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Abstract—State-of-the-art physical-design autotuning relies on
black-box optimization loops that lack interpretability and design
context. We propose MapTuner, a multimodal vision-language
framework that analyzes layout maps and tool-generated diagnos-
tics to recommend flow recipes for subsequent iterations, reducing
manual effort and GUI debugging. We further apply GRPO-
based post-training to align the model’s recipe policy with PPA
objectives under different timing—power intents. An intent-guided
adapter maps user intent to objective-specific LoRA adapters
for parameter-efficient multi-objective adaptation. Evaluations
on 13 industrial benchmarks show consistent PPA improvements
and robust generalization across diverse designs and technology
nodes.

I. INTRODUCTION

Commercial physical design (PD) tools expose hundreds
of tunable parameters across placement, routing, and opti-
mization stages that determine timing, power, and congestion.
Evaluating one configuration requires a full place-and-route
flow, taking hours to days for industrial designs. This run-
time barrier makes systematic exploration impractical, even
with GPU-accelerated engines [1], [2]. To reduce evalua-
tions, recent work has turned to active-learning optimization—
Bayesian optimization [3], [4], [5], [6], [7]. [8], [9], [10], [11],
[12], [13], [14], [15], [16], bandit methods [17], evolutionary
search [18], and reinforcement learning [19], [20], [21], [22].
These methods adaptively propose configurations from scalar
PPA feedback, but operate almost entirely in the tool’s pa-
rameter space. Design context is often absent or reduced to a
handful of handcrafted numerical features, which are fragile
and lack semantics. This lack of explicit and transferable
design understanding therefore limits prior methods’ ability
to leverage historical experience across broader designs and
technology nodes.

In parallel, large language models (LLMs) have inspired
attempts to use pretrained models as flow-tuning [23], [24],
[25], [26], [27], [28] assistants, prompting them with constraint
files, logs, or textual summaries. LLMs can interpret human-
readable descriptions and suggest plausible adjustments with-
out explicit search heuristics. Yet existing approaches deploy
LLMs in a purely in-context manner: the model is treated
as a frozen oracle that reads a few examples and produces
the next recommendation. There is no mechanism to integrate
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Fig. 1. Overview of our MapTuner flow

large-scale historical data into a parametric policy aligned with
quantitative PPA outcomes, and finite context windows limit
performance as design complexity or dataset size grows.

Existing optimization and LLM-based methods rely solely
on textual features, overlooking physical layout maps (e.g.,
congestion, slack distribution, and critical-area placements)
that best reflect true design behavior. Analyzing or debugging
flows via physical maps in a GUI is powerful but highly labor-
intensive and difficult to automate, making it practical only for
critical or complex multi-issue scenarios.

To address these limitations, we introduce a multimodal,
reward-aligned framework for physical-design flow tuning, as
shown in Fig. 1. Specifically, we employ a vision—-language
model (VLM) that jointly interprets spatial layout maps and
textual design insights, enabling direct understanding of a
design’s physical characteristics for flow recommendation.
We further align the model using historical implementations
through group-relative preference optimization (GRPO)[29],
allowing it to learn a flow-tuning policy grounded in actual
timing and power outcomes rather than relying solely on
unconstrained semantic interpretation. Together, these com-
ponents form a unified system that reuses past experience
to deliver design-aware flow recommendations. Our main
contributions are summarized as follows:

o This is among the first multimodal flow-tuning frameworks
in EDA that integrates physical layout maps with design
insights.



o« We present a flow-tuning framework that combines mul-
timodal design understanding with scalable learning from
large historical implementation datasets.

« We introduce a GRPO-based training scheme with intent-
guided mixture-of-experts (MoE) reasoning that aligns the
model with timing and power outcomes, achieving consis-
tent PPA gains across 13 industrial designs.

II. BACKGROUND AND PRELIMINARIES
A. Physical Maps in Multimodal EDA Systems

Physical maps are the most direct diagnostic tool used daily
by physical design engineers to inspect designs. Early work
[301, [311, [32], [33], [34], [35], [36], [37], [38], [39], [40]
primarily uses layout images for supervised prediction and
layout optimization tasks. With the recent rise of LLMs in
EDA [41], [42], [43], [44], [45], [46], [47], [48], [49], several
multimodal systems [50], [51], [52] have incorporated physical
maps into LLM pipelines, but their scope remains limited to
defect or anomaly detection. [53] construct a multimodal Chip
Physical Design Engineer Assistant that also utilizes physical
maps to provide design suggestions, yet the maps are treated
mainly as auxiliary prediction features rather than reasoning
signals for flow tuning. In contrast, existing LLM-based flow-
tuning approaches [23], [24], [25], [26], [27], [54], [55], [28]
do not use physical maps. Thus, a multimodal framework
jointly reasoning over design text and layout maps for flow
tuning remains unexplored.

B. Group Relative Policy Optimization (GRPO)

Preference alignment is critical for steering Large Language
Models (LLMs) to adhere to human intent. The standard
approach, Proximal Policy Optimization (PPO) [56], opti-
mizes single-sample trajectories in Reinforcement Learning
from Human Feedback (RLHF) [57] by employing a clipped
objective and a learned value-function critic to reduce vari-
ance. Direct Preference Optimization (DPO) [58] simplifies
PPO via a pairwise classification objective, eliminating the
RL loop. However, DPO is limited to binary comparisons,
ignoring richer multi-candidate distributions. Group Relative
Policy Optimization (GRPO) [29] overcomes these limitations
by introducing a group-wise optimization framework that
employs a group-relative baseline for advantage estimation.
This mechanism allows GRPO to harness the stability of
PPO-style clipped updates without a critic, while exploiting
group-level feedback to achieve superior sample efficiency and
convergence.

C. Flow Recipe

Commercial physical design tools expose thousands of pa-
rameters, creating a search space too large to explore directly.
To keep tuning tractable, we use a set of expert preconfigured
parameter bundles—called recipes—each designed to target a
specific QoR intention. These recipes are distilled from human
physical-design practice: each recipe bundles a coherent set
of low-level tool settings corresponding to a commonly used
intervention, so the discretization reflects representative expert
actions rather than an arbitrary quantization of a continuous
knob space. This also makes training samples meaningful,

since they are collected over the same vetted action library.
As shown in Fig. 1, our goal is to strategically combine a
subset of these recipes to satisfy multiple design objectives.
Let R = {r1,...,rn,} denote the set of candidate recipes,
and let d represent the design context (e.g., structural metadata
and spatial layout information). Each recipe 7; is controlled
by a binary variable s; € {0,1} indicating activation, and
the selected recipe subset is S = {r; | s; = 1}. In the
evaluated commercial flow, the 65 recipes are curated to be
mutually compatible at the stage level; mutually exclusive or
order-dependent low-level settings are resolved during library
construction, so MapTuner selects subsets only from this vetted
library.

To formalize the objective above, we define the intent-
weighted QoR so that lower is better, and we choose S by
solving

min

_min, W, Timing(s, d) + W, Power(s,d). (1)
s R ™

Here, Timing(s,d) denotes the reported TNS magnitude
ITNS| in ns, so smaller values mean less negative slack and
0 indicates timing closure; Power(s,d) denotes total power,
which is also minimized. Hence lower is better for each term
and for the combined QoR reported in Tables I and II.

D. Design Insight

Design representation has been a persistent challenge for
ML-based flow tuning: differences in design architecture,
scale, and technology node make generic numerical fea-
tures unreliable in industrial settings. A practical and robust
alternative—mirroring how PD engineers actually work—is to
extract design insights from an initial P&R run, where modern
tools natively surface design and PPA issues as structured
diagnostic signals [28]. We use these tool-generated insights
as part of the design description, enabling the model to reason
about a design’s underlying challenges rather than relying
solely on black-box PPA metrics.

III. METHODOLOGY

Our method learns a design-aware flow-tuning policy by
combining multimodal inputs with reward-aligned policy
learning, as shown in Fig. 2. Each design is represented by its
physical layout maps and tool-generated insights, providing a
compact description of its implementation state. We finetune a
VLM on historical designs by pairing each multimodal repre-
sentation with evaluated recipe subsets and their timing—power
outcomes, then apply GRPO to align the model’s decision
policy with true PPA objectives under different timing—power
intents.

At inference time, the model consumes the multimodal
description of a new design and generates a Yes/No decision
sequence over all candidate recipes conditioned on the user’s
intent. The remainder of this section describes the multi-
modal representation, VLM backbone, intent-guided mixture-
of-experts, prompting and output format, GRPO-based policy
alignment, and inference pipeline.
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Fig. 3. Six physical layout maps used in our multimodal representation: cell
density, pin density, macro placement, power distribution, and setup and hold
timing paths.!

A. Multimodal Representation and Backbone

Each design is represented by two modalities: (1) design
insights (Sec. II-D), and (2) six layout maps: cell density, pin
density, congestion, timing-path distribution, power density,
and macro placement (Fig. 3). To process this multimodal in-
put, we adopt the Qwen3-VL [59] backbone, which combines
a pretrained vision-transformer encoder with a decoder-only
language model. Visual tokens are projected into the LLM
embedding space and fused through cross-modal attention
layers, enabling the model to jointly interpret layout maps and
design-insight text within a unified token sequence.

B. Intent-Guided Adapter Mixture-of-Experts

To modulate the model under different timing—power in-
tents, we introduce an intent-guided adapter mixture-of-experts
(Adapter-MoE), illustrated in Fig. 4. For each attention projec-
tion matrix (e.g., ¢/k/v/o) across all transformer blocks, we
attach two LoRA adapter experts: a timing expert and a power

!For confidentiality reasons, the maps shown here are visually obfuscated.
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Fig. 4. The model blends timing and power LoRA experts using intent-
dependent mixture weights and applies the mixed adapter within each trans-
former block.

expert. Each expert provides a low-rank update AW; = A;B,"
specialized for its target PPA objective.

Given a multimodal design description d and user intent u,
a gating function g(d,u) € A! produces intent-conditioned
mixture weights W = [Wiim, Wpow|. Operationally, g is a small
gating head that maps d and u = [W;, W,] to normalized
weights with wim + wpew = 1. The effective adapter update is
therefore

AI/Vmix = wtimAVVtim + wpowAWpowa (2)
yielding the adapted transformation
B =W + AWyix) h. 3)

As visualized in Fig. 4(a), the timing and power experts
define two directions in the adapter weight space, and the
mixture weights trace a continuous interpolation between
them, yielding controllable multi-objective behavior.

C. Chain-of-Thought Prompting and Decision Generation

Given a multimodal design description X, the model first
produces an intermediate reasoning process followed by a
strict, machine-parsable decision output. Instead of predicting



Algorithm 1 MapTuner Training

Algorithm 2 MapTuner: Deployment on an Unseen Design

Input: initial VLM parameters Ojpi; historical designs D.
Shared probe subsets:
P = {Slir()be o S%Obe}
For each design d € D:
Ga=A{Sa,1,--- Sk, }

m | POV

probe subsets (shared across designs)

evaluated recipe subsets
QoR per subset
Global Hyperf)arameters:
(Wt7WP)7 B7 m E7 G
epochs; GRPO group size
Output: trained parameters 6
. Offline preprocessing:
: for each design d € D do

intent weights; batch size; learning rate;

1
2
3 Run commercial PD flow on (d, Sfmbe) for all 3.
4: Store probe maps and insights as design observation z.
5: Training:
6: 0« einu
7. fore=1,...,F do
8: for each mini-batch of designs B C D with |B| = B do
9: L<+0
10: for each design d € BB do
11: Load z4
12: g  (2a, Wi, Wp) > Multimodal input with intent
13: for each subset Sy ; € Gy do
14: | ra; — — (W ayn + W dy)
15: {Aq,;} < GroupAdv({rg,;};,G) > Group Computation
16: for each subset Sy ; € Gy do
17: > Teacher-forcing compute subset likelihood
18: Yd,; < DecisionSequence(Sg, ;)
19: log o (Sa,; | Ta) < >4 logpe (ya e | vd,j,<t>Ta)
20: L—= Ad,j 10g Trg(Sdﬂj | Tq
21: 0+ 0—nVoLl > LoRA update

each recipe independently, the VLM generates a chain-of-
thought that analyzes timing, power, and congestion evidence
from the maps and insights, and then outputs a fixed-format
decision sequence.

a) Prompt template.: We design a deterministic prompt
requiring the model to (i) analyze key design phenomena and
(ii) produce a rigid token pattern:

Decision: <R>R_1</R> Yes <R>R_2</R> No ..

where each recipe r; is referenced by a fixed <R>name</R>
tag followed by a binary choice token Yes or No. This rigid
format enables unambiguous extraction of token-level log-
probabilities, which is required for policy learning.

b) Policy structure.: Let S;_1 denote prior decisions
emitted in the sequence. The decision policy factorizes au-
toregressively as:

st~ mo(se | 76,%,8-1), s €{0,1}. 4)

D. GRPO-Based Policy Alignment for PPA Objectives

Predicting absolute QoR across designs is unreliable due to
variations in scale, node, and recipe sensitivity, causing un-
stable cross-design regression. Instead of requiring the model
to estimate precise timing or power values, we formulate flow
tuning as a relative ranking problem: within each design, the
model only needs to distinguish better recipe subsets from
worse ones. This relative formulation is far more stable across
heterogeneous designs and provides a natural signal for policy
alignment. The overall training procedure is summarized in
Algorithm 1.

To train the model, we use historical data (x,S,QoR)
consisting of multimodal design descriptions, recipe subsets,
and their QoR outcomes. As shown in Algorithm 1 and Fig. 2,

Input: trained parameters 6; unseen design d*; fixed probe subsets Py =
{S{mbe, RN S%f’be}; user intent weights (W, Wp)
Output: recommended recipe subset S for d*
1: // Pass 1: Probe-based design characterization
2: fori=1,...,m do
3 Run commercial PD flow on (d*, Sfmbe)
4 Store probe maps and insights as design observation z.
5: Load z4
6: Tyx — (Zd* , W, Wp)
7: /I Pass 2: Recipe subset recommendation
8: Initialize decoder with prompt and x4+
9: Generate decision sequence y* ~ mg(- | zg4+) > e.g., greedy or nucleus
sampling
10: S < ParseDecisionSequence(y*)
Ry,..., Ry
11: return S

> map “Yes/No” to each recipe

we first compute the log-likelihood of the supervised decision
sequence through teacher forcing (Step 3). This provides
the token-level log-probabilities log my(S | x) required for
preference-based optimization:

T
log e (S | x) = Zlog o (st | 74, X, Si—1). (3)

t=1
We then align these likelihoods with timing—power objec-
tives using GRPO. Let qt(iﬁl) denote the lower-is-better timing
penalty (TNS magnitude) and qéggv the lower-is-better power
metric. Algorithm 1 converts this penalty-form QoR into the

higher-is-better reward

P9 = — (W, g + W g3%). ©)
or equivalently, with t(9) = —qt(iﬁl) and pl9) = —qég&/,

R@ — pl9) — W, +(9) +W, p(g)_ (7

standardized as »
Rl _
Al — 7‘“27 (8)
OR

so that GRPO can emphasize configurations that perform
relatively better under the specified intent. With a group size of
16 (Steps 2-3 in Algorithm 1), each update compares sixteen
subsets from the same design and optimizes

1

Larro = ~ig] > A9 logmg(S9) | x9)), )
g

thereby increasing the likelihood of high-performing subsets
and suppressing inferior ones. Thus the tables report QoR
in penalty form, while GRPO optimizes the sign-flipped re-
ward. Teacher forcing supplies the supervised log-probabilities
needed by GRPO without requiring absolute QoR regression.

E. Inference

For a new design d*, MapTuner follows the two-pass proce-
dure summarized in Algorithm 2. First, the fixed probe subsets
are executed to obtain the design’s physical maps and insights,
forming the multimodal description x4-. Together with the
user-specified timing—power intent u, this input is used by
the gating network to produce mixture weights w = g(x4+,u)
which determine the intent-conditioned adapter update AWy
(Eq. 2) and the resulting policy g w. Larger W, shifts the gate
toward the timing expert, while larger W), shifts it toward the
power expert.



insight reasoning

rMultiple diagnostic fields (e.g., I 1,1 2,1 3) signal timing stress amplified )
by area—power tradeoffs, including high power usage in sequential/buffer
structures and elevated clock-network power (I_4). The final TNS (= -16.4)
confirms unresolved setup violations, while setup-driven power and area
growth indicate that earlier optimization stages are inflating overhead. Given
the timing-dominant objective (Wt = 0.70), the reasoning naturally focuses

| on relieving timing and congestion without further increasing power.

map reasoning

rThe spatial maps consistently highlight the center and lower-middle region as\
the shared bottleneck. The cell-density map shows concentrated placement;
the setup-path map traces a timing-critical corridor through the same region;
and the power-density map reveals overlapping power hotspots. These
co-located patterns indicate that timing failures, congestion, and power
inefficiency originate from the same physical zone and must be addressed
C|'oinl1y.

recipe reasoning

Recommendation:

R1: ultra-high congestion handling to reduce placement pressure in the center
hotspot (matching the density map).

R3: stronger setup-timing closure mechanisms to address the negative TNS
concentrated in this region.

R8: congestion-driven structural transformations and area—pin cost
adjustments to relieve routing pressure.

R15: low-power placement modes specifically applied where power and
timing hotspots overlap.

R26: power-aware delay/repair passes that suppress power growth during
timing recovery.

Fig. 5. Reasoning trace illustrating how the model combines insights, layout
maps, and recipe logic to form its final decisions.

The policy then generates a structured analysis and a
complete Yes/No decision sequence through autoregressive
decoding:

y* = arg max To.w(Y | Xa+)- (10)
Because the prompt enforces a fixed ordering over recipes, the

decisions in y* can be parsed deterministically to obtain the
recommended subset

11

Through this process, the user intent guides the adapter
mixture and thus directly steers the model’s decision policy
and final recommendations without any retraining.

Sg+ = {7 : ry is labeled Yes in y* }.

IV. EXPERIMENTAL RESULTS
A. Experimental Setup

We implemented MapTuner in PyTorch on NVIDIA A100
GPUs. We evaluated 13 industrial benchmarks spanning 45 nm
to sub-10nm and up to 2M gates using a commercial flow
through post-placement optimization. Our optimization space
consists of 65 distinct recipes. For GRPO alignment, we
use 4,800 datapoints from 13 designs under diverse recipe
combinations. For the two-pass deployment (Algorithm 2),
we set the number of fixed probe subsets m = 1, adding
minimal overhead relative to search-based methods that require
hundreds of evaluations.

B. Multimodal Reasoning Analysis

To verify multimodal reasoning, we analyze the model’s
<think> trace (Fig. 5%). The trace decomposes into three
parts: (i) insight reasoning (referencing tool diagnostics); (ii)
map reasoning (interpreting spatial hotspots and paths); and
(iii) recipe reasoning (integrating observations to select flow
actions). These components provide direct evidence that the

2Condensed and redacted for confidentiality.
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Fig. 6. Activation maps indicating the regions of the layout most strongly
attended by the model during the forward pass.
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Fig. 7. GRPO convergence showing improved ranking quality across four
evaluation metrics.

model performs genuine multimodal reasoning over both the
symbolic design insights and the spatial map patterns.

To understand how the model processes the layout maps,
we inspect the vision encoder’s intermediate patch activations
during the forward pass (Fig. 6). The activations highlight the
hotspot regions of each map—the same areas referenced in the
map-reasoning portion of the <think> trace—indicating that
the model is genuinely attending to and interpreting the visual
content.

C. GRPO Training Curve

Figure 7 reports the convergence behavior of our GRPO
training objective. With a group size of 16, each update learns
a relative ordering over 16 recipe subsets from the same
design. The four metrics—Spearman correlation, Kendall’s
Tau, pairwise accuracy, and preference-reward score—measure
how well the model’s predicted ranking matches the ground-
truth QoR ordering within each group; higher values indicate
stronger ranking fidelity and more stable reward alignment.
All metrics are evaluated on a held-out validation group of
the same size 16.

We additionally compare GRPO against Direct Preference
Optimization (DPO), a widely used LLM preference-alignment
method. Under the same forward-pass budget, both methods
use 16 subset likelihood evaluations per optimization step;
DPO samples 8 random preference pairs per update and
therefore learns only pairwise constraints rather than full group
structure. As shown in the figure, GRPO converges faster and
achieves higher ranking metrics across all measures, indicating
that group-relative preference learning provides a richer signal
than pairwise DPO.
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TABLE I

DESIGN, WE REPORT THE ACHIEVED TNS, POWER, AND INTENT-WEIGHTED QOR ACROSS ALL EVALUATED BENCHMARKS.

Best Known GPT-40 GPR MapTuner
design || TNS  Power QoR TNS  Power QoR TNS  Power QoR TNS  Power QoR || tech. node size
(ns) (mW) Score || (ns) (mW) Score || (ns) (mW) Score || (ns) (mW)  Score
D1 33.53 458.57 -4.35]|| 42.57 1184.83 -0.08 | 17.55 1208.18 -0.04 || 32.21 923.27 -1.43 l6énm 584452
D2 21.61 2031.70 -1.54 || 19.92 2052.62 -0.64 || 19.87 2049.63 -0.78 || 13.18 2038.56 -1.55 Snm 276676
D3 14.68 100.13 -1.77 555 11250 -0.42 6.42 108.68 -0.93 998 104.44 -1.37 Snm 152851
D4 0.04 189.67 -1.25 0.04 19256 -0.45 0.01 192.68 -0.47 0.04 190.21 -1.09 7om 117868
D5 19.50  66.03 -0.74|| 22.15 67.14 -031]|| 2459 66.54 -044| 36.02 6392 -0.96 7nm 130521
D6 13.25 13422 -1.09|| 15.07 137.10 -0.61 12.31 138.46 -0.61 16.28 132.14 -1.16 Snm 118017
D7 1.34 6893 -1.55 024 7384 -0.40 0.18  73.83 -0.42 148  67.88 -1.82 40nm 68200
D8 104.08 12.80 -1.16 || 303.14 13.13 -0.07 || 142.97 13.16 -0.73 || 72.24 1221 -1.73 45nm 45713
D9 0.84 0.02 -2.01 0.01 0.05 0.16 0.15 0.05 0.11 0.12 0.02 -2.00 7nm 1055050
D10 || 120.93 386.51 -0.40||117.54 418.54 0.321|278.53 377.70 -0.08 || 115.24 289.53 -2.64 12nm 740429
D11 2099 4438 -093| 26.69 4526 -046|| 21.87 4573 -037| 24.03 44.04 -1.01 12nm 156920
D12 0.04 65040 -0.95 0.02 664.04 -0.15 0.13 65293 -0.71 0.04 64284 -1.41 7nm 319230
D13 0.00 0.71 -0.72 0.00 2.88 0.46 0.00 0.74 -0.70 0.00 0.71 -0.71 Tnm 230721
TABLE II

REesuLTs UNDER THE TIMING-INTENT OBJECTIVE (0.7 TNS / 0.3 POwER), WITH QOR AS THE INTENT-WEIGHTED OBJECTIVE METRIC (LOWER IS BETTER). FOR EACH

DESIGN, WE REPORT THE ACHIEVED TNS, POWER, AND INTENT-WEIGHTED QOR ACROSS ALL EVALUATED BENCHMARKS.

Best Known GPT-40 GPR MapTuner
design || TNS  Power QoR TNS  Power QoR TNS  Power QoR TNS  Power QoR || tech. node size
(ns) (mW) Score || (ns) (mW) Score || (ns) (mW) Score || (ns) (mW)  Score
Dl 1459 1181.68 -0.38 || 16.85 121046 -0.29|| 18.43 1215.81 -0.26 || 32.21 923.27 -0.88 I6nm 584452
D2 16.61 2046.56 -1.04 || 22.61 2069.58 -0.03 || 19.26 2077.43 -0.18 || 13.18 2038.56 -1.51 Snm 276676
D3 3.55 108.11 -1.21 7.05 109.46 -0.72 7.83 109.17 -0.65 393 10870 -1.13 Snm 152851
D4 0.04 189.67 -0.56 0.05 191.89 -0.34 0.03 192.54 -0.36 0.02 191.59 -0.50 7nm 117868
D5 18.10  66.60 -0.76 || 20.87 67.05 -0.52| 21.35 66.89 -0.51 15.62  67.19 -0.83 7nm 130521
D6 12.51  136.02 -096| 14.59 138.14 -0.54| 1421 13852 -0.57 || 1096 137.87 -1.09 Snm 118017
D7 0.10 7276 -0.62 0.07 7430 -0.45 0.13 74.22 -0.43 0.47 68.78 -0.93 40nm 68200
D8 72.65 1420 -0.51 || 89.02 14.73 -0.18 || 99.93 14.11 -0.27 || 60.28 1343 -0.88 45nm 45713
D9 0.05 0.03 -1.03 0.03 0.05 -0.19 0.06 0.04 -0.23 0.12 0.02 -1.06 7nm 1055050
D10 || 102.51 39229 -0.61 || 136.34 42434 -0.03 || 127.70 380.35 -0.53 || 115.24 289.53 -1.49 12nm 740429
D11 19.22 4492 -0.73|| 2136 4574 -0.49| 21.19 45.64 -0.51 17.79  44.67 -0.84 12nm 156920
D12 0.08 649.84 -0.48 0.03 661.94 -0.28 0.05 654.82 -0.42 0.04 64284 -0.77 Tnm 319230
D13 0.00 0.71 -0.35 0.00 0.74 -0.34 0.00 0.75 -0.34 0.00 0.71 -0.35 7nm 230721

D. Recipe Recommendation Performance

We evaluate MapTuner using two-fold cross-validation
across 13 designs. In each fold, a subset is held out for
testing while the remainder is used for training, so all reported
metrics reflect unseen designs. We consider two compound-
QoR optimization intents: Power-Intent (0.3 TNS / 0.7 Power)
and Timing-Intent (0.7 TNS / 0.3 Power).

For each held-out design and intent, the model generates ten
candidate recipe subsets. Both GPR and GPT-40 use the same
sampling budget, and we report the best QoR among the ten
predictions for all methods. Tables I and II compare MapTuner
against two baselines: (i) a Gaussian-process regressor (GPR),
representing Bayesian optimization with historical data; and
(ii)) GPT-40, a zero-shot multimodal LLM given the same
prompt and map inputs without task-specific fine-tuning. Since
GPT-4o0 is closed-source and cannot be fine-tuned on design
history, the comparison isolates the benefit of GRPO-based
adaptation for recipe selection in physical-design flow tuning.

Under the Power-Intent setting, MapTuner improves both
power and compound score for D5, D6, D7, D8, D10, D11,
and D12, outperforming the best-known offline datapoints. For
D3 and D4, where historical datapoints are already highly
optimized, MapTuner remains competitive and stays close
to the empirical bound. In contrast, GPT-40 exhibits larger
variance and often produces weaker power results, suggesting

that zero-shot multimodal prompting is less effective here than
task-specific GRPO adaptation. GPR generally performs better
than GPT-40 but degrades on designs with irregular or non-
smooth QoR landscapes, highlighting the limitation of black-
box regression under heterogeneous design behaviors.

Overall, MapTuner adapts robustly to different optimization
intents and generalizes effectively to held-out designs. Across
both scenarios, it produces recipe subsets that match or surpass
the best-known offline configurations, capturing transferable
optimization patterns for unseen designs.

V. CONCLUSION

We presented MapTuner, a flow-tuning framework that com-
bines multimodal understanding and scalable learning from
historical implementation data. By integrating layout maps
and design insights into a VLM and aligning it through
GRPO with intent-guided adapter mixtures, MapTuner learns
a ranking-based tuning policy across heterogeneous designs.
Experiments on 13 industrial designs show consistent timing—
power gains over GPT-40, Gaussian-process regressors, and
strong commercial baselines under both intents. These results
support practical, interpretable multimodal flow tuning with
design-aware recommendations for industrial settings across
diverse nodes and design scales.
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