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Abstract

Quality-of-results (QoR) optimization through Engineering Change
Orders (ECOs), measured by timing, power, and area, is key to
chip signoff. Although commercial EDA tools provide mature opti-
mization algorithms such as gate sizing, threshold-voltage assign-
ment, and buffer insertion, achieving high QoR still heavily depends
on iterative human expert intervention. To address this issue and
automate chip ECO, we propose an agentic LLM framework that
schedules chip optimizations through direct interaction with EDA
tools. The agents are grounded in natural language expertise ex-
pressed as a search tree through retrieval-augmented generation
(RAG). We further improve scheduling quality with Pareto-driven
QoR feedback through language reflection. Across eight designs,
our framework achieves over 10% better TNS and 25% better WNS
than reinforcement learning-based black-box optimization meth-
ods. It also achieves up to 4.5% lower area and 1.5% lower power
than RL baselines, while running more than 4x faster. Finally, the
agent supports customized tasks expressed in natural language, en-
abling preferential QoR trade-offs. Our work is open-sourced at
https://github.com/YiKangOY/LLM-PO.
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1 Introduction

Across modern chip-design flows, ECOs are performed repeatedly
from synthesis through signoff to optimize power, performance,
and area (QoR). Commonly used algorithms for improving QoR
include gate sizing, threshold-voltage (V;;) assignment, and buffer
insertion/removal [1, 2, 3].

While these algorithms are integrated into EDA tools and can
be invoked easily, achieving competitive QoR still requires exten-
sive human effort. Due to the NP-hard nature of chip optimiza-
tion [4], QoR improvement often saturates and may be trapped in
local minima after several iterations [5]. As a result, the optimiza-
tion becomes an iterative process that requires the intervention of
expert engineers. As shown in Figure 1, engineers inspect reports
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Figure 1: Post-routing ECO optimization as an iterative report-
driven schedule-execute-reflect workflow.

from EDA tools and previous ECO traces to select the ECO objec-
tive and algorithm, which we call scheduling, then invoke EDA
tools for execution. When QoR improvement stagnates, engineers
refine the optimization strategy and restart new rounds from the ini-
tial design. Consequently, this schedule—execute-reflect loop is
labor-intensive, time-consuming, and demands continuous human
monitoring.

Prior works often treat QoR optimization as black-box search
over a fixed sequence of EDA tool commands. These efforts predom-
inantly rely on reinforcement learning since it can optimize over
black-box objectives with only numerical QoR feedback [6, 7, 8, 2].
Despite enabling a certain level of automation, these methods face
limitations because they primarily rely on numerical QoR feedback.
They cannot comprehend the rich information expressed in natural-
language tool reports and logs as human engineers do, leaving criti-
cal context for ECO unused and often leading to suboptimal QoR.
Moreover, supporting customized, open-ended optimization tasks
remains difficult, since they rely on predefined reward functions [9].

To address these challenges and enable efficient, high-QoR, and
customizable chip optimization, we propose the first agentic large
language model (LLM) framework that converts natural-language
ECO preferences into iterative EDA tool interactions. The frame-
work operates in a retrieve-schedule-reflect loop using multiple
agents. First, it retrieves relevant optimization expertise from a
library formulated as a search tree, where paths encode human-
interpretable ECO strategies described in natural language. This
grounding allows the agent to understand report states and user
preferences with expert domain context rather than relying solely
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on numerical QoR feedback. Based on the retrieved expertise, the
agent then schedules the next objective, strategy, and legal EDA
tool options. Furthermore, to continuously refine decisions under
multi-objective QoR trade-offs, we introduce a Pareto-driven reflec-
tion mechanism. The agent identifies Pareto-optimal optimization
traces, summarizes effective preference-aware scheduling strategies,
and incorporates these reflections to improve future schedules.
Our contributions are summarized as follows.

(1) We introduce Retrieve-Schedule-Reflect, an LLM multi-
agent framework for preference-driven ECO optimization
through iterative scheduling of EDA tool usage.

(2) We organize expert ECO scheduling knowledge as a natural-
language search tree for RAG, grounding scheduling deci-
sions in expert strategies and tool manuals through RAG.

(3) We propose Pareto-driven reflection to improve ECO quality
by learning from historical timing—power—-area trade-offs.

(4) On eight designs placed and routed with ASAP7 PDK [10],
our framework achieves over 10% better TNS and 25% better
WNS than RL-based methods. It also achieves up to 4.5%
lower area and 1.5% lower power than them, and delivers
higher hypervolume with more than 4x speedup.

(5) Our framework supports customized ECO preferences spec-
ified in natural language, enabling controllable trade-offs
without task-specific reward engineering.

2 Preliminaries

2.1 ECO and LLM for Chip Design

Common ECO algorithms include gate sizing [4, 11], threshold-
voltage assignment, and buffer insertion [12, 13]. These algorithms
have been integrated into EDA tools [14, 15], but achieving satisfac-
tory QoR still requires engineers to determine objective priorities,
algorithm choices, and tool options from reports [16].

LLMs have recently been used in chip design as tool-using agents
that read reports/logs and propose edits to flow scripts. For example,
ChipNeMo studies domain adaptation for script generation and bug
analysis [17], ChatEDA generates scripts to automate RTL-to-GDSII
flow [18], and ORFS-agent tunes RTL-to-GDS flow parameters with
an LLM [19]. Different from these works, our framework uses LLMs
to understand user-specified QoR preferences and schedule multi-
iteration ECO with EDA tool.

2.2 LLM for Task Scheduling

Many LLM agents act as task schedulers by interpreting natural-
language goals, choosing tools, observing intermediate results, and
updating their next decisions. ReAct is a representative reasoning-
action formulation that interleaves explicit LLM reasoning with
environment actions, allowing the next-step plan to be updated
after each observation [20].

Two mechanisms are especially useful for improving schedul-
ing quality in iterative preference optimization. First, retrieval-
augmented generation (RAG) lets the agent query external knowl-
edge to guide scheduling with documentation and expert exam-
ples[21]. Second, reflection reviews summaries of failures/successes
and uses them to refine future schedules, improving behavior in
iterative workflows [22].
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Figure 2: Scheduling strategy constructed as a search tree and
path-based RAG.

2.3 Problem Formulation

We formulate post-routing ECO as a scheduling and execution pro-
cess of EDA tool usage under a user-defined natural-language opti-
mization task. Let D(®) denote the routed design with report R(®)
and P denote the designer-specified task. At iteration i, the sched-
uler observes # and accumulated reports R(%/~1, then selects an
optimization objective

09 € O = {timing, power, area}, (1)

and generates strategy guidance for the executor. The executor
converts this guidance into a legal ECO action A?) with tool-specific
options. The EDA tool applies the action and returns an updated
design and report:

(DW,R®) = §(DU=1, 40). @)

For a completed run with n iterations of ECO, the framework
extracts a post-optimization QoR tuple

Z= (Ztiming: Zpowers Zarea) (3)

from R(™ . As optimization iterations accumulate, QoR improve-
ments tend to saturate [5]. Thus we restart the optimization for
multiple rounds, each producing a candidate optimized design. The
final output is the candidate design that best satisfies the natural-
language preference P.

3 Search Tree-based Retrieval-augmented
Scheduling

Effective ECO scheduling requires reusable expert knowledge about
objective trade-offs and legal execution compliant to EDA tool manu-
als. Retrieval-augmented Generation (RAG) provides a natural mech-
anism to supply this knowledge at runtime, allowing the agents to
condition each decision on relevant optimization strategies and legal
tool options. Inspired by decision-tree formulations for sequential
chip optimization [23], we model expert schedules as a search tree
(ST) and retrieve relevant paths at runtime.
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(c)

Figure 3: Overview of our framework. (a) Rounds of chip optimization scheduling. (b) Intra-round retrieval, scheduling, and

execution. (c) Example prompt and agent response snippets.

3.1 Search Tree Representation and Knowledge
Storage

The ST is built from papers, reports, expert ECO experiences, and
tool manuals, as illustrated in Figure 2. Each node is associated with
an objective o € O = {timing, power, area}, a natural-language
design state s, a strategy snippet G describing how to improve o,
and objective-specific manual snippets M,: Formally, we define a
node as

v (o, s, G, MD), 0€0. 4)

An ST path is a variable-length expert scheduling trajectory:

p =(v1,02...,01), L arbitrary. (5)

Paths have no fixed length because satisfying a user preference may
require multiple EDA tool calls and objective switches. One path can
represent a complete expert scheduling process and its associated
QoR evolution. It also captures the strategy that designers use to
select subsequent objectives and the corresponding algorithms to
invoke in EDA tools. We extract all top-to-leaf paths into a database
D for retrieval.

3.2 Path-based RAG

Given a natural-language query x and a candidate ST path p, we
compute dense embeddings ex = ¢(x) and e, = ¢(p) using the
same text encoder ¢. We measure relevance using cosine similarity
as:

ex - ey
llexll llewull”

We then retrieve the most relevant expert guidance via top-k simi-
larity search:

Sim(x,u) =

(6)

TopK(x, D) = arg top-k Sim(x, p), (7)
preD

where D is the ST path database. The retrieved paths provide the
agent with end-to-end scheduling guidance, which the agent uses
to make guided decisions and invoke EDA tools correctly.

4 Agentic Schedule-Execute-Reflect Framework

Building upon the ST-based RAG in Section 3, we present an agentic
framework for iterative preference-driven QoR optimization as an
ECO process. Starting from a routed design, it performs iterative
schedule-execute steps within each round. During these iterations,
RAG provides expert guidance and tool manuals to improve sched-
uling quality and ensure the executed algorithms are legal for EDA
tools. Once QoR improvement saturates within a round, the frame-
work restarts from the routed design and launches a new round, as
shown in Figure 3 (a). Across rounds, the reflector agent summarizes
feedback from historical traces and transfers it to the scheduler and
executor to improve scheduling quality in subsequent rounds.

4.1 Intra-round Scheduling and Execution

We first describe the intra-round scheduling and execution itera-
tions shown in Figure 3(b). At iteration i of round r, the scheduler
interprets the natural-language task, selects the next optimization
objective, and forms a high-level strategy. It observes the accu-
mulated EDA reports and QoR history RﬁOZi_l), the user-defined

optimization task %, and the previous-round scheduling reflection
(r-1)
sched *

To ground the scheduling in guidance from the ST database D,

the scheduler summarizes the user preference, report history, and
current QoR state as s(!) and forms a retrieval query:

O = Yenea (P ROV, 5O L), ®)

S
Then the scheduler uses x?) to retrieve the most relevant expert
scheduling paths:

Yo = TopK (x?, D). %)
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Algorithm 1 Iterative ECO scheduling workflow

Require: Optimization task #; ST path database 9; manuals
{Mo}oeo
(0)

1: Initialize reflections ﬁiﬁ)e & Texec and trace set S « 0
2: for r = 1to Ry, do

3:  Reset to the initial unoptimized design and obtain initial

report Rfo)
4:  fori =110 Iy, do
5 Scheduling: summarize state s and form query x(
(Equation (8))
6: Retrieve ST paths; select objective o) and strategy guid-
ance C)
7: Execution: form manual query ¢ and retrieve tool ref-

erences (Equation (10))
8 Generate and execute command A(Y) to obtain report Rfi)
(Equation (12))
9: end for
10:  Record trace S, and terminal QoR vector z,; update S «
SU{S}
11 Filter Pareto-optimal traces from S and update Pareto-guided
reflections (Section 4.2)
12: end for
13: return optimized design yielded from all rounds of traces under
preference P

The retrieved paths Yo provide guidance on objective selection and
tool-use strategies that match the current design state and requested

preference. Conditioned on Y and TSE}:;), the scheduler selects

the next optimization objective 0'Y) € O and generates strategy
guidance C,

The executor translates the high-level strategy guidance into an
EDA command given (P, 0?,C()). To ensure command legality
and objective consistency, it queries the tool manual:

q(i) = Wexec (P, O(i), C(i)), (10)
and retrieves objective-oriented references:
Ms& = TopK (¢, My»). (11)

Conditioned on the retrieved manual M\((,Z) and execution reflection

7»;;2,;”, the executor generates an executable command AW that
implements C(*) while following the EDA manual and prior legal
tool-use syntax [24].
Executing A in the EDA tool yields updated design and corre-
sponding reports
RY = g(RITY,AD), (12)
The updated report is recorded and becomes input to iteration i + 1.
This intra-round scheduling and execution procedure continues
until QoR improvement saturates or the iteration budget is reached.

4.2 Inter-round Pareto-guided Reflection

As more optimization operators are applied, QoR improvement of-
ten saturates and gets stuck in a local optimum [16, 5]. To further
optimize QoR, our framework draws feedback from previous-round
optimization traces and restarts from the initial design with im-
proved scheduling strategy through reflection. Pareto dominance
provides a multi-objective perspective to evaluate the trade-offs

Ouyang et al.

among timing, power, and area across rounds [25, 26]. Thus we
maintain a set of Pareto-optimal traces and prompt the reflector to
generate feedback for the scheduler and executor in the next round
from this set of optimal traces, as shown in Figure 3.

4.2.1 Filtering Pareto-optimal Traces Let Z = {z1,23,...,2,} de-
note the optimized QoR tuple from all completed rounds up to
current round r:

Zj = (Zj,timings Zj,powers Zj,area) (13)

where z; is extracted from the report of the optimized design at

round j (i.e., from R;nj )). Larger z; timing indicates better timing,

while smaller z; ower and zj,area indicate better power and area.
Each QoR tuple corresponds to a complete optimization round

trace S; that records executed commands and resulting reports:

52 (AR, (AP R, . (AT R™)). (9

We compute the Pareto front Zpareto & Z under the objectives of
maximizing timing and minimizing power and area, then obtain
complete optimization traces from the filtered QoR tuples:

Spareto = {Sj | zZj € -ZPareto}- (15)

4.2.2  Scheduler and Executor Reflection Optimal QoR is achieved
through synergistic work between schedulers and executors. To
benefit both of them through reflection, we prompt the reflector
to generate two complementary reflections: a scheduling reflection

Tsiﬁ? 4 and an execution reflection ﬁi’e)c

The scheduler reflection 7‘—52;)6 4 extracts patterns of QoR priorities
and trade-offs among iterations that lead to Pareto-optimal traces.
It guides when to focus on one objective versus when to pursue
others, so that the schedule can satisfy the requested preference. The
executor reflection ﬁi?c summarizes which EDA commands and
option settings are effective, while identifying ineffective choices to
avoid. These reflections are provided to the scheduler and executor
in the next round, progressively improving ECO scheduling quality
in terms of QoR across rounds.

5 Experimental Results

5.1 Experimental Setup

To evaluate the generality of our approach, we use open-source chip
designs implemented in the ASAP7 PDK [10] from the ICCAD’24
dataset [27]. We select 8 designs from this benchmark. We evaluate
three core QoR metrics: timing (both WNS and TNS), power, and
area. All optimizations and report generation are performed using
Synopsys PrimeECO, a widely used signoff tool. All experiments are
conducted on a machine with two AMD EPYC 7543 32-core CPUs
and an NVIDIA RTX 3090 GPU. Unless otherwise specified, we use
GPT-5-mini (2025-08-07) as the default backbone LLM.

To the best of our knowledge, there is no established baseline that
directly targets iterative ECO. We therefore adapt two reinforcement
learning (RL) baselines with A3C for architecture search [26] and a
PPO algorithm for EDA tool parameter search [28], and train them
for 50 episodes (rounds), each with 10 iterations, to search fixed-
length sequences of EDA commands from QoR feedback. In addition,
we include a human baseline by asking an experienced engineer
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Table 1: Chip design statistics and optimization results. Here, “TS” and “WS” denote total slack and worst slack, respectively.
Ratio (%) indicates the percentage of the post-ECO metric compared with the original value. The best results are bolded.

Metric | Method NYPLA NY].)LA ariane136 mempool aes_256 hidden1 hidden2 hidden5 Avg. Ratio}
partition_m  partition_p tile_wrap (%)
Original -1.909e+04 -2.073e+05 -2.189e+05 -2.133e+06 -5.774e+04 -4.237e+04 -1.325e+05 -1.512e+05 -3.702e+05 -
TS Human -2.901e+03 -1.174e+04  0.000e+00 0.000e+00 0.000e+00 0.000e+00 0.000e+00 -4.327e+02 -1.884e+03 0.51%
(ps) RL (A3C) | -8.094e+03 -1.480e+05 -1.579e+05 0.000e+00 -2.979e+03 -5.374e+03 -3.587e+02  -6.237e+02 -4.042e+04 10.92%
RL (PPO) | -1.611e+03  -5.022e+03  0.000e+00 -1.558e¢+06 0.000e+00 -2.547e+03 -1.010e+03 -4.289%e+02 | -1.961e+05 | 52.96%
Ours -1.588e+03 -4.739e+03 0.000e+00 0.000e+00 0.000e+00 0.000e+00 0.000e+00 -4.259e+02 | -8.441e+02 0.23%
Original | -3.657e+02  -2.784e+02 -1.667e+02 -4.777e+02 -5.820e+01 -1.314e+02 -1.823e+02 -8.691e+01 | -2.184e+02 -
wst Human -9.276e+01  -6.650e+01  3.431e-01  4.700e-01  2.400e+00 8.670e+01 2.330e-01 -3.117e+01 | -1.254e+01 | 5.74%
(ps) RL (A3C) | -2.144e+02 -2.601e+02  -1.935e+02 2.761e+00 -3.310e+01 -1.225e+02 -1.573e+01 -3.117e+01 | -1.085e+02 49.68%
RL (PPO) | -6.468e+01  -4.759%e+01 2.182e-01  -3.101e+02  2.400e-03  -8.904e+01 -2.912e+01 -3.117e+01 | -7.144e+01 32.71%
Ours -6.468e+01 -4.743e+01 1.660e-01  3.700e+01  8.000e-04 3.400e-03 3.960e-02  -3.117e+01 | -1.326e+01 6.07%
Original 2.728e+03 9.570e+03 3.266e+04  2.813e+04  2.728e+04  5.355e+03  3.307e+04 2.734e+04 2.077e+04 -
Areal Human 2.879e+03 9.655e+03 2.938e+04  2.728e+04  2.730e+04  5.362e+03  2.968e+04 2.753e+04 1.988e+04 95.71%
(ﬂmz) RL (A3C) | 2.757e+03 9.626e+03  3.253e+04  2.831e+04  2.725e+04  5.353e+03  3.307e+04 2.712e+04 2.075e+04 99.90%
RL (PPO) 2.883e+03 9.653e+03 3.267e+04  2.720e+04 2.731e+04  5.370e+03  3.296e+04 2.744e+04 2.068e+04 99.61%
Ours 2.898e+03 9.665e+03  2.937e+04 2.735e+04 2.692e+04 5.342e+03 2.947e+04  2.753e+04 1.982e+04 | 95.43%
Original 5.250e-03 5.450e-02 5.928e-01 4.640e-02 3.037e-01 2.200e-02 5.863e-01 4.440e-01 2.569e-01 -
Power| Human 5.710e-03 5.680e-02 5.841e-01  4.770e-02 3.056e-01 2.210e-02 5.752e-01 4.544e-01 2.565e-01 99.84%
(W) RL (A3C) | 5.518e-03 5.580e-02 5.928e-01 4.900e-02 3.110e-01  2.200e-02  5.864e-01 4.550e-01 2.597e-01 101.09%
RL (PPO) 5.866e-03 5.700e-02 5.929¢e-01 4.790e-02 3.056e-01 2.220e-02 5.861e-01 4.553e-01 2.591e-01 100.87%
Ours 5.875e-03 5.700e-02 5.842e-01  4.700e-02 3.006e-01 2.200e-02 5.747e-01 4.557e-01 2.559e-01 99.61%

to operate EDA tools for 10 rounds, each with 10 iterations. Our
framework runs with the same configuration as the human does.

5.2 Optimization Results

As a common practice, timing slack is treated as a hard constraint
and is prioritized first, since negative slack may lead to functional
failure of the design. Once timing violations are resolved, power and
area are optimized as secondary objectives under the satisfied timing
constraint. Our primary optimization preference is thus specified in
natural language: achieve non-negative worst slack (WNS), and
once this timing target is reached, minimize the normalized
area—power cost, computed as Area/Areajp;; + Power/Poweripit.
This preference is also used to select the optimized design to present
from all launched optimization rounds (or episodes for RL base-
lines). Table 1 compares our method with RL baselines and manual
scheduling by an experienced engineer.

Our framework achieves the strongest average timing optimiza-
tion. For TNS, it improves the original timing violation by 99.77%,
compared with 89.08%/47.04% for A3C [26]/PPO [28], which cor-
responds to 10.7%/52.7% better TNS than A3C/PPO. For WNS, it
reduces the average violation from —218.4 ps to —13.26 ps, which
corresponds to 43.6%/26.6% better WNS than A3C/PPO, while re-
maining comparable to the human baseline (-12.54 ps). On de-
signs with remaining negative slack after optimization, such as
NVDLA_partition_m/p and hidden5, our method still achieves the
least negative slack.

In addition to optimizing timing, our framework also preserves
power and area. It achieves the lowest average area among all opti-
mized results (95.43% of the original design) and the lowest average
power (99.61% of the original design). The slightly larger overheads
on the NVDLA_partition_m/p reflect the cost of aggressive tim-
ing repair for severe violations. Overall, the QoR results under a
common preference that prioritizes timing before power and area
demonstrate that our agentic framework is stronger for iterative

Table 2: Customized optimization with allowable WNS degra-
dation of 5% of the clock period. The power and area reduc-
tions are compared with Ours in Table 1. Additional power-
breakdown comparisons are in Section B.

Desien Allowable Achieved Power Area
& WS (ps) WS (ps)  Reduction Reduction

arianel36 -35 -34.90 0.05% 0.35%
mempool -130.00 1.90% 0.21%
tile_wrap

aes_256 -27.5 -27.49 1.34% 1.85%
hidden1 -30 -14.23 0.00% 0.11%
hidden2 -35 -34.29 0.00% 0.06%

ECO optimization than RL-based black-box search, even though RL
observes more EDA feedback traces during training.

We further present the hypervolume progression during the opti-
mization process of the Pareto frontier over WNS, power, and area
for selected design cases in Figure 4. We set the area and power
reference points to 1.1X their initial values to avoid zero hyper-
volume since optimizing timing may slightly degrade power and
area. Our agentic framework reaches a larger hypervolume within
10 rounds, whereas PPO [28] and A3C [26] require many more
training episodes and still converge to a lower hypervolume. This
result indicates that our framework not only satisfies the default
timing-first preference, but also explores a stronger Pareto frontier
for comprehensive QoR trade-offs.

5.3 Customized Optimization with User
Preference

In practice, engineers often optimize under user-specified prefer-
ences, such as trading limited timing margin for lower power or
area [16, 29]. Such preference-driven objectives are difficult to re-
alize with black-box optimizers (e.g., RL) without careful reward
engineering [9]. In contrast, LLM-based agents can directly interpret
natural-language preferences and adjust scheduling accordingly.
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Figure 4: Hypervolume progression for selected design cases. PPO and A3C are plotted over 50 training episodes, while our

agent is plotted over 10 rounds.

Table 3: Ablation results averaged over all designs in Table 1.
The best results are bolded.

Total Worst

Method Slack (ps)  Slack (ps) Power (W)  Area (um?)
GPT-5-mini -8.441e+02 -1.326e+01  2.55%e-01 1.981e+04
GPT-40-mini -1.534e+03  -2.536e+01 2.581e-01 2.039e+04
DeepSeek-V3.2 -1.670e+03  -2.195e+01  2.557e-01 1.977e+04
w/o RAG, w/ Reflect -1.559e+03  -2.668e+01 2.581e-01 1.992e+04
w/ RAG, w/o Reflect -1.829e+03  -2.371e+01 2.558e-01 1.986e+04
w/o RAG, w/o Reflect  -1.973e+04  -2.716e+01 2.566e-01 2.005e+04

We select five designs from Table 1 that achieve timing-clean
solutions under the default preference, and then relax timing by
allowing WNS degradation up to 5% of the clock period. Table 2
reports the allowable/achieved worst slack and the power/area re-
ductions relative to Ours in Table 1.

Across all five designs, the achieved worst slacks satisfy the allow-
able limits. Power reductions are near-zero on hidden1 and hidden2
because clock power dominates total power, limiting overall reduc-
tion. When excluding clock power, the customized objective yields
more substantial reductions, as analyzed in Section B. Overall, these
results show that our framework can follow language-instructed
preferences and satisfies customized QoR objectives during ECO.

5.4 Ablation Study

We perform ablation studies on the RAG and reflection modules
of our framework and test the framework with different backbone
LLMs. Results averaged over all designs are reported in Table 3.
Replacing the default GPT-5-mini with GPT-40-mini (2024-07-18)
yields a modest degradation in both slack metrics. We also use open-
source DeepSeek-V3.2 (2025-12-01) [30], which improves power and
area slightly, but results in slightly worse timing slack.

Removing the RAG and reflection mechanisms individually re-
sults in QoR degradation, with the removal of both leading to the
worst results. Thus, both natural-language expertise grounding and
QoR-aware reflection are essential for a successful ECO.

5.5 Runtime and Cost Analysis
We report average token usage, API cost, and runtime in Table 4. The
RL baselines run for over 50 episodes (rounds) but still achieve lower
QoR than our method with 10 rounds. We therefore directly compare
the end-to-end runtime of RL over 50 episodes with our framework
over 10 rounds. Under this setting, our full method finishes in 3.54h,
while training RL takes 15.38h, giving a 4.3X runtime reduction.
This speed advantage comes in addition to the QoR gains reported
above, showing that language-guided iterative optimization is more
efficient than black-box RL for ECO flows.

Removing RAG and Reflection components reduces token usage
and runtime, but also weakens QoR. Without RAG, the average
token count drops from 1.45M to 0.58M and runtime decreases from

Table 4: Runtime and cost analysis across methods averaged
over all designs.

Method Token  Cost ($) Runtime (h)
A3C [26]/PPO [28] - - 15.38/17.45
Ours 1,451,290 1.25 3.54
Ours (GPT-40-mini) 911,470 0.16 0.93
Ours (DeepSeek-V3.2) 1,003,061 1.16 2.61
Ours w/o RAG, w/ Reflect 582,528 0.46 1.55
Ours w/ RAG, w/o Reflect 1,393,026 1.18 2.83
Ours w/o RAG, w/o Reflect 544,610 0.44 1.48
BN EDA M Other |
8.51 %‘ 17.85% 15.86 7~
I 49.31%
34.83 %~

73.64 %J

NVDLA_partition_m: 3.45h hidden1: 1.89h

Figure 5: Runtime breakdown for NVDLA_partition_m and
hidden1. The Other sector denotes other runtime costs like
EDA tool report parsing.

3.54h to 1.55h; removing both RAG and reflection further reduces
the cost to 0.54M tokens and 1.48h. Even with these components,
the full framework remains much faster than RL and incurs modest
token cost, making it practical for ECO flows.

Figure 5 shows that the remaining runtime is largely due to EDA
tool execution, especially on large designs. For the larger NVDLA
case, EDA calls account for 73.6% of total runtime, compared with
17.9% for LLM calls and 8.5% for other overhead. Thus, for industrial
large designs, LLM interaction is mostly amortized by expensive
EDA runs, and the agent acts as a preference-aware scheduling layer
rather than the dominant runtime bottleneck.

6 Conclusion

This paper presents Retrieve-Schedule—Reflect, an agentic LLM
framework that improves chip QoR by scheduling iterative ECO
actions through EDA tools. Our framework uses search-tree re-
trieval to ground scheduling decisions in natural-language expert
knowledge, executes ECO actions through EDA tools, and applies
Pareto-driven reflection to improve timing-power—area trade-offs
across rounds. Experiments on eight designs show that our method
achieves stronger timing optimization than reinforcement-learning
baselines while reducing power and area, with more than 4X runtime
speedup. The framework also supports user-defined optimization
preferences expressed in natural language, enabling customized
trade-offs without task-specific reward design.
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A Scheduling Search Tree

Each search-tree node v associates an objective o € {timing, power, area} with a natural-language design summary s, an EDA-tool strategy
G, and a relevant manual excerpt (licensed text omitted). We construct the tree from literature, expert ECO strategies, and tool manuals,
then apply expert filtering to remove invalid transitions; for example, timing optimization should not change a “small” violation into a
“significant” one. Tree paths form scheduling templates that encode state transitions, objective preferences, and tool-use strategies. At each
schedule—execute iteration, the scheduler retrieves paths matching the current state, QoR changes, and user preference, as illustrated below.

SCHEDULING PATH TEMPLATE EXAMPLE N

Timing (Aggressive) — Timing (Incremental) — Power — Timing (Incremental) x*Design summary**: The design exhibits severe
timing violations. After aggressive timing optimization, several violations remain. We then perform incremental timing
optimization with a different algorithm. After they are fixed, we perform power recovery. The power-recovery step may
introduce timing degradation that requires incremental timing optimization.

*xTarget selectionx*: Use an aggressive timing pass to gain slack fast, then an incremental timing pass to stabilize, then
optimize power, and end with incremental timing cleanup. Switch away from timing if it becomes well-exploited with no
gains.

*x0ption selection*x: Aggressive timing is x*exploration-heavyx* (broad option coverage) to expose limits. Incremental
timing is *xexploitation-heavy**, using only options shown to help and avoiding prior no-effect attempts. Power stage
starts with exploration to find which power components can be reduced safely, then exploits the best component-focused
options.

*xGuidelinesx*: Don’t chase truly non-fixable timing violations. If aggressive timing increases power/area, explicitly
recover power afterward (and note whether area needs a later pass). After power changes, always run a timing cleanup to
repair any regressions while minimizing new side-effects.

- J

B Additional Experimental Results with Customized Optimization Tasks

Table 5: Original ASAP7 design statistics.

Metric NVDLA_partition. m  NVDLA_partition_p ariane136 mempool_tile_wrap aes_256 hidden1 hidden2 hidden5
Clock period (ps) 4e+02 4e+02 7e+02 2.6e+03 5.5e+02 7e+02 7e+02 3e+02
Total slack (ps) -1.909e+04 -2.073e+05 -2.189e+05 -2.133e+06 -5.774e+04 -4.237e+04 -1.325e+05 -1.512e+05
Worst slack (ps) -3.657e+02 -2.784e+02 -1.667e+02 -4.777e+02 -5.820e+01  -1.314e+02  -1.823e+02  -8.691e+01
Area (ymz) 2.728e+03 9.570e+03 3.266e+04 2.813e+04 2.728e+04 5.355e+03 3.307e+04 2.734e+04
Power (W) 5.250e-03 5.450e-02 5.928e-01 4.640e-02 3.037e-01 2.200e-02 5.863e-01 4.440e-01

Table 5 summarizes the original designs. For customized optimization, we allow up to 5% worst-slack degradation and report only
combinational and register power: clock-network power dominates but is not the benchmark focus [27], while area has no cell-level breakdown.
Tables 6 and 7 compare the default (“Ours”) and customized (“Custom”) objectives. Customized optimization reduces combinational power
most strongly because sizing and buffering primarily affect combinational logic. The zero register power of ariane136 and hidden2 results
from asynchronous flip-flops not classified as standard registers; the remaining designs still show register-power reductions. These results
show that the agents interpret user objectives and schedule optimizations for customized trade-offs.

Table 6: Combinational power comparison; reduction is (Ours — Custom)/Ours X 100%.

Design Total (W) Leak (W) Dyn (W)

Ours Custom Reduction Ours Custom Reduction Ours Custom Reduction
aes_256 2.39%e-1 2.32e-1 2.9% 1.34e-4 1.07e-4 20.1% 2.39e-1 2.32e-1 2.9%
ariane136 4.16e-2 3.29%-2 20.9% 4.31e-5 1.74e-5 59.6% 4.15e-2 3.29e-2 20.7%
hidden1 2.22e-3 2.14e-3 3.6% 1.95e-5 1.07e-5 45.1% 2.20e-3 2.13e-3 3.2%
hidden2 3.68e-2 3.63e-2 1.4% 1.32e-5 1.25e-5 5.3% 3.68e-2 3.63e-2 1.4%
mempool_tile_wrap 1.80e-2 1.74e-2 3.3% 1.30e-3 1.13e-3 13.1%  1.68e-2 1.62e-2 3.6%

Table 7: Register power comparison; reduction is (Ours — Custom)/Ours X 100%; “~” is non-comparable.

Design Total (W) Leak (W) Dyn (W)

Ours Custom Reduction Ours Custom Reduction Ours Custom Reduction
aes_256 4.23e-2 4.10e-2 3.1% 4.53e-6 4.53e-6 0.0% 4.23e-2 4.10e-2 3.1%
arianel36 0 0 - 0 0 - 0 0 -
hidden1 4.63e-4 4.61e-4 0.4% 2.33e-6 2.33e-6 0.0% 4.60e-4 4.59e-4 0.2%
hidden2 0 0 - 0 0 - 0 0 -
mempoolﬁtilefwrap 5.25e-4 5.15e-4 1.9% 2.45e-6 2.3%e-6 2.4% 5.23e-4 5.13e-4 1.9%
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