interaction, the GPU-side
LLM serving path remains the dominant power-hungry com-
ponent, which is the focus of our work (Figure 1).

GPU power can be reduced through static power caps, dy-
namic frequency scaling, or broader thermal/power-aware
scheduling [23, 45, 52, 54]. In our workload setting, agent con-
text evolves dynamically across turns, making static policies
suboptimal fit, motivating DVFS as an online control mecha-
nism. Because lowering frequency also slows inference down,
any such approach must balance power savings against a
performance target SLOs. SLOs in LLM serving are defined
using latency metrics: TTFT and TBT, which are designed
to capture user-perceived responsiveness in interactive ap-
plications [1]. In contrast, we argue for a throughput-based
SLO for agentic serving with more details in §4 and §B.2.

3 Characterization of Agentic Inference
Serving
3.1 Experimental setup

While §7 presents a detailed methodology used through-
out the paper, this subsection briefly discusses the experi-
mental setup used for our characterization study. We run
agentic Al inference using the Harbor [16] framework on a
single NVIDIA H100 GPU with context caching enabled [27].
Unless otherwise specified, the GPU runs a vLLM server
that with a Qwen3-Coder-30B model with SWE-bench Ver-
ified [9] dataset and mini-swe-agent [61]. We use a fixed
input request rate of 0.08 agent jobs per second using a Pois-
son distribution to represent real-world traffic patterns [38].
Therefore, in the steady state, vLLM serves requests from
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Figure 2. Agent context growth over time for concurrent
workloads served by a single vLLM instance; the eight
longest contexts are highlighted in distinct colors, with oth-
ers in gray.
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Figure 3. Conversation turn count (left) and agent duration
(right) log distribution across two agent types and three
datasets, showing a high degree of variation.

multiple agents concurrently. Each agent job will perform
multiple conversation turns, resulting in a large batch size.

3.2 Dynamic Context Growth

Figure 2 illustrates how the context cache capacity of serv-
ing concurrent agents evolves over time. The eight longest
contexts are distinguished using different colors, while all
remaining contexts are shown in gray to improve the read-
ability of the figure. Unlike single-turn LLM serving, where
workload variability arises mainly from input/output se-
quence lengths [1, 27, 65], agentic serving introduces an
additional source of variation: long-lived context capacity
evolves dynamically in three unique ways.

First, the capacity and longevity of each context depends
on the number of conversation turns. For example, our setup
serves an average of 17 agents in parallel. The number of
conversation turns vary from 1 to 2518, with an average of
37 turns, that depends on the complexity of agent task. This
makes the length of each agent context and its longevity
in the serving system a function of the input task, which
cannot be determined statically.

To understand this behavior further, Figure 3 shows the
distribution of number of conversation turns and total time
spent by each agent in the LLM serving system. Due to space
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Figure 4. Effect of reducing GPU frequency on energy and
power consumption (top), throughput, and average time per
LLM request (bottom) for agentic serving system.

limitation, the distribution of maximum context length per
agent is shown in Figure 13 (§A.3). Results reveal significant
variability in turn counts and agent duration. Specifically,
the heavy-tailed distribution highlights that while many jobs
conclude quickly, a non-trivial portion of long-running tasks
requires thousands of turns.

Because agents have different lifetimes, second, context
accumulation across all agents running concurrently is highly
uneven over time. When an agent completes, its entire con-
text cache is released at once, causing an abrupt drop in the
total accumulated context footprint. Third, the rate of con-
text growth varies largely across multiple agents. This rate is
a function of runtime properties including input and output
sequence lengths for each conversation, and the amounts
of time spent on LLM and tool calls. This analysis clearly
shows that agentic serving creating highly dynamic and
unpredictable memory demands for the serving system.

3.3 Effect of GPU Frequency Scaling

Reducing GPU core frequency is a common way to lower
power, but it also creates a trade-off with inference perfor-
mance. Prior work has only studied this trade-off in single-
turn LLM serving [11, 23, 32, 36, 54, 55, 66]. Figure 4 shows
how GPU frequency affects agentic serving efficiency. Two
observations stand out: (1) reducing frequency from 1680
MHz to 900 MHz lowers energy and power by about 30%
with little impact on throughput or latency, but (2) below 900
MHz this trend reverses, with sharply higher energy, lower
throughput, and longer time for each LLM request.

This reversal occurs because lowering frequency slows
execution while the request arrival rate remains fixed at 0.08
agents/s (§3.1). As service slows, pending work accumulates
and the total context footprint of concurrent agents grows
until it exceeds GPU memory capacity, pushing the system
into a thrashing regime where cached context is evicted
and previously processed tokens must be recomputed. This
extra work raises energy consumption, reduces throughput,
and increases latency. Although memory pressure can also
appear in single-shot LLM serving, agentic workloads am-
plify this effect over multi-turn serving,.
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Figure 5. Aggregate context cache growth over time for
concurrent agents running at three maximum GPU core
frequencies: 1680 MHz, 1185 MHz, and 660 MHz.

3.4 Deep Dive Into Context Thrashing

Based on these observations, we classify the serving sys-
tem into two regimes: non-thrashing, where the aggregate
context of concurrent agents fits within available GPU mem-
ory, and thrashing, where it exceeds that capacity. Figure 5
shows the transition by plotting aggregate context growth
at 1680, 1185, and 660 MHz under a fixed request rate of
0.08 agents/s. At 1185 MHz, execution slows only slightly
relative to 1680 MHz, so tasks still complete fast enough to
keep memory pressure stable. At 660 MHz, however, com-
pute throughput drops enough that accumulated context
grows faster than it can be drained, exceeds available mem-
ory, pushing the system into a thrashing regime. This result
shows that frequency-induced compute bottlenecks are a root
cause of both energy and performance instability in agentic
serving. Appendix §A.4 further examines thrashing perfor-
mance under two common fallbacks: recomputation [24, 29]
and LMCache-based offloading [8].

3.5 Summary of Unique Challenges

Based on our characterization, we identify three unique
Challenges for power saving in agentic inference serving.

e C1: Tension between power saving and performance.
Lowering GPU frequency reduces power, but also slows
agent execution, creating a fundamental trade-off. The
unique challenge is that the slowdown is context-dependent
and accumulates across turns, making it difficult to reduce
power without violating a performance target.

e C2: Highly dynamic context demand. In agentic serv-
ing, both the size and the lifetime of each agent’s context
evolve online as a function of task complexity and tool in-
teraction, making memory demand challenging to predict
or provision statically.

e C3: Strong coupling between power and memory
stability. Reducing GPU frequency can save power, but
slower execution prolongs agent lifetime and increases
resident context, which can push the system into a thrash-
ing regime that sharply degrades throughput, latency, and
power efficiency.
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These challenges differ fundamentally from single-turn LLM
serving, motivating a rethinking of power optimization.

4 Problem Formulation

We model an agentic serving system S in Figure 1 as a collec-
tion of underlying serving instances M. A serving instance
m € M is defined as a single unit of an LLM server that ei-
ther a single or multiple GPUs, depending on the size of the
model. The system processes an incoming stream of agents
using a collection of instances. Let A denote the set of agents,
where each agent a € A generates a sequence of requests:

a= (rl, ro,... ), ri = (Api, Adi), ri € 'R, (1)

arriving at a target rate (e.g., agent requests per second),
where Ap; is the number of newly appended prefill tokens
(e.g., initial prompt or environment observation) and Ad; is
the number of generated decode tokens.

The context (history) after step i is the concatenation of
all prior tokens:

Hi = (Apl, Adl, Apg, Adz, ey Api), C,' = |H,| (2)

Each request r; is processed with end-to-end latency t;,
which depends on system conditions and the current context
size C;. We define the per-agent throughput as:

i Ad;

Yiti
and say that an agent a satisfies a throughput-based SLO
with target 7 (tokens/s) if Throughput(a) > 7.

While prior work uses latency-based SLOs such as TTFT,
TBT, or TTLT [67] (time to last token), we argue that per-
agent throughput is a more user-centric metric that better
captures end-to-end agent progress over its full lifecycle.
TTFT and TBT are designed for fine-grained, human-facing
generation, whereas agentic serving operates at the task
level with multi-turn, autonomous execution. TTLT is less
actionable for online control because it depends on an iso-
lated request-specific latency that is not available in online
serving at runtime. In contrast, throughput directly reflects
runtime agent progress under shared execution, making it a
more actionable SLO for agentic serving. Please refer to §B.2
for a more detailed discussion on the choice of this metric.

Let A(T) denote the set of agents that complete within
a time interval [0, T], and let | A(T)| be its cardinality. We
define the SLO attainment rate over [0, T] as:

Z 1[Throughput(a) > 7|.
ac A(T)
©

We define the total instantaneous system power and the
average system power over [0, T] as:

Throughput(a) = (3)

1
SLO-Attainment(T) = m

_ 1 [T
P(t) = Z Pp(t), P(T)=T/O P()ydt, (5

meM

where Py, (t) denotes the instantaneous power of instance m
at time ¢. Given these definitions, we define an optimization
objective as follows.

Optimization  objective: = Minimize  the
power consumption P(T) while maintaining
SLO-Attainment(T) comparable to a non power-
optimized baseline.

5 Design Goals and Overview

Motivated by the unique challenges of agentic inference
serving (§3.5), this section presents the key design goals
and a high-level overview of KAIROS toward achieving the

optimization objective above.

5.1 KAIROS Design Goals
KAIROS defines three Design Goals.

o DG1: Context-aware frequency control. Control GPU
frequency using context as a first-class signal so the sys-
tem can trade speed for power savings when memory
headroom exists. The key goal is to reduce frequency only
up to the point that the system remains in the non-thrashing
regime while maintaining SLO attainment.

¢ DG2: Context-aware concurrency control. Regulate
how many agents are admitted to each serving instance
so that aggregate context demand remains within a safe
memory envelope. The goal is to avoid overloading any in-
stance with excessive long-lived context that would trigger
thrashing and hurt both performance and power.

o DG3: Power-aware multi-instance scaling and rout-
ing. For multiple serving instances, scale resources and
route requests across them to jointly minimize system
power and maintain SLO attainment. The goal is to con-
solidate load onto fewer instances under light demand to
exploit low idle-power states, while spreading load under
higher context pressure to avoid local memory instability.

5.2 KAIROS Design Overview

The design goals motivate a unified context-aware runtime
that jointly controls frequency, concurrency, and multi-GPU
scaling to reduce power while preserving SLO attainment.
Figure 6 shows the high-level design of KAIROS. KAIROS
is designed around the three goals in §5.1 to address the
challenges (§3.5), and has the following components.

o Agent ID Tracker. KAIROS first annotates incoming
LLM requests with an agent identifier so that requests
belonging to the same multi turn workflow can be tracked
across turns. Unlike a semantic variable [31], which en-
code application-level data dependencies and request se-
mantics across LLM calls, our tracking is purely identifier-
based and carries no information about request content
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or relationships. This is necessary because, from the view-
point of the LLM serving system, requests from different
agents otherwise appear as ordinary LLM requests with-
out explicit agent-level structure.

o Context-Aware Per-Instance Controller. Each serving
instance is paired with a local controller that monitors
context growth, memory pressure, and agent progress, and
then manages the instance accordingly. At a high level,
this controller adjusts GPU frequency and regulates per-
instance concurrency to save power, avoid thrashing, and
preserve SLO attainment, directly supporting DG1 and
DG2 while addressing C1-C3. There is a single controller
per serving instance that spans either a single or multiple
GPUs, depending on the model size.

¢ Context-Aware Multi-instance Router. Across multi-
ple serving instances, KAIROS employs a global, context-
aware router that dynamically adapts instance utilization
to workload intensity. Under low load, the router consoli-
dates agents onto a subset of instances to keep other GPUs
in low-power idle states, while under high load it spreads
agents to balance context pressure and avoid thrashing.
By jointly optimizing placement for both memory stability
and power efficiency, the router improves system-wide
SLO attainment while reducing unnecessary power over-
head, supporting DG3 to address C2 and C3.

Together, these components form a unified runtime that
uses context as the central control signal across both local
instance management and global request routing.

6 KAIROS Design Details
In this section, we present the detailed design of KAIROS.

6.1 Agent ID Tracker

A key challenge in agentic LLM inference is that serving
backends are not agent-aware: requests are issued indepen-
dently without agent identifiers, obscuring provenance and
preventing agent-level scheduling and control. Modifying
agent programs to add such annotations is impractical due
to their complexity, heterogeneity, and rapid evolution.
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To address this, KAIROS introduces a non-intrusive Agent
ID Generator that enables agent-level tracking without mod-
ifying user programs. A lightweight wrapper launches each
agent as a child process, assigns a unique ID, emits lifecy-
cle signals (agent_start/agent_end), and transparently en-
codes the ID into each request (via the API key), ensuring
end-to-end propagation. An example interface is shown in
Appendix A.6.

At the backend, the router extracts agent IDs from re-
quests to enable agent-level scheduling, context tracking,
and control. This design is fully compatible with existing
interfaces, incurs minimal overhead by reusing metadata
channels, and provides the abstraction needed for KAIROS
’s context-aware optimizations.

6.2 Context-Aware Per-Instance Controller

The goal of the KAIROS per-instance context controller is
to manage each serving instance so that it reduces power
while preserving SLO attainment and avoiding the non-ideal
thrashing regime. Its key insight is that, in agentic serving,
control decisions such as GPU frequency scaling and concur-
rency regulation must be driven by context dynamics, since
each agent’s state persists across turns and directly shapes
future memory pressure and performance. This makes per-
instance control fundamentally different from conventional
stateless inference, where policies can focus primarily on
the latency of the current request.

Accordingly, this subsection presents the controller through
five components. Control Policy Formulation defines the lo-
cal optimization objective. Context-Aware Frequency Control
addresses DG1 and tackles C1/C3 by trading power for per-
formance based on context pressure. SLO-based Frequency
Boosting preserves throughput targets under slowdown, di-
rectly addressing C1. Thrashing Avoidance provides the safety
mechanism that keeps the instance within a stable non-
thrashing region and performs context-aware concurrency
control (DG2). Together, these components realize the local
control plane of KAIROS, while DG3 is handled globally by

the multi-instance router (§6.3).

6.2.1 Control Policy Formulation. We model the con-
troller as a discrete-time policy that operates at control
epochs k = 0,1,2,.... At each epoch, agents are divided
into two sets: the set of ongoing agents A" that are cur-

rently executing, and the set of pending agents ﬂzend that
have arrived but have not yet been admitted.

We define the system context usage at epoch k as the
aggregate context footprint of all ongoing agents:

Ue= D, Chuo: (6)
ueﬂi"

At each control epoch, the controller selects a GPU fre-
quency setting fi and updates the set of ongoing agents

by admitting a subset of ﬂzend into execution. The control
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policy is therefore defined as
7 Ug = (fio A, 7)

Here, fi governs the power-performance trade-off, while the
evolution of A" regulates concurrency to keep the system
within a stable non-thrashing regime.

6.2.2 Context-Aware Frequency Control. We first de-
scribe the frequency control, which addresses DG1 and di-
rectly targets CI and C3 by adapting GPU frequency to the
current context pressure of each serving instance.

At instance startup, KAIROS obtains two pieces of static
information: (i) the set of available GPU frequency levels

F = {f(l),f(z), B .,f(L) %,

sorted in ascending order, and (ii) the token capacity of the
instance, denoted by Upax.-

At control epoch k, the controller observes the aggregate
context usage Uy and selects the frequency level as

f f(L)> Uk = aUmax, (8)
k =
fl&), otherwise,

where a € (0, 1] is the context-pressure threshold for enter-
ing the protective high-frequency regime, and

Uk
0 =
k{U

QAUmax

(L-1)|+1. )

This policy linearly partitions the safe region [0, aUpax)
into L — 1 intervals and increases the frequency level mono-
tonically with context usage. In practice, we set a = 0.75.

The design choice is guided by three principles. First,
when context usage is low, the instance has substantial un-
used memory capacity. In this regime, reducing frequency
slows individual requests but can safely trade excess capacity
for lower power, since the additional context residency still
fits within the safe region. In other words, the controller
exploits available context headroom to reduce power.

Second, as context usage rises, the same slowdown be-
comes increasingly risky. Lower frequency prolongs agent
lifetime, increases resident context, and can accelerate con-
text accumulation, eventually pushing the instance into the
thrashing regime. To address this risk, the controller progres-
sively reduces the aggressiveness of frequency downscaling
as Uy grows, using discrete levels to provide a smooth tran-
sition from low-pressure to high-pressure operation.

Third, low context usage often coincides with low mem-
ory pressure and short per-iteration execution time, which
means the instance may be operating well above the perfor-
mance required to meet the SLO. In this region, the controller
can safely exploit available SLO slack for more aggressive
power savings. Taken together, this policy uses aggregate
context as the key runtime signal for balancing power reduc-
tion against performance and memory stability.

6.2.3 SLO-Aware Frequency Boosting. While the context-
aware frequency policy improves power efficiency by ex-
ploiting available context headroom, it does not by itself
guarantee per-agent performance. To address C1 and further
support DG1, KAIROS adds a lightweight runtime safeguard
that boosts frequency when observed agent progress falls
below the target SLO.

Specifically, for each agent a, we track its achieved through-
put up to epoch k:

2i<j, (k) Adi

Throughput, (a) = S b
i<jal) ti

, (10)
where j, (k) denotes the latest completed step of agent a at
epoch k.
At each control epoch, the controller checks the minimum
throughput across all in-process agents:
Throughput}™ = min N
ac AFPUAY

; Throughput, (a). (11)

If Throughput}z1in falls below the SLO target 7, the con-
troller overrides the context-aware policy and sets the fre-
quency to the maximum level:

fe e f12. (12)
This mechanism serves as a corrective boost when the system
begins to under-perform. It temporarily increases serving
capacity to recover throughput. Under normal conditions,
the controller continues to benefit from context-aware power
savings. Under stress, however, it prioritizes performance
targets and reduces the likelihood of SLO violations.

6.2.4 Thrashing Avoidance via Concurrency Control.
While frequency control helps manage the power—performance
trade-off under changing context pressure, it is not sufficient
to keep the system out of the context-thrashing regime. This
is challenging because thrashing creates a negative feedback
loop: once throughput drops, requests accumulate, resident
context grows further, and the resulting memory pressure
drives the system even deeper into instability. Consequently,
even a short overload can push the instance into a persis-
tently inefficient operating region. To address DG2, C2 and
(3, KAIROS employs a concurrency control mechanism that
bounds the aggregate context footprint of ongoing agents.

Specifically, at each control epoch k, the controller en-
forces an upper bound on total context usage:

Uk S ﬁUmax, (13)

where f§ € (0,1) is a safety margin (e.g., § = 0.95 in practice)
that reserves headroom for transient decode growth, which
is not directly observable before execution.

If admitting a new agent would violate this constraint,
the agent remains in the pending set. If the constraint is
already violated (e.g., due to bursty arrivals), newly arrived
agents are deferred to avoid further escalation. To improve
utilization without inducing oscillation, the controller uses



a second threshold y < f (e.g., y = 0.9) for admission. When
pending agents exist and Uy < yUpay, the controller incre-
mentally admits agents from ﬂiend in arrival order into A"
until the threshold is approached. This two-threshold de-
sign keeps concurrency near the safe capacity boundary,
preserves headroom for short-term growth, and maintains
operation in the non-thrashing regime while still utilizing
available memory efficiently.

6.2.5 Putting It Altogether. Algorithm 1 in §A.1 sum-
marizes the per-instance control loop in KAIROS. At each
control epoch, the controller first updates the current context
usage, per-agent throughput, and average power, and then
selects a baseline frequency using the context-aware policy.
It next applies two corrective mechanisms: SLO-based boost-
ing to recover performance when throughput falls below
target, and thrashing avoidance to regulate admissions and
keep context usage within a safe memory region. Together,
these steps provide a unified control loop that balances power
saving, SLO attainment, and memory stability.

6.3 KAIROS Context-Aware Multi-Instance Router

Modern GPUs exhibit a significant difference in power con-
sumption between idle and active states, rather than a smooth
scaling with workload intensity. In particular, an idle GPU
can operate at a very low power state (e.g., 50W on NVIDIA
H100), while even a small amount of incoming work can trig-
ger a substantial increase in power (e.g., an additional 100W),
even under light load and at the lowest frequency setting.
This creates a significant gap between idle and lightly-loaded
operating regimes, making naive policies like round robin
less efficient due to activates all instances.

To this end, KAIROS introduces a context-aware router
that adapts instance utilization to the input load; its pseudo-
code is shown in Algorithm 2 and 3 in §A.2. Under peak
demand, the router tends to utilize all available instances,
while under lighter load it consolidates agents onto a smaller
subset of GPUs and leaves the remaining instances idle to
avoid unnecessary power overhead!. The router achieves
this through two components: an assignment policy for ini-
tial placement and a reassignment policy for dynamic load
balancing.

Assignment policy. The router uses a threshold-based as-
signment policy based on per-instance ongoing agent context
usage. When there exist instances whose ongoing context
usage remains below a threshold (set to 50% of the maxi-
mum context capacity), KAIROS prioritizes consolidation
by assigning new agents in increasing instance ID order,
effectively filling lower-index instances first. Once all ac-
tive instances exceed this threshold, the router switches to

IEven when an instance is idle, it continues running the vLLM server and
consumes power close to the GPU’s idle level, which allows it to be brought
back into service quickly without incurring a long restart delay [55].
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a load-spreading mode and assigns each incoming agent to
the instance with the lowest current context usage.

Reassignment policy. KAIROS maintains, for each agent,
a step counter since its last (re)assignment and allows reas-
signment only after the counter reaches a fixed threshold
(8 conversation turns in our implementation). At that point,
the router compares the context usage of the agent’s current
instance with that of the active instance having the lowest
context usage. If the current instance’s context usage is at
least 2x higher, the agent is reassigned to that lower-usage
instance, and its counter is reset.

7 Evaluation Methodology

We evaluate KAIROS on an NVIDIA H100 NVL server, where
each GPU has a 400 W TDP, paired with an Intel Xeon Plat-
inum 8592+ CPU and 2 TB of DRAM. We use vLLM [27]
v0.14.0 to host the LLM serving instance. Our primary model
is Qwen3-Coder-30B?, quantized to FP8, with each vLLM in-
stance using a single H100 GPU with 80 GB of memory. We
evaluate KAIROS under varying input request arrival rates
and SLO targets; Appendices §B.2 and §B.2 provide the ratio-
nale behind these choices. We do not use prefill-decode (PD)
disaggregated inference, since context pressure and context-
driven serving behavior remain fundamental regardless of
disaggregation; §B.1 provides a detailed justification.

Our evaluation uses three widely used datasets spanning
diverse domains. (1) SWE-Bench Verified [22], a human val-
idated benchmark for whether agents can generate test-
passing fixes for real GitHub issues; (2) DABStep [14], a
benchmark of real-world data analysis tasks for evaluating
multi-step reasoning over structured and unstructured data;
and (3) Terminal-Bench 2.0 [37], a benchmark of realistic,
human-verified command-line tasks for evaluating aegnt’s
ability to autonomously complete complex, long-horizon
tasks. We use Zeus [10, 64] for all the frequency and power
related control and measurement.

We use the two different agents scaffolding, whose im-
plementation in Harbor [16], for the evaluation: (1) mini-
swe-agent [61]: a lightweight open-source LLM agent that
achieves strong performance despite its minimal design. (2)
terimus-2 [37]: Harbor’s autonomous reference agent for
evaluating LLM capabilities.

For a fair evaluation, we first record the requests and tim-
ing from a real agent execution, then replay those requests
with exactly the same token distribution, relative timing,
and agent issuing order. As a result, our evaluation guar-
antees identical workload across different runs, eliminating
any runtime variations. The evaluation runs over a 3-hour
window to capture context dynamics and reflect real-world
long-running workloads.
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Figure 7. Comparison of throughput, SLO attainment (20 tokens/s per-agent target), energy, and power across request rates
for no frequency control, fixed 810 MHz, and KAIROS. KAIROS reduces power by 27% on average without sacrificing SLO.
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We present additional results under varying SLO targets in and average power of KAIROS with different SLO targets of
the following discussion. In this section, we use P5 through- 20, 35, and 45 tokens/s. This experiment runs mini-swe-agent
put as the performance metric, defined as the throughput on DABStep with an arrival rate of 0.03 jobs/s.

of the slowest 5% of agents; analogous to P95 latency. The
study evaluates three baselines: no frequency control, a fixed
GPU frequency of 810 MHz, and KAIROS. While both fixed
frequency baseline and KAIROS reduce power relative to
no control, the fixed-frequency baseline achieves slightly
larger power savings at the cost of significantly degraded
SLO attainment. In contrast, KAIROS strikes a balance by
achieving an average power saving of 27% (up to 39.8%) while
meeting the per-agent SLO target of 20 tokens/second.
This result underscores the effectiveness of a dynamic solu-
tion over a static approach. While statically reducing GPU
frequency can lower power, it is insufficient on its own be-
cause it often causes significant SLO violations. Even from
a power-only standpoint, it is impractical for deployment
since it requires expensive per-workload grid search and
frequency tuning for finding an optimal operating condi-
tions, which keeps changing rapidly under a highly dy-
namic workload (§3). Instead, KAIROS achieves a careful
balance between power reduction and performance, main-
taining SLO attainment while reducing power. This bal-
ance comes from dynamically adapting GPU frequency and
concurrency based on context pressure and agent progress
through context-aware frequency control, SLO-driven boost-
ing, and thrashing-aware concurrency control.
Effectiveness of SLO boosting with different targets.
Figure 8 shows per-agent P5 throughput (left) and average
power (right) under different SLO targets: 20, 35, and 45 to-
kens/s at a fixed request arrival rate of 0.03 agent jobs/s. This

data is collected by running mini-swe-bench with DABstep.
It compares a no frequency control baseline with KAIROS
configured for different SLO targets. Three key observations
emerge. First, KAIROS adapts effectively to different SLO
targets, meeting the required throughput while significantly
reducing power. This demonstrates the effectiveness of its
context-aware frequency control and SLO-driven boosting
mechanisms of KAIROS.

Second, tighter SLO targets require higher GPU frequen-
cies, which reduces power savings: as the SLO increases from
20 to 45 tokens/s, power savings drop from 32.9% to 6.3% rel-
ative to the baseline. Appendix §A.5 further shows per-agent
throughput distribution. Third, the figure reveals a hardware
limit, where 45 tokens/s represents the maximum achiev-
able per-agent SLO for this setup. Pushing beyond this point
would significantly degrade SLO attainment. This indicates
a tipping point governed by hardware capacity, suggesting
that further improvements in SLO would require additional
compute resources rather than better control alone.

Figure 9 provides a deeper look into KAIROS ’s runtime
behavior under a request arrival rate of 0.03 jobs/s> and an
SLO target of 35 tokens/s by showing instantaneous power,
GPU frequency, and context size over time. As context size

3Due to space limitation, we carefully select representative request rates
and SLO targets to demonstrate the effectiveness of different techniques
2We additionally use Ministral-3-14B for model diversity. proposed in KAIROS in Figures 9, 10, and 11.
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(subfigure (a)) grows, KAIROS gradually increases GPU fre-
quency (subfigure (b)) to accelerate agent progress and pre-
vent excessive accumulation, while reducing frequency when
context pressure subsides to save power (subfigure (c)). This
adaptive behavior is reflected in the corresponding changes
in power consumption, which closely track frequency adjust-
ments. When the system detects potential SLO violations, it
temporarily boosts the GPU to maximum frequency (shown
by blue points) to recover performance. Overall, the figure
illustrates how KAIROS dynamically responds to changing
workload conditions to balance power savings and SLO at-
tainment using context as a first-class control signal.

Effectiveness of thrashing avoidance (concurrency con-
trol). Figure 10 evaluates the effectiveness of the thrashing
avoidance mechanism under a higher load (0.05 jobs/s) with
an SLO target of 20 tokens/s using mini-swe-agent on DAB-
Step. It compares three configurations: no frequency control,
KAIRQOS without thrashing avoidance, and KAIROS with
thrashing avoidance. While the no-control baseline avoids
thrashing by running at high frequency, KAIROS without
thrashing avoidance reduces frequency to save power, push-
ing the system into a thrashing regime. This leads to a severe
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Figure 11. Context size, agent processing throughput and
pending agents with and without employing thrashing avoid-
ance technique in KAIROS. This experiment runs mini-swe-
agent with DABStep with a request rate of 0.05 jobs/s and a
target SLO of 20 tokens/s.

drop in per-agent P5 throughput (left figure) to 2.3 tokens/s
and overall throughput (right figure) of 0.046 jobs/s, failing
to keep up with the arrival rate. In contrast, enabling thrash-
ing avoidance mechanism allows KAIROS to maintain P5
throughput close to the 20 tokens/s target and sustain system
throughput at 0.05 jobs/s, demonstrating stable and efficient
operation.

Figure 11 provides a time-series view explaining this be-
havior. Without thrashing avoidance, context usage (sub-
figure (a)) exceeds capacity and remains high, pushing the
system into a persistent thrashing regime where throughput
drops (subfigure (b)) and queued agents accumulate (sub-
figure (c)), making recovery difficult. This leads to unstable
operation as the system cannot drain incoming work fast
enough. With thrashing avoidance enabled, KAIROS pre-
vents this buildup by controlling context growth (subfigure
(d)) and, when necessary, triggering corrective frequency
boosts to reduce accumulated context. As a result, context
stays within capacity, job throughput remains stable (subfig-
ure (e)), and avoids queue buildup. These results highlight
how thrashing avoidance and SLO-aware boosting work to-
gether to maintain system stability under high load.
Effectiveness across multiple models. Table 1 shows that
the benefits of KAIROS generalize across models, both run-
ning SWE-Bench Verified. On Qwen3-Coder-30B, KAIROS
reduces power by 34.5%, and on Ministral-3-14B, it reduces
power by 28.9%. These results indicate that the benefit of
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Table 1. Effectiveness of KAIROS across multiple models.

Qwen3-Coder-30B (0.06 jobs/s)
KAIROS | No Freq. Control
2409 |

Ministral-3-14B (0.06 jobs/s)
KAIROS
263.8

No Freq. Control

Power (W) 367.9 370.8

Round Robin Routing
Total Power = 784.8 W
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Figure 12. (a) Power comparison across four serving in-
stances for no frequency control, a replicated single-instance
baseline, a round-robin routing policy, and KAIROS with
context-aware routing. (b,c) Per-instance power breakdown

for round robin and KAIROS routing.

KAIROS is not tied to a single model, but is broadly effective
across different LLMs.

8.2 Multi-Instance Agentic Serving

Figure 12 demonstrates the effectiveness of KAIROS under
multi-instance scaling at an input rate of 0.16 jobs/s. This
experiment runs mini-swe-agent using SWE-Bench Veri-
fied dataset. Compared to the baseline without frequency
control, KAIROS with round-robin routing reduces aver-
age power from 1279.5 W to 784.8 W, while its context-
aware routing further lowers it to 686.5 W, achieving a total
power reduction of 46.3%. The key difference lies in how
work is distributed across instances: round-robin assigns
load evenly, preventing GPUs from entering low-power idle
states, whereas KAIROS ’s context-aware routing consoli-
dates work onto fewer GPUs when possible. This consolida-
tion avoids the significant power overhead of lightly-loaded
GPUs and enables other instances to remain near idle power.
As shown in Figures 12(b,c), this results in a more efficient
power distribution across instances, highlighting the benefit
of coordinated routing and control. In addition, KAIROS’s
context-aware router achieves per agent p5 throughput of
26.9 tokens/s, surpassing the 25.4 tokens/s when using round
robin policy.

9 Related Work

To the best of our knowledge, KAIROS is the first work
to optimize power for agentic inference serving. Below,
we compare KAIROS with closely related works.

Power optimization in LLM serving. Prior work on
power-efficient LLM serving mainly falls into two categories:
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DVEFS [5, 23, 32, 45, 52, 55, 57, 66], which adjusts GPU fre-
quency online using runtime signals such as slack, batch
behavior, KV-cache growth, or phase-specific latency predic-
tions, and system-level scheduling [30, 54, 59], which reduces
power through hardware-aware placement and resource al-
location. These works target mostly stateless LLM serving,
where requests are treated as independent. In contrast, agen-
tic serving is fundamentally stateful: multi-turn conver-
sations continuously grow and revisit context, so power
optimization must account for the evolution of that state
over time, which is the key focus of our work.

Energy/power characterization. Several recent works [3,
18, 36, 40, 41, 53, 58, 60] characterize, model, or benchmark
the energy and power behavior of LLM inference rather than
directly optimizing it. They study inference energy trade-
offs and control knobs, build workload-based energy/run-
time models, profile fine-grained power use, quantify energy
and carbon emissions, and propose benchmarking or report-
ing frameworks such as energy-per-token. A closely related
work [25] on agents characterizes the infrastructure cost of
dynamic reasoning and shows that agentic workflows intro-
duce substantially higher resource and energy demands than
conventional single-shot inference. In contrast, our work
takes a step beyond characterization: we design a runtime
mechanism that uses context growth as a control signal to ac-
tively reduce energy while maintaining safe, non-thrashing
performance for agentic serving.

Agentic inference and stateful LLM serving. Recent
systems optimize agentic workflows through workflow-aware
runtimes and program semantics [7, 24, 31, 46—-48], while oth-
ers address multi-round behavior through cache retention
and adaptive prefill/decode placement [17, 29]. In parallel,
LLM serving work improves memory efficiency through KV-
cache management, paging, offloading, scheduling, and dis-
aggregation [2, 26, 27, 42, 44, 68]. Together, these works show
stateful and memory-bound workload behavior, but focus
mainly on performance. In contrast, our work targets power
optimization in agentic workloads and explicitly accounts for
the feedback loop between slower execution, increased agent
lifetime, and growing context footprint, using this coupling
to drive global control decisions.

Autoscaling and resource management for Al serving.
Prior work on autoscaling and datacenter resource manage-
ment provisions resources using signals such as queue length,
utilization, token rate, and SLO violations [12, 13, 15, 21, 28,
33, 43, 51]. These methods match capacity to demand, but
do not account for the stateful, highly dynamic nature of
agentic workloads. In our setting, scaling must also control
multi-turn context growth and keep per-instance demand
within a safe non-thrashing regime.



10 Conclusion

This paper showed that agentic Al serving is fundamentally
different from single-turn LLM serving due to its long-lived,
dynamically evolving context and the emergence of a thrash-
ing regime under power scaling. We found that reducing GPU
frequency can unexpectedly worsen both performance and
power efficiency by increasing context residency and trigger-
ing memory instability. Based on these insights, this paper
designed KAIRQS, a dynamic system that jointly manages
frequency, concurrency, and routing using context as a first-
class signal. Our results demonstrated that KAIROS enables
significant average power savings of 27% while maintaining
performance targets, highlighting the need to rethink power
reduction for stateful agentic Al serving. This work opens
the door to a broader class of context-aware, power-efficient
runtimes for agentic AL It further suggests that rethinking
serving around state, memory stability, and dynamic control
will be essential as agentic workloads continue to scale.
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Algorithm 1 KAIROS Per-Instance Controller Algorithm

Algorithm 2 KAIROS Initial Assignment Algorithm

Require: Frequency levels ¥ = {f), ..., f1)}; capacity
Unax; SLO target 7; power budget Pyay; thresholds o, f, y
Ensure: Frequency level ¢ and active set A°" at each epoch
1: Initialize £ « L, ¢ « 0, A® «— (, AP ()
2: loop
3: Arend  gpend | new tasks
4 Uk — Zaeﬂnn ce
5 Update per-agent throughput for all a € A°"U AP
6 Update average system power P
// Context-aware frequency control (§6.2.2)
7: if Uy > aUpyax then

8: t«— L
9: else
10: £ — [agi (L- 1)J +1
11: end if
// SLO-based boosting (§6.2.3)
12: Tmin €= MiN ¢ gon, gpend Throughput(a)
13: if Tpin < 7 then
14: t«— L
15: end if

// Thrashing avoidance (§6.2.4)
16: while AP £ @ and Uy < yUpax do

17: Move next agent from AP to A"
18: Update Uy

19: end while

20: if Uy > PUpax then

21: Defer new admissions

22: end if

23: Apply frequency level ¢

24: end loop
A Appendix

A.1 KAIROS Per-Instance Controller Pseudo-code

Algorithm 1 presents the pseudo-code for algorithm that
governs per-instance frequency controller in KAIROS that
employs context-aware frequency control, SLO-based boost-
ing, and thrashing avoidance.

A.2 KAIROS Global Router Pseudo-code

Algorithm 2 and Algorithm 3 together present the pseudo-
code for KAIROS ’s global context-aware router, which per-
forms initial agent placement and dynamic reassignment
across serving instances to enable consolidation under low
load and balance context pressure under high load. The de-
tailed explanation for the Algorithm 2 and 3 is presented in
details in §6.3.

A.3 Context Usage Variation

Figure 13 uses the same workload setup as §3.1 and comple-
ments Figure 3 by showing the distribution of the maximum
context size reached by each agent during execution. While
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Require: Serving instances 7 = {1,..., N}; per-instance
capacity Upax; consolidation threshold cops
Ensure: Assigned instance inst(a) for each newly arrived
agent a
1: Initialize A; « @ foralli e T
2: function AsSIGNAGENT(a)
3 Update ongoing context usage U; < X e 4, C? for
allie 1
// Initial assignment policy (§6.3)

4 Ziight — {i el | Ui < GconsUmax}
5: if Zfigpe # 0 then

6: i*  min Zjjgh

7: else

8: i* « argmin;er U;

9: end if

10: Assign agent a to instance i*

11: A — A U{a}

12: inst(a) « i*

13: Sq — 0

14: end function

Algorithm 3 KAIROS Reassignment Algorithm

Require: Serving instances 7 = {1,..., N}; reassignment
interval Tieagsign; imbalance threshold p

Ensure: Updated assignment inst(a) when agent a issues a
request

1: function MAYBEREASSIGN(a)

2 Sq «— Sqg+1

3 if 54 < Trcassign then

4: return

5 end if

6 Update ongoing context usage U; < X pc 4, C? for

alliel

// Reassignment policy (§6.3)

7: i « inst(a)

8: Jj <« argminges Up

9 if j#iandU; > p - U; then

10: Reassign agent a from instance i to instance j
11: ﬂi — ﬂi \ {a}

12: Aj — AU {a}

13: inst(a) « j

14: end if

15: Sq— 0

16: end function

Figure 3 characterizes variability in the number of conversa-
tion turns and total time spent in LLM execution, this figure
captures the resulting peak memory footprint of each agent’s
context.

The key trend is consistent across all the benchmarks. Max-
imum context usage varies widely both within and across
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Figure 14. Average throughput (left), agent LLM time (mid-
dle), and average completion token thorughput (right) com-
parison of a non-thrashing vLLM baseline (0.5 jobs/s) with
two thrashing baselines with recomputation and LMCache-
based offloading (both 0.6 jobs/s). Across three latency and
throughput metrics, the thrashing regime leads to severe
performance degradation.

agent—dataset pairs, with a pronounced long tail of agents
whose contexts grow to very large sizes. While many agents
reach peak contexts on the order of only tens of thousands
of tokens, a non-trivial subset grows to hundreds of thou-
sands of tokens. This result reinforces that agentic serving
creates highly heterogeneous and difficult-to-predict mem-
ory demand, where a small number of long-context agents
can disproportionately stress the serving system.

A.4 System Performance in Thrashing Regime

While operating in the thrashing regime, systems typically
employ either (1) recomputation of evicted tokens [24, 29]
or (2) offloading context to CPU memory or lower-tier stor-
age using frameworks like LMCache [8]. Figure 14 evalu-
ates these two strategies (i.e., recomputation and offloading)
against a baseline operating in the non-thrashing region. To
understand the effect of thrashing, we construct a controlled
experiment using a short-running mini-swe-agent request
from SWE-bench Verified whose conversation length is at
the 25th percentile (i.e., 18 turns), and replicate this request in
the input stream. This setup simplifies regime control, while
the resulting insight on the cost of thrashing is independent
of the specific agent or request distribution. We replay the
same request at two arrival rates: 0.5 and 0.6 requests/second,
which place the system in the non-thrashing and thrashing
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Figure 15. Per-agent throughput distribution comparing a
no frequency control baseline and KAIROS with different
SLO targets of 20, 35, and 45 tokens/s.

regimes, respectively. We then compare performance across
the two regimes. Our evaluation across three metrics reveals
significant performance degradation for thrashing.

e System Throughput: Recomputation and offloading re-
duce average agent completion throughput by 44.2% and
42.1%, respectively.

e LLM Latency: The average time spent in LLM calls in-
creases by 3% for both recomputation and offloading.

o Effective Decode Throughput: Excluding recomputa-
tion cycles, useful decode throughput drops by 22.3%.

These results quantify the sub-optimal nature of thrashing-
heavy serving. Performance is limited by either redundant
compute cycles in the recomputation baseline or starvation
of GPU compute resources due to CPU-GPU data transfers.

A.5 Per Agent Throughput Distribution

To explain Figure 8 further, Figure 15 shows the distribution
of per-agent throughput for the no frequency control base-
line and KAIROS under different SLO targets of 20, 35, and
45 tokens/s. Across all settings, KAIROS shifts the through-
put distribution left compared to the baseline, indicating
that it deliberately slows down execution to reduce power.
However, this shift is controlled: the bulk of the distribu-
tion is aligned with the respective SLO targets, showing that
KAIROS adapts effectively to different performance require-
ments rather than applying a one-size-fits-all policy.
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Figure 16. Launching id-tracker with Harbor and a
context-aware router

# ‘id-tracker ™ wraps an ordinary Harbor launch.
# It inherits the parent environment,

reads the per-agent API token from env,
generates an agent name internally,

and forwards requests through the
ctx-aware-router.

* o o o

CTX_AWARE_ROUTER_URL="http://127.0.0.1:24157" \
OPENAI_BASE_URL="http://127.0.0.1:24157/v1" \
OPENAI_API_KEY=YOUR_KEY \
python -m id_tracker \
--router-url "${CTX_AWARE_ROUTER_URL}" \
-\
harbor run \
--agent mini-swe-agent \
--model \
hosted_v1llm/Qwen3-Coder-30B-A3B-Instruct \
--dataset terminal-bench@2.0

Importantly, the figure demonstrates that KAIROS slows
agents just enough to meet the SLO without excessive over-
provisioning. Under loose SLOs (e.g., 20 tokens/s), through-
put is tightly clustered near the target, maximizing power
savings by avoiding unnecessary high-frequency execution.
As the SLO tightens (35 and 45 tokens/s), the distribution
shifts right accordingly, reflecting higher frequencies to meet
stricter performance demands. This behavior highlights that
KAIRQS achieves its core objective: it dynamically balances
power and performance by reducing excess throughput while
still maintaining SLO attainment across varying targets.

A.6 KAIROS ID Tracker Interface Example

We illustrate how KAIROS integrates with existing agent
frameworks through a minimal, drop-in launch interface in
Figure 16.

B Discussion

This section discusses three design and evaluation choices
in detail.

B.1 PD Disaggregation

In this work, we characterize the complex interplay between
frequency/power control, serving system performance, and
context usage for serving agentic LLM workloads. This is a
common new problem faced by different serving implemen-
tation like the PD aggregated/disaggregated instances, both
need to carefully deal with the persistent agent context across
different requests. In these settings, context becomes a first-
class resource, and its dynamic usage directly shapes both
system throughput and power-performance tradeoffs. While
our design is instantiated on a PD-aggregated architecture,
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the underlying challenge is fundamentally driven by context
dynamics rather than a specific execution model. We leave
a full exploration of these techniques in PD-disaggregated
settings to future work, where additional coordination over-
heads may arise.

B.2 Choice of SLO

Single-turn LLM serving typically defines SLOs using latency-
based metrics such as Time To First Token (TTFT) and Time
Between Tokens (TBT), which capture interactive responsive-
ness for stateless, user-facing generation [1]. These metrics
are well-aligned with applications where outputs are con-
sumed incrementally by humans. However, their relevance
to agentic serving is limited. Agentic execution is inherently
stateful, spanning multiple turns with persistent context
across interactions, and its outputs are primarily consumed
by downstream tools or agent logic rather than humans [35].
As aresult, TTFT/TBT targets designed around human per-
ception—do not directly capture meaningful progress in agen-
tic workflows. While recent work has proposed Time To Last
Token (TTLT) as an alternative [67], TTLT is defined rela-
tive to isolated execution and requires knowledge of request-
specific latency that is not observable at runtime, making it
difficult to use as a practical control target. Consequently,
there is still no consensus on an appropriate SLO for agentic
serving.

In this work, we instead propose to use a throughput-based
SLO defined at the agent level, which measures end-to-end
progress across the entire multi-turn lifecycle. Unlike la-
tency metrics that focus on individual responses, per-agent
throughput directly captures how efficiently an agent ad-
vances toward task completion under shared system exe-
cution. This makes it a more actionable and system-level
metric for online control. Moreover, because agentic work-
loads involve continuous interaction and rapid consumption
of generated tokens by automated components, throughput
naturally aligns with the underlying execution semantics
rather than human-facing responsiveness. By using through-
put as the SLO, the system can reason about performance,
power, and resource allocation in a unified manner, enabling
more effective optimization under dynamic, stateful work-
loads.

To make this SLO concrete in our evaluation, we define
throughput on a per-agent basis (tokens/s per agent), rather
than as an aggregate system-wide metric. This distinction is
important: the total load served by a GPU is the product of
per-agent throughput and the number of concurrent agents,
which in our setting can reach tens of agents, resulting in an
overall throughput on the order of hundreds to thousands of
tokens per second. A per-agent SLO ensures fairness across
agents, preventing the system from prioritizing a subset of
agents at the expense of others, which is particularly impor-
tant in multi-tenant, stateful workloads with heterogeneous
progress rates.



We carefully choose SLO targets based on the baseline
throughput distribution without frequency control, rather
than arbitrarily selecting values. As shown in Figure 15, the
selected SLO targets of 20, 35, and 45 tokens/s lie within
the natural operating range of the baseline system without
frequency control, capturing representative points across the
distribution. This ensures that the targets are both achiev-
able and meaningful, allowing us to evaluate how effectively
KAIROS trades excess performance for power savings while
still meeting realistic performance requirements.

B.3 Choice of Request Arrival Rate

In real-world deployments, a given hardware configuration
can sustain only a limited input request arrival rate before
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performance degrades. As demand increases beyond this
capacity, data center operators must scale up or scale out
by using either more powerful hardware or higher num-
ber of hardware instances to maintain throughput and SLO.
Therefore, in this work, we select input arrival rates that
are commensurate with the capabilities of our experimental
hardware, ensuring that the system operates in a realistic
and meaningful regime. While higher arrival rates can be
evaluated, doing so would require proportionally more GPU
resources. Our goal is to study power—performance trade-
offs under representative operating conditions for a fixed
hardware setup.
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