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Abstract

AI agents have emerged as a promising approach for
extending the capabilities of LLMs in recent years. By
combining specialized agents with external tools and data
sources, these systems can tackle increasingly sophisticated
tasks across a broader range of domains. However, translating
these ideas into efficient real-world deployments remains
far more challenging than early expectations suggested. In
practice, naïve agentic designs can introduce substantial
computational and orchestration overheads that, in some cases,
outweigh the benefits they provide over simpler standalone
LLM systems. Moreover, the large and highly dynamic design
space of agentic architectures makes performance tradeoffs
difficult to reason about and predict. In this paper, we
characterize the underlying inefficiencies of agentic systems
from a performance perspective and highlight the need for
more deliberate systems-oriented optimization strategies when
designing and deploying such systems.

1. Introduction

Over the last couple of years, the machine learning and
systems community has seen a rapid proliferation of Agentic
AI workflows. By coupling autoregressive large language
models (LLMs) with external tools, retrieval systems, and
other LLMs, agentic pipelines now support a breadth of
applications in software engineering, retrieval-augmented
question answering, health care, document summarization,
and customer-facing automation [51]. Fundamentally, these
agentic workflows differ from monolithic LLMs. Rather
than serving a single model in isolation, they orchestrate
multiple specialized models and tools within a unified
execution workflow and delegate subtasks across stages.
This compositional design has driven their rapid adoption
in both research and production.

Agentic systems are expected to deliver higher accuracy,
automate complex multi-step tasks, and solve problems
beyond the reach of a standalone model [65]. However,
in practice, these gains come with rising computational,
latency, and energy costs [34]. For example, a recent
study [65] from Oppo AI Agent’s team shows cutting-edge
industry deployments of AI Agents (e.g., DeepResearch [27],
and Manus [60]) yield impressive capabilities at exorbitant
operating costs. In addition to the high cost of individual
LLM calls, particularly for large and reasoning models,
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Figure 1: The design space of agentic systems naturally leads
to configurations that are substantially more expensive than
their non-agentic counterparts. These costs are further am-
plified by unreliable optimization techniques such as model
routing, as well as long-tail latency effects, both of which
make system-level optimization particularly challenging.

many agentic AI systems require hundreds of API calls
exacerbating run-time costs and precluding wider adoption.

Given their high costs, emerging studies aim to un-
derstand and optimize the performance and efficiency of
agents. A recent study studying accuracy-cost tradeoffs
of different agentic workflows, demonstrates that while
AI agents yield accuracy improvements with increased
compute, the tradeoff rapidly comes at diminishing re-
turns [34]. In addition to LLM costs being high for agents,
studies have demonstrated external tool calls can also yield
high overheads [53]. Autellix studies templates of proto-
typical agentic structures such as ReAct agents, chat-bots,
map-reduce, and tree search to understand dependencies
across each stage [43]. Finally, a research academic and
industry survey quantifies the use of AI agents across 306
practitioners in 26 domains highlighting reliability is a
fundamental challenge in AI agents driven primarily by a
lack of benchmarks [51]. However, despite these studies,
there is a lack of commensurate benchmarks that quantify
accuracy, latency, and energy tradeoffs across a wide set of
agentic workflows considering key design decisions when
building agentic workflows such as model sizes, agentic
structure, tail-latency, and routing decisions [51].

Commensurate benchmarking for agentic LLM work-
loads is challenging. LLM inference is volatile on its own.
Identical queries can produce different latencies, token



counts, and correctness across repeated executions, which
makes stable measurement hard. The design space is large
and dynamic. It spans models, tools, datastores and retrieval
parameters, the number of agents, and the number of
turns; each axis reshapes the accuracy, latency, and energy
tradeoff. Furthermore, there is a lack of consensus on what
to measure. Mean and tail (p90/p99) latency, per-turn and
end-to-end cost, time-to-first-token and total latency, and
energy per query and energy per correct answer can lead to
different system optimization outcomes. Existing inference
benchmark suites, like MLPerf [54] are designed around
single-model workloads and do not capture the multi-stage,
tool-augmented, and iterative nature of agentic execution.

In this paper, we present a detailed characterization of
agentic systems. We study 5 example workflows including
a baseline LLM, retrieval augmented generation (RAG),
ReAct, Debate, and Group Chat agents. All workflows
are implemented on open-source models (e.g., Qwen [67],
Gemma-3 [64], Llama 3.1 [19], Phi-4 [1], Nemotron [5], and
Ministrial 3 [40]) and open-source datasets. All inference
engines use vLLM or SGLang serving backends to enable
studying state-of-the-art serving performance. We build
a unified evaluation harness to jointly examine accuracy,
performance, energy considering the impact of different
models sizes, number of models and agentic workflow
structure, model routing decisions, and tail effects of agentic
AI. This paper makes the following contributions:
• We characterize the energy and latency implications of
agentic systems by comparing them to iso-accuracy, non-
agentic LLM counterparts, and find that agentic systems
can often introduce substantial latency/energy overheads
while providing limited to no accuracy gains if not care-
fully designed. Furthermore, due to the complexity of the
design space associated with these agentic systems and
interactions, finding optimal configurations is challenging.

• We examine the implications of LLM routers and selectors,
and demonstrate why this methodology is currently
impractical for systems-oriented optimization due to high
inference variance causing up to 7.1× latency differences
across identical calls, and routing decisions that can
account 80% of an end-to-end agentic workflow latency.

• We highlight the substantial overhead introduced by
consecutive LLM calls that can 35.8× the context length
and 76.7× the latency overhead over a standalone LLM
and argue that additional LLM calls should only be
incorporated when they serve clear, targeted purposes.

• We characterize the dynamic behavior of agentic systems
and show how variability between median (P50) and tail
(P90) performance grows substantially across configura-
tions, with context windows increasing by up to 10×
in multi-turn agentic systems compared to single-LLM
systems. Additionally, we demonstrate that Pareto fron-
tiers across different performance percentiles are highly
misaligned, with no single configuration dominating all
regimes; in some cases, configurations can fall up to 133
seconds behind the frontier at another percentile.
To enable future work on end-to-end agentic system

accuracy, performance, and energy optimization we intend

to open-source all the agentic pipelines and their bench-
marking methodologies, including evaluation harnesses,
datastore generation scripts, and routers upon publication.

2. Background & Related Work
Agentic systems are modern inference workloads that

move beyond monolithic LLMs by orchestrating multiple
specialized models and external tools within a unified
execution pipeline. These systems are motivated by the
premise that specialization improves performance: models
tailored to specific tasks can enhance overall coherence and
accuracy, while access to external tools extends capabilities
beyond what standalone LLMs can achieve.

There are two primary ways to design agentic systems:
through static or dynamic execution flows. Static agentic
systems rely on predefined, structured workflows in which
LLMs follow fixed execution paths, offering high reliability
and predictability for well-defined tasks. In contrast, dy-
namic agentic systems delegate planning to the LLM itself,
allowing it to autonomously determine execution strategies,
select tools, and adapt to changing environments, providing
greater flexibility for complex or unpredictable tasks.

Agentic AI Frameworks. To support increasingly com-
plex agentic workloads and the coordination of interacting
components, several frameworks have emerged, including
AutoGen [66], Kairos [69], and ORLA [58]. Complementary
efforts like AFlow [72] and automated agent design ap-
proaches help developers structure agent organization and
inter-agent interactions [25]. This work builds on AutoGen
[72] to systematically profile the exact latency, energy, and
accuracy implications of different agents.

Serving Optimizations. Recent research on optimizing
agentic systems spans serving, routing, and characteri-
zation. On the serving side, Parrot [39], InferCept [2],
Autellix [43], ALTO [55], and Cortex [50] expose multi-
stage workflow structure to the engine through semantic
variables, intercept-aware KV-cache management, program-
aware scheduling, and stage isolation, while Murakkab [7]
and Asgar et al. [4] jointly map workflows to heterogeneous
hardware under SLO and TCO constraints. On the appli-
cation side, cascade routers [9] and workflow compilers
[35] reduce cost by directing queries to cheaper models
or parallelizing tool calls, but ignores system-side latency
and energy cost. The closest prior work, Raj et al. [53],
characterizes agentic workloads from a CPU-centric per-
spective instead of GPU or energy consumption. Therefore,
the community requires a comprehensive characterization
that jointly evaluates system-level metrics, such as inference
latency and hardware energy, along with application-level
task accuracy across varying agent workflows.

Model Routers. Routing queries across multiple LLMs
to select the most appropriate model for efficiency and
accuracy or determine when to invoke external tools has
emerged as an active area of research. RouterArena [42]
provides a benchmark for evaluating routing methods on
accuracy and performance, while LLMSelector [8] explores
dynamic routing to trade off latency and accuracy. Several
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TABLE 1: Design dimensions of the five agentic systems we evaluate.

System Benchmark Models Tool Calls Multi-
Turn

Multi-LLM Parallel

Baseline HumanEval Qwen3 family [0.6B, 1.7B, 4B, 8B, 14B] — — — —
RAG TriviaQA,

HumanEval
Qwen3 family [0.6B, 1.7B, 4B, 8B, 14B] Database Search ✗ ✗ ✗

ReAct HumanEval Qwen3 family [0.6B, 1.7B, 4B, 8B, 14B] Code Execution ✓ ✗ ✗

Debate HumanEval Qwen3, Gemma3, Nemotron-H,
Llama3.1, Ministral, Phi-4

— ✓ ✓ ✓

Group Chat HumanEval Qwen3 family [0.6B, 1.7B, 4B, 8B, 14B] Code Execution,
Web Search

✓ ✓ ✗

Baseline LLM Agent

RAG Retrieval LLM Agent

ReAct LLM Agent Tool call

Debate Aggregator Agent [LLM]

Solver Agent 1 [LLM]

Solver Agent 2 [LLM]

Solver Agent 3 [LLM]

Solver Agent 4 [LLM]

Refiner Agent 1 [LLM]

Refiner Agent 2 [LLM]

Refiner Agent 3 [LLM]

Refiner Agent 4 [LLM]

Aggregator Agent [LLM] 4 parallel

Group Chat Manager Agent [LLM]

Tool 1

Tool 2

LLM Agent 1 ✓

LLM Agent 2

4 parallel, 1 selected

Explore our developer-friendly HTML to PDF API Printed using PDFCrowd HTML to PDF

Figure 2: Workflow of the five systems we evaluate: a single-
agent baseline and four multi-agent pipelines (RAG, ReAct,
Debate, Group Chat). Purple boxes denote LLM agents;
green boxes denote tool calls.

recent works propose hybrid or intelligent routing strategies
for optimizing accuracy and task performance [11, 12, 17, 28,
46, 48, 61], including meta-LLM-based routers, embedding-
driven selection, and RAGRouter [71], which selects the
most suitable LLMs for RAG datastores.

However, the effectiveness of these routing techniques
are limited, as extensive literature demonstrates that LLMs
suffer from a measurable generation-discrimination gap.
They are fundamentally poor at determining the correctness
or confidence of their output [26, 29, 56]. Expensive LLM-
based routers might introduce more latency and energy
overhead than the efficiency gains (see Section 6)

3. Building Commensurate Agentic Pipelines
In this section we describe the evaluation harness

developed to evaluate accuracy, latency, and energy of
myriad agentic workflows.

3.1. Agentic Systems
We evaluate five representative agentic systems (see

Figure 2 and Table 1). For serving and benchmarking, we
adopt the AutoGen and AgentBench framework [41, 66] as
our primary evaluation methodology.

Retrieval-Augmented Generation [37]: RAG mod-
els differ from traditional LLMs by incorporating a non-
parametric datastore that is queried at runtime to retrieve
relevant external context, which is combined with the user
query to enhance the model’s output. These datastores

are typically constructed using vector databases designed
to efficiently and effectively surface the most relevant
context. We construct and evaluate multiple datastores
using CompactDS [44], which is made up of 1.9B 256-
word passages, and Sphere [52], which is made up of 100M
100-word passages. We leverage the FAISS [13, 32] library
for implementing these datasets as vector indices.

ReAct [68] / Coding [57]: In ReAct workloads, an
LLM is typically paired with an external tool that acts on
the outputs of the LLM. For programming/coding tasks, this
typically means integrating the model with a compiler or
testbench to enable automated validation of the correctness
and functionality of generated code. Unlike other systems
which only evaluate once at the end, our coding agent
invokes the Pytests at every turn, producing a per-turn
correctness signal. We study two regimes for using this
signal. In the naive regime, the agent ignores the signal
except to terminate on success, holding the model fixed
across turns. In the adaptive regime, we use the per-turn
eval signal to compose heterogeneous model pipelines, such
as escalating to stronger models when smaller ones fail.

Group Chat [38] / Debating [14]: Group chat and
debate-based agentic systems both rely on multiple LLM
agents collaborating to answer a query, but they differ in
how that collaboration is structured. In a group chat, agents
operate sequentially where each LLM receives the previous
agent’s response, builds on it, and passes its updated
answer to the next agent in the chain. The orchestrator
agent is responsible for selecting the agent for each step,
determining when to terminate, and preparing the final
answer in the end. In contrast, a debate-based system
runs agents in parallel. Each agent independently generates
an initial response, after which the agents exchange outputs,
critique one another, and iteratively refine their answers.
There is also an aggregator agent that constructs the final
answer based on existing responses from all agents. This
structure emphasizes cross-validation and improvement
through comparison rather than strictly additive reasoning.

3.2. Metrics, Benchmarks, and Configurations

Benchmarks. We evaluate 5 systems on a mix of
knowledge-intensive and coding benchmarks, including
TriviaQA [33] and HumanEval [10]. The full benchmark,
model, and workload matrix is given in Table 1.
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Figure 3: Accuracy-latency and accuracy-energy pareto frontiers for standalone LLMs and agentic systems show how
some configurations (like RAG) can remain lightweight and outperform standalone LLMs and reduce latency to 0.86s
while achieving up to 86.0% accuracy at only 1.06kJ. In contrast, complex agentic workflows such as debating and coding
pipelines increase latency from 48–61s and energy consumption up to 73.3kJ with minimal accuracy gains.

Metrics. We characterize agentic systems along three
axes. The first is accuracy, computed via the LM Evaluation
Harness [18] for the QA benchmarks and via the HumanEval
test harness for coding. To support RAG with the LM-
Eval-Harness, we intercept queries issued by the harness
and augment each prompt with retrieved context before
forwarding it to the model. The second is end-to-end latency,
including mean, p50, p90, and p99. The third is energy
consumption, measured as energy per task using PyNVML
based on the Nvidia management library. Throughout the
paper we compare configurations on the latency–accuracy
and energy–accuracy Pareto frontiers (Figure 3).

Models and Serving. All inference is served with
vLLM [36] or SGLang [74], which provide high-throughput,
memory-efficient execution through optimized attention
and KV-cache management. Our primary model families
are Qwen3 [67] and Gemma3 [64], chosen to span reasoning
and non-reasoning behavior across a wide size range
from 0.6B to 14B parameters. This range lets us study
model-size sweeps cleanly within consistent architecture
families. The debate agent additionally draws on Llama
3.1 [19], Nemotron-H [5], Phi-4 [1], and Ministral [40] to
introduce cross-family heterogeneity, since debate is most
informative when participating agents exhibit genuinely
distinct reasoning behavior. Our group-chat agent uses
Qwen3-based selector, terminator, and finalizer components
to coordinate a pool of agents and tools across iterative
multi-round execution, including an LLM-based coder, a
code-executing terminal, and an LLM-based web surfer. For
all the workloads, we host each model on a separate GPU.

Hardware. Experiments are conducted on a heteroge-
neous hardware testbed to capture realistic deployment
scenarios. CPU-based retrieval run on Intel Xeon Gold
6442Y, Intel Xeon Platinum 8380, while model inference
is deployed using NVIDIA A6000 Ada GPUs. For LLM

TABLE 2: When naively deployed, most agentic config-
urations are less system-efficient than standalone LLMs.
Across the agentic configurations tested, 44.7% fall below
the standalone LLM pareto for latency and 91.7% for energy.

System Latency vs Accuracy Energy vs Accuracy

RAG 220 / 540 (40.7%) 540 / 540 (100.0%)
Group Chat 65 / 69 (94.2%) 64/69 (92.8%)
Debate 14 / 14 (100.0%) 14/14 (100.0%)
ReAct 15 / 79 (19.0%) 26 / 79 (32.9%)

TOTAL 314 / 702 (44.7%) 644 / 702 (91.7%)

inference workloads that require multiple GPUs, devices
are interconnected via PCIe Gen5.

4. Quantifying Accuracy, Performance, and
Energy Trade-Offs in Agentic Systems

In this section, we examine how the dynamic behavior
of agentic systems differs from standalone LLMs, showing
how compounded execution overheads can limit their
effectiveness. We further demonstrate that optimizing these
systems requires jointly considering per-stage execution
and hardware trade-offs, while the rapidly expanding config-
uration space of agentic pipelines makes balancing accuracy,
latency, and energy increasingly challenging.

Takeaway 1: Agentic systems dramatically expand the
accuracy, latency, and energy design space, with higher
agentic complexity often yielding diminishing accuracy
returns with orders of magnitude higher latency and
energy overheads. For example, improving accuracy
from 83% with RAG pipelines to 93% with group chat
systems increases latency from 2.6s to more than 38.7s
and energy consumption from 300J to over 11kJ.
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In Figure 3, we present accuracy-latency and ac-
curacy–energy Pareto frontiers for reasoning and non-
reasoning inference across a baseline LLM system and
several agentic configurations (including RAG, Group Chat,
Debate, and ReAct/Coding). Compared to the standalone
LLM, agentic AI workflows can yield better Pareto-optimal
tradeoffs in terms of latency and accuracy, as well as
energy and accuracy. However, mis-configuration of agentic
workflow parameters can lead to lower accuracy than
baseline models at higher latency and energy. For instance,
up to 44.7% of the agentic configurations we tested fell
below the baseline LLM Pareto frontier, with an even larger
91.7% of energy configurations underperforming; Table 2
shows the breakdowns for each of the four workflows
compared to the baseline LLM. Among configurations that
fall far from the Pareto frontier, latency can degrade by up
to 3.2×, increasing from 82.7s for a standalone Qwen3 14B
reasoning model to 264s for a 10-turn group-chat agentic
system. Energy consumption can also increase by up to
4.7×, rising from 26kJ for the same 14B reasoning model
to 122kJ for a 6-turn coding agentic system.

Even among Pareto-optimal configurations, small accu-
racy gains can incur substantial system costs; for example,
improving accuracy in our ReAct system from 93% to 99%
increases latency by 3.5× (4.74s to 16.97s) and energy
consumption by 22.8× (3.2kJ to 73.2kJ). This indicates that a
significant portion of agentic system designs, when naively
composed, yield performance tradeoffs that are poorly
aligned with marginal accuracy gains over standalone LLMs.

Takeaway 2: External tools add tight design spaces
that require domain-specific knowledge to effectively
optimize for. For example, RAG introduces non-intuitive
tradeoffs to accuracy and cost where scaling a datastore
from 10M to 1B passages increases latency and energy
by nearly 100× with only modest accuracy gains.

In order to understand the overhead that can be as-
sociated with the integration of tools in agentic systems,
we focus on the design space of RAG, as it is a widely
used tool integration that is both well-established and
extensively studied. The implementation and effective use
of these vector databases with large language models often
involve a complex design-space exploration challenge. RAG
engines involve a wide range of design-time decisions that
directly shape the tradeoffs between performance, energy
efficiency, and retrieval accuracy, many of which are difficult
to modify after deployment. Key design choices (including
index structure, quantization strategy, and datastore size)
can substantially influence system latency, accuracy, and
energy consumption. Additional runtime parameters, such
as the number of retrieved documents and search effort
(nProbe), further expand the tradeoff space and often require
careful task- and context-specific tuning. Recent ML studies
claim augmenting LLMs with large datastores can reduce
the size of LLM by up to 10× [6, 44]; however the cost
retrieval and added input tokens from the retrieved context

can often outweigh the reduction in model size [30, 59].
We highlight these configurations and tradeoffs in Figure 4,
where we evaluate retrieval using indices constructed from
100 million passages from the Sphere dataset [52] and the
CompactDS dataset [44]. Using TriviaQA [33] queries, we
compare across a range of Qwen3 [67] models.

Figure 4 highlights the complex tradeoffs between
accuracy, latency, and energy across both design-time and
runtime RAG parameters. Higher-precision quantization
schemes generally improve accuracy, but often provide
only marginal gains while substantially increasing latency
and energy consumption.

• Quantization. Although PQ64 achieves the lowest ac-
curacy, it is up to 7.8× faster and 9.9× more energy
efficient than SQ4, while higher-precision configurations
differ by at most 1.1% in accuracy.

• Datastore Scaling. Increasing datastore size consistently
improves accuracy, but incurs steep scalability costs.
Expanding from 10M to 1B passages increases latency
and energy consumption by roughly 100×, despite di-
minishing accuracy gains at larger scales.

• Retrieved Documents. Increasing the number of re-
trieved documents improves accuracy with diminishing
returns, but significantly raises retrieval and inference
overheads; compared to standalone generation, retrieving
a single document can increase latency and energy by
3.9× and 6.2× respectively.

• Search Depth Inefficiency. Likewise, increasing search
depth through parameters such as nProbe yields near-zero
downstream accuracy improvements despite near-linear
growth in latency and energy consumption.

While these parameters already induce substantial
variation in both the accuracy and performance of these
serving configurations, they represent only a subset of the
full RAG design space. More broadly, the breadth of this
design space is expected to extend across a wide range of
tool integrations, including compilers, search engines, and
other forms of agentic actions as required by datasets like
GAIA [45] and SWEBench [31].

5. Multi-LLM Call Agent Scaling Behavior

As shown in Section 1, the additional overhead in-
troduced by agentic systems does not consistently yield
performance improvements over a baseline LLM, largely
due to the cost of extra LLM calls, which linearly increase
token usage, latency, and energy consumption. To better
understand when this overhead is justified, we analyze the
magnitude of per-agent execution costs and examine con-
ditions under which introducing additional agents becomes
beneficial, particularly through model splitting strategies.
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one turn to 10.9k cumulative tokens and 20.8s by six turns,
while reasoning systems can reach 28.3k cumulative tokens
and 188s latency, all with diminishing accuracy gains.

Takeaway 3: Agentic systems must carefully limit the
number of LLM calls, as multi-turn interactions lead to
explosive growth in token generation and latency. In
the case of coding agents, increasing LLM calls from
one to six turns raises execution time by 13.7× and
total token generation to 28.3k tokens, while improving
reasoning accuracy by only 1%.

To study the effects of cascaded LLM calls and their
impact on token overhead, we evaluate a coding ReAct-
based system with a built-in call loop that repeatedly
invokes the LLM until an iteration cap is reached or the
query is successfully resolved, as determined by a compiler
integrated into the execution pipeline (as seen in Figure 5).
We find that, for non-reasoning traces, each additional
turn produces progressively larger outputs, with generated
tokens increasing from roughly 800 tokens in the first
turn to nearly 2.8k tokens in the final turn, corresponding

to an average growth of approximately 400 tokens per
iteration. Across six turns, this compounds to a total of
nearly 11k generated tokens for a single non-reasoning task.
This increase in token generation also translates directly
into higher inference costs, with per-turn inference time
rising from 2.45s to 3.72s, with the cumulative end-to-end
execution time across all six turns reaches 20.75s.

While the growth in token generation across turns for
reasoning traces is less structured than non-reasoning traces,
the token counts are substantially higher, ranging from 2.9k
to 6.1k generated tokens per turn and compounding to a
total of 28.3k tokens overall. This increase in token volume
translates into significantly higher inference latency, with
per-turn execution times ranging from 25s to 51s and a
cumulative end-to-end execution time reaching 187s.

This explosive growth in token generation corresponds
to a 13.7× and 9.8× increase over single-turn inference for
non-reasoning and reasoning tasks, respectively, translating
into 8.5× and 7.5× increases in end-to-end latency relative
to baseline execution. Despite these substantial latency over-
heads, the resulting accuracy gains remain comparatively
modest. Adding additional turns improves non-reasoning
accuracy by only 8.7%, 1.4%, 0.8%, and 0.5% across successive
stages, while incurring up to a 13.7× increase in latency.
For reasoning traces, we see only a 1% improvement in
accuracy despite a 9.8× increase in latency.

Takeaway 4: Choosing the number of stages in an
agentic system, as well as the models assigned to each
stage, is critical to preventing unbounded growth in
the number of agentic calls. For example, we show by
carefully balancing the number of stages and LLM size
per stage for a coding agent can improve latency by
up to 14× while improving accuracy by 1.3%.
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Figure 6: Iterative turn expansion [9] finds Pareto improve-
ments over a single thinking model on HumanEval. Each
row shows a ReAct configuration where boxes denote model
and mode (e.g., 14B-t→Qwen3-14B Thinking). The 1 turn
baseline uses a single thinking call with subsequent rows
prepend cheaper non thinking models to the chain. Moving
from the 1 turn baseline to a 4 turn system reduces latency
by 14.3x (150.4s to 10.5s) while improving accuracy by 1.3%.

Given the high cost of large LLMs, another strategy to
reduce the cost of serving while maintaining high accuracy
is cascading models of varying sizes. Model cascading is
commonly found in large-scale recommendation engines
where initial lightweight models filter relevant candidates
and subsequent heavyweight models conduct fine-grained
ranking [20–22, 47]. Building on multi-turn agents, a
similar model-cascading paradigm can be applied to agents.
However, given the overheads associated with end-to-
end LLM serving, additional agent calls should only be
introduced when they provide meaningful improvements in
system performance or accuracy without disproportionately
increasing overall cost. Consistent with our findings in
multi-turn LLM’s, we observe that repeatedly invoking the
same model does not necessarily translate into proportional
system-level accuracy gains.

Figure 6 shows an example cascading architecture of the
ReAct coding agent. Coding agents verify the end-output
generated by evaluating against the provided test cases
(e.g., call execution tool); however, this paradigm can be
extended to other scenarios with LLM-as-a-judge [73] or
external verification engines to determine when outputs
from early stages fails. Beginning with a single 14B param-
eter reasoning model as baseline, we illustrate the benefits
of introducing additional stages, maintaining similar end-to-
end accuracy at lower latency. By analyzing LLM-to-LLM
interactions and identifying smaller model pairings capable
of achieving comparable accuracy with significantly lower
latency and cost, we can decompose larger models into more
efficient specialized components until reaching the practical
limit of achievable accuracy and latency improvements.
We transform a single-turn LLM solution into a four-turn
workflow that reduces overall overhead by 14.3× while still
improving accuracy by 1.3%.

C1 C2 C3 C4
0

10

20

30

40

50

60

70

La
te

nc
y 

(s
)

16s

9s

8s

7s

8s
4s

5s
7s

45s

9s

55s

C1 C2 C3 C4
0

1,000

2,000

3,000

4,000

5,000

6,000

E
ne

rg
y 

(J
)

1k

2k

2k

2k

2k

1k

1k

2k

1k

1k

2k

1k

Debate 1 Debate 2 Debate 3 Debate 4 GPU Idle

Figure 7: Parallel debate agent traces induce substantial
GPU idling on the non-critical paths, reaching 51.1%, 71.6%,
and 16.6% for C1, C2, and C3 respectively. This inefficiency
compounds across agents, leading to an overall energy
overhead of 4.4× a non-parallel system.

Takeaway 5: Parallelism introduces inefficiencies that
lead to GPU idling where faster agents wait on slower
ones (resulting in 34.8% GPU idle time) and up to 4.4×
higher energy usage in parallel execution.

In our debate-based agentic system, we observe that
heterogeneous LLM assignments produce highly variable
runtime distributions. The combination of differing model
capacities and progressively expanding context windows
leads to increasingly unstable latencies, which are further
amplified by long-tail P90 behavior (Discussed in Section
7) in certain LLM executions. As a result, the system
exhibits wide variance in per-agent execution times and
near-inevitable GPU underutilization. We see this in debate
track C2 where this imbalance leads to substantial idle time,
with the GPU remaining idle for approximately 71.5% of
the total execution track duration.

Inefficiency in parallel agents is reflected in elevated
GPU idle time and increased energy overhead. Specifically,
energy consumption rises to 22 kJ over 80 seconds, which
is approximately 4.4× higher than the 5 kJ that would be
required by an equivalent non-parallel baseline configu-
ration. The benefits of this parallelism from consecutive
LLM calls are not clearly commensurate with its cost, as
comparable or higher accuracy can often be achieved using
RAG- or coding-based configurations (Figure 3, Takeaway
1). For instance, a RAG-based agent achieves 81% accuracy
at 285J, whereas the debate-based structure reaches only
76.8% accuracy while consuming 31kJ of energy. Importantly,
this estimate is conservative, as it does not account for
additional energy wasted during GPU idle periods, which
further exacerbates the true efficiency gap.

6. Challenges in Model Selection & Routing
One way to navigate the accuracy, performance, and en-

ergy tradeoffs in Agentic AI workflows (as seen in Section 4)
is to intelligently route queries to the appropriate model
based on input and task complexity. Given the dynamic
nature of these workloads and the unpredictability of model
performance, identifying the optimal models for a system’s
accuracy and performance at different stages of an agentic
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Figure 8: Distributions of mean log probability, mean
entropy, and mean perplexity over 164 HumanEval tasks
generated by Qwen3-1.7B baseline with thinking enabled,
split by pass and fail. Pass and fail distributions are
nearly indistinguishable across all three signals, indicating
that these per-token confidence measures are not reliable
predictors of task success and are unsuitable as routing
signals in agentic pipelines.

pipeline cannot be determined a priori. Instead, model
selection and system configurations must be dynamically
tuned during workload execution. Traditionally, this burden
has fallen on model routers [3, 8, 11, 15, 16, 48, 71], which
determine at runtime which models should be used to
satisfy a system’s accuracy or performance requirements.

Routers can generally be categorized into three classes:
LLM-based routers, MLP-based routers, and signal-based
routers that rely on metrics such as cosine similarity or log-
its. However, as we demonstrate, none of these approaches
are currently reliable enough to be used for producing
justifiable improvements in system performance. In many
cases, routers must also be more capable, as systems such as
RouteLLM [48] are primarily designed to compare between
only two LLMs, whereas agentic frameworks such as debate
systems and group chats will require selecting among a
much larger pool of candidate models.

Takeaway 6: The stochastic nature of LLM inference
means that model routers are often trained on noisy and
unreliable signals, including internal metrics such as
logits, entropy, and perplexity, as well as output token
counts (that can vary by as much as 3.8× for iden-
tical queries). Consequently, these routers frequently
struggle to reliably distinguish between low- and high-
complexity queries for fine-grained routing decisions.

Currently available open-source routers used for model
routing in compound AI systems are fundamentally limited
by the training data on which they are built, as the dynamic
nature of LLM inference and the inconsistent performance
characteristics of models make routing behavior inherently
difficult to predict and train off reliably. For example, routers
designed to make decisions based on LLMs’ uncertainty and
confidence remain unreliable [63]. In Figure 8 we examine
three high-level confidence-related metrics commonly used
during token generation (perplexity, log-prob distributions,
and entropy distributions), we observe that the values
corresponding to correct and incorrect responses overlap
almost entirely. Even for metrics such as log probability and
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Figure 9: Latency and accuracy are not reproducible prop-
erties of a query and unreliable training metrics for model
routers. Two tasks (HE-32, HE-62) executed 500 times
on Qwen3-8B baseline with (top) and without (bottom)
thinking. For reasoning, output length spans 5.7k to 26.6k
tokens and latency spans 107s to 763s on identical inputs.
Accuracy is also not perfectly stable with reasoning queries
passing inconsistently 7% and 52% of the time.

entropy, where confidence is represented as a distribution
rather than a single scalar value, the distributions associated
with passing and failing queries still overlap almost entirely.
Furthermore, query complexity analyzers such as NVIDIA’s
NeMo Curator [23, 24, 49], which estimate task complexity
across dimensions such as creativity, domain knowledge,
and reasoning, similarly struggle to reliably select the
appropriate LLM. This substantial overlap further highlights
the difficulty of using these signals to reliably distinguish
successful generations from failures at inference time.

In addition to entropy and confidence based routing,
we show the inherent noise in token distributions and LLM
latency as poor prediction signals; such routers are used in
making coarse decisions in run systems scheduling [62]. In
Figure 9, we examine the latency distributions and accuracy
characteristics of two queries from the HumanEval dataset
by executing each query 500 times. For non-reasoning
workloads, we observe substantial variability in perfor-
mance: the gap between the p5 and p95 latencies can reach
up to 1.8×, while the queried model answers correctly
only 7% of the time across executions. For reasoning
workloads, this latency gap grows to as much as 2.4×,
while accuracy remains similarly unpredictable, with some
queries still being answered correctly only 7% of the time
across executions. However, this level of dynamism is not
universal. As demonstrated by HE-62, certain queries exhibit
highly stable and predictable performance behavior despite
repeated executions. Nevertheless, the former highlights
a key challenge for router training: models trained on
performance characteristics that are themselves highly
unstable may struggle to produce reliable or consistently
expected routing decisions at inference time.
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Figure 10: Routing overhead varies by orders of magnitude
across methods, ranging from near-zero latency to over
2.26s per decision, with some approaches reaching 5.23s
in the worst case. These overheads can quickly compound
and can make up as much as 82% of an end-to-end agentic
system’s performance.

Takeaway 7: LLM routers can introduce substantial
overhead. State-of-the-art routers can take 5 seconds
per routing decision and account for as much as 82%
of the total latency in agentic workflows such as RAG.

Beyond challenges in making high fidelity routing
decisions, we find many router architectures can themselves
introduce substantial inference overhead. Figure 10 shows
the latency cost of 9 different model routers which varies
by orders of magnitude [3, 11, 15, 48, 70]. Some routers,
such as EloRouter [48] which scores each query based on
offline training data, achieve low performance overhead
(less than 100ms). However, these routing methodologies
often fall short in agentic systems, where routing decisions
may require selecting among many candidate models rather
than performing simple pairwise comparisons.

In contrast, routers that explicitly support multi-
model candidate selection, such as RouterDC [11] and
RouterR1 [70], can incur routing decision latencies of up to
2.3s and 5.2s, respectively. While this overhead may appear
modest depending on the surrounding system, agentic
pipelines are frequently proposed as architectures built
around many smaller specialized models rather than a
single large model. Consequently, routing overhead can
compound across every stage of the pipeline. In systems
such as the RAG pipeline proposed in Section 4, routing
overhead can therefore constitute up to 81.5% of the end
to end inference time. Across a system like debating when
agents are continuously called and require multiple routing
decisions, the routing overhead can still makes up 8.9% of
the end to end latency overhead.

7. Understanding Tail Performance
Traditional LLMs already exhibit long-tail latency be-

havior that requires careful scheduling and optimization to
mitigate and hide overheads. Agentic systems dramatically
exacerbate this issue. Since each LLM has its own P90
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Figure 11: Distributions of prefill tokens (top), decode tokens
(middle), and end to end tokens (bottom) for Qwen3-4B
running ReAct on HumanEval, split by non-reasoning (left)
and reasoning (right) modes. Horizontal lines mark p50,
p90, and p99 across tasks. Prefill grows roughly linearly
with turn count as prior context is reincluded, while decode
per turn stays comparatively stable. Aggregated across all
turns, the p99 to p50 ratio reaches 18.68x for non reasoning
and 19.41x for reasoning traces, indicating that tail behavior
dominates worst case cost in multi turn agentic execution.

latency distribution, cascading multiple across a single
system (with tool calls) causes tail latencies to compound.
Moreover, different agentic configurations may operate
on distinct Pareto frontiers, where the optimal serving
configuration may shift depending on incoming queries. As
a result, the ideal deployment setup can vary dynamically
with workload characteristics within the same system.

Takeaway 8: Consecutive, multi-turn LLM calls in
agentic systems can significantly amplify tail context
sizes. For example, we find that compared to individual
LLM invocations, the gap between p90 and p50 output
lengths is 10× higher.

In Figure 11, we analyze how P50, P90, and P99 latencies
evolve as additional turns are introduced into the agentic
system, and show how the compounding of LLM calls causes
P99 latency to increase sharply relative to a single-turn
baseline. As the number of turns increases, we observe
that P90 and P99 latency grow faster than P50 (due to
the compounding context length from repeated LLM calls),
consistent with accumulating inference overheads across
multi-turn execution. On average, we observe that P99
input token counts grow from roughly 780 tokens in the
single-turn setting to 3.8k tokens by six turns for both
reasoning and non-reasoning traces. This growth remains
relatively consistent because input token accumulation is
largely deterministic, driven by prompt structure and the
iterative reuse of prior-turn context rather than newly
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Figure 12: Pareto frontiers of agentic configurations shift
substantially across latency percentiles, with frontier la-
tencies increasing from 0.8–1.9s at P25 to 5.1–35.2s at
P99. Moreover, as latency distributions shift, configurations
that are Pareto-optimal at one percentile (e.g., a 0.6B non-
reasoning model followed by a 14B reasoning model on the
P25 coding frontier) can become up to 132s slower relative
to the Pareto frontier at another percentile such as P75.

generated outputs. In contrast, P99 decode token growth is
substantially more variable, ranging from 458–598 tokens for
non-reasoning traces and 4.1k–11.1k tokens for reasoning
traces. Although the per-turn gap between the P50 and P99
distributions appears relatively stable, the cumulative effect
of carrying context forward across turns compounds these
differences significantly over the full execution trace.

When aggregating tokens across all LLM calls in a trace,
we observe strong compounding effects as the number of
turns increases. For non-reasoning workloads, total end-to-
end token counts grow from 575 tokens in the single-turn
case to 10.4k tokens by six turns at P50 (18× growth),
while P99 increases from 1.2k to 16.6k tokens (14× growth).
Reasoning traces are substantially more expensive overall,
with P50 token counts increasing from 2.3k to 29k tokens
(12.6×) and P99 growing from 11.7k to 51.2k tokens (4.4×).

Takeaway 9: Optimal agentic configurations differ
across latency percentile distributions, with no sin-
gle configuration consistently optimizing performance
across all latency distributions.

In Figure 12 we examine how the pareto frontiers for
our coding-React agentic system shifts across different
percentiles of our serving distribution. Notably, as latency
percentile increases, the Pareto frontier shifts substantially
to the right: compared to the P25 frontier (0.8s - 1.9s for
93.5–98.8% accuracy), the P50 frontier shifts by roughly 1.4×,
the P90 frontier by 4 – 8×, and the P99 frontier by up to 16
– 18 ×. Moreover, the frontier heatmap shows that Pareto-
optimal configurations under one latency percentile can
become dramatically suboptimal under another. For example,
while 0.6nt-4t lies on the P25 frontier, it incurs a 133s
latency overhead relative to the P99 frontier. In contrast,
configurations such as 1nt-1.7t-14t, which are optimal at
P99, are roughly 28s less competitive at P90, but can also
remain close to optimal at P25 and P50. This indicates a
challenging design space, where the notion of an “ideal”
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Figure 13: Calls per task and latency for dynamic execution
path agentic systems show that while the termination and
selector modules are invoked most frequently (2.36× and
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with an average execution time of 32.1s per call.

configuration is already unstable due to complex LLM–LLM
interactions, and is further complicated by sensitivity to
latency percentiles in the serving distribution.

Takeaway 10: In agentic systems with dynamic exe-
cution paths, agent utilization is highly skewed, with
orchestration agents invoked 2.36× while task-specific
agents like the web surfer are nearly unused (0.01 calls
per task). Despite this imbalance, a single compute-
heavy stage (coding) dominates 88.5% of total latency.

In Figure 13, we profile the per-agent invocation fre-
quency and latency of our group chat system, which uses
an LLM-based selector to dynamically route queries across
a pool of specialized agents. The termination checker and
selector are the most frequently invoked agents at 2.36 and
1.36 calls per task, respectively, yet contribute minimally to
end-to-end latency (0.53s and 0.10s per call). In contrast, the
coder agent is called only 1.15 times per task on average but
accounts for 32.1s per invocation, making it the dominant la-
tency bottleneck. The web surfer agent is effectively unused
at 0.01 calls per task. These results suggest that dynamic
agent selection does not guarantee balanced utilization
and that provisioning resources uniformly across agents
leads to substantial underutilization. More importantly,
optimizing end-to-end performance in such systems requires
identifying and targeting the latency-dominant stage rather
than reducing the invocation frequency of lightweight
orchestration components.

8. Conclusion
In this work, we demonstrate across a wide range

of workflows (including RAG, ReAct, Debate, and Group
Chat), that agentic systems introduce a highly dynamic and
challenging design space where additional agents, tools,
do not consistently translate into proportional gains in
accuracy. We also show why approaches such as routing
are limited and may not be the most effective way to
design agentic systems from a systems-efficiency perspec-
tive. Finally, we showed that scaling agentic systems can
explosively increase token generation and system overheads,
significantly amplifying end-to-end latency, particularly at
the tail. Together, these findings highlight that building
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efficient agentic systems requires carefully balancing spe-
cialization, routing overhead, and execution structure, rather
than assuming that adding more agents, tools, or parallelism
will inherently improve system performance.
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