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1. INTRODUCTION AND RELATED WORK
Agentic systems are changing the modern inference paradigm
by introducing dynamic, heterogeneous workloads that are
less predictable than traditional inference pipelines [1]. Be-
cause these agents evolve at runtime with different control
flows, tool calls, and multi-step reasoning, they create exe-
cution paths where resource demands and data patterns are
constantly changing [2, 8, 9]. This unpredictability necessi-
tates a shift in how we build and evaluate infrastructure. Our
work aims to call attention to the need for commensurate ac-
curacy/energy benchmarking to address current challenges
of practical, efficient agentic system design. We show how
cost-aware system design can yield 2.3×–3.4× lower latency
and energy, or 12.3× fewer tokens at near iso-accuracy.

2. METHOD
We design and evaluate three agentic systems [7, 11] in multi-
turn settings to study interaction patterns between LLM-tool
and LLM-LLM configurations. For LLM–tool systems: a
coding agent that iterates with a compiler, and a RAG [6]
pipeline. For LLM-LLM systems: a reflection-based system
consisting of a coding agent paired with a reflector agent [10].

Agent → Compiler ⟲
Vector Search → Agent ⟲

Tool-LLM Loops

Coding Agent → Reflector Agent
LLM-LLM Loop

We use Qwen3 [12] models on NVIDIA A6000 Ada GPUs,
evaluated on the HumanEval [3] / TriviaQA [4] benchmarks.

3. EXPERIMENTS & RESULTS
The breadth of the agentic system design space makes applying
traditional design space exploration methods like gradient
descent or Bayesian optimization extremely difficult. This
complexity also hampers online serving and design space
exploration, as the immense number of parameters renders
model routing and reinforcement learning impractical due to
sparse reward and the curse of dimensionality [13].
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Figure 1: Accuracy–latency pareto curves for Qwen3 model
combinations. Coding includes two agent–compiler loops,
while reflection involves only model-to-model interaction.
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Figure 2: A standalone LLM outperforms a smaller LLM
augmented with a retrieval-augmented generation context.
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Figure 3: Token counts increase significantly with reasoning
and iterative model calls, with only marginal accuracy gains.

Takeaway 1: Increasing model complexity and adding tools
often yields inconsistent accuracy gains while significantly
increasing latency and compute cost. Switching models across
iterations introduces varied performance–accuracy tradeoffs
(Figure 1), with optimal P50 configurations often differing
from mean or P90 frontiers (see below table). Similarly, tools
like RAG can 2.3× latency and 3.4× energy at iso-accuracy
(Figure 2).

Config P50 P90 Mean Acc. Config P50 P90 Mean Acc.

0.6b→1.7b 2.21 3.63 3.17 0.689 1.7b→4b – 5.78 – 0.854
4b→8b – 7.37 3.81 0.909 8b→14b – – 6.75 0.924

Takeaway 2: Reasoning cycles and iterative agent calls
frequently yield diminishing returns, where the cost outweighs
downstream accuracy improvements. Figure 3 shows how
agentic iterations increase prefill context as tokens cascade
across turns. Additionally, while reasoning reduces the number
of turns required, they significantly inflate generation volume,
increasing P50 tokens by up to 9.7× and P90 by 53.6×.

4. CONCLUSION
Our work aims to highlight the urgent need to rethink inference
infrastructure for dynamic agentic systems, and the need to
propose new approaches to benchmarking and design that
better balance accuracy, efficiency, and adaptability.
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