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ABSTRACT
Co-optimizing timing and power in modern VLSI designs remains
challenging under realistic static timing analysis and standard-cell
libraries. Classical gate sizing often scales poorly, while learning-
based sizers behave as expensive black boxes with limited generality.
Recent differentiable physical optimization enables gradient-based
design flows, but existing approaches still struggle to stay aligned
with library-based implementations and to provide controlled tim-
ing–power trade-offs. We propose a library-native quad-gradient gate
sizing framework that leverages differentiable timing to derive struc-
tured guidance for timing and power, enabling more systematic and
interpretable co-optimization in the standard-cell sizing space. On
the ICCAD 2025 contest benchmarks, our framework achieves, on
average, 40.4% larger reduction in TNS and 16.2% better total power
change than the 1st-place contest flow.

1 INTRODUCTION
Gate sizing is a fundamental technique for timing closure and power
optimization in standard-cell designs, and is NP-hard [29]. In practice,
it must operate in a discrete standard-cell library with limited drive
strengths and threshold voltages (Vth), under highly non-convex,
nonlinear static timing analysis (STA). An ideal gate sizing optimizer
should therefore (i) work directly in the discrete drive×Vth library
space, (ii) provide physically meaningful and interpretable update
directions, (iii) stay consistent with nonlinear STA, and (iv) scale to
large designs.

Early work used continuous convex formulations, most notably
geometric programming (GP), for gate sizing [11, 13, 16]. Such relax-
ations were later found to mismatch discrete standard-cell libraries,
whichmotivated Lagrangian Relaxation (LR), sensitivity-based heuris-
tics, and dynamic programming that operate more directly on discrete
gate choices [2, 6, 7, 14, 15, 30, 31]. These methods are physically inter-
pretable but typically run as CPU-based iterative STA with heuristic
control, leading to high runtime and limited scalability, although
parallelization on CPUs [20, 26, 33] can alleviate runtime.

More recently, machine learning (ML)–based methods, including
RL and GNN/Transformer models [3, 22, 24, 27, 37], perform gate
sizing directly in the discrete library and are typically implemented
with GPU acceleration. However, they largely behave as black-box
models with limited interpretability, while both their substantial
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Figure 1: Conceptual comparison of gate sizing approaches
along four axes: (i) discreteness w.r.t. the standard-cell library,
(ii) interpretability of optimization, (iii) consistency with non-
linear STA, and (iv) scalability.
training and their tendency toward design-specific overfitting limit
their applicability across designs.

In the spirit of smoothed analytical placement [19, 21] and differ-
entiable STA [12, 23], recent work on differentiable physical opti-
mization expresses STA as a differentiable computation graph and
runs gradient-based updates on GPUs for placement and sizing [8–
10, 32, 35], making end-to-end optimization conceptually very ap-
pealing. However, existing differentiable gate sizing frameworks have
three limitations: (i) they relax the discrete library to a continuous
space and then project back, so gradient directions are not directly
tied to legal moves in the discrete standard-cell library; (ii) the smooth-
ing techniques used to make timing differentiable blur truly critical
timing regions and spread attention into non-critical areas, weak-
ening the focus where slack is tight; and (iii) timing improvement
and power recovery are usually driven by a single combined loss or
gradient, so emphasizing timing around critical paths can misjudge
near-critical or timing-safe regions and unnecessarily hurt power.

Differentiable timing models are also approximate and can deviate
from actual STA. Prior work on calibrating fast versus detailed timers
has shown that lightweight corrections can significantly improve
timing correlation [4, 5, 17, 18, 23, 34, 36], suggesting that bringing
similar calibration into a differentiable sizing loop—still largely un-
explored—can better align gradient with the timing behavior of STA
engines.

In this work, we design a disentangled differentiable gate siz-
ing framework with four goals: operating directly in the discrete
drive×Vth library, keeping optimization interpretable, staying close
to nonlinear STA, and scaling efficiently on GPUs. Figure 1 sketches
how classical, ML-based, and differentiable approaches relate to these
four goals and where our method lies. To achieve these goals, we
make the following contributions:
• Quad-Gradient library-native discrete gate sizing. We
optimize directly in a two-dimensional discrete library space
indexed by drive strength and Vth, and compute directional
subgradients aligned with library moves, ensuring consistency
between gradients and discrete cell replacement.
• Adisentangled differentiable frameworkwith decoupled
timing–power gradients. On top of a shared forward timing
evaluator, we use two backward branches: one focuses on tim-
ing updates near critical paths to mitigate criticality diffusion,
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and the other targets timing-safe regions for conservative, sta-
ble power recovery, decoupling conflicting objectives at the
gradient level.
• Multi-level physical calibration from reference STA. We
introduce calibration mechanisms within the differentiable
framework so that timing quantities align in magnitude and
trend with reference STA, ensuring consistent physical infor-
mation in the computation graph.
• Strong empirical gains on ICCAD 2025 Contest bench-
marks. On the ICCAD 2025 contest benchmarks [25], our
framework achieves, on average, 40.4%pt larger TNS reduction
and 16.2%pt better total power change than the best available
contest flow.

The remainder of this paper is organized as follows: Sec. 2 reviews
STA basics, prior differentiable timing, and our 2D sizing formulation,
Sec. 3 presents the disentangled differentiable framework, Sec. 4
reports experimental results, and Sec. 5 concludes.

2 PRELIMINARIES
This section reviews the basics of timing and power objectives, the
structure of a differentiable STA engine, and the timing-power co-
optimization formulation for gate sizing.

2.1 Timing and Power Objectives
STA models the circuit as a directed acyclic graph (DAG) and com-
putes signal transition arrival times in order to determine circuit
performance. In this DAG, vertices represent pins, each associated
with timing properties like arrival time AT (·), required arrival time
RAT (·), and slew(·). Directed edges represent the timing arcs that
propagate delay and slew between pins through cells and nets [1].
For the cell arcs, the nonlinear delay model (NLDM) defines output
delay and slew using two look-up tables (LUTs) for each arc type.
These LUTs are queried with input slew and output capacitive load
using bilinear interpolation. For the net arcs, the Elmore delay model
based on RC trees is widely used in early-stage optimization because
it is simple and differentiable, and is usually calibrated to improve
accuracy [18].

In VLSI gate sizing task, the sizes of logic gates (i.e. cells) determine
the specific LUTs and pin capacitances used during timing propaga-
tion and thus have a profound impact on circuit timing. For every
group of logically-equivalent gate types (e.g., AND2), the standard
cell library provides many different physical implementations (“sizes”
in our paper) with different drive strengths (e.g., ×1, ×4) combined
with different threshold voltages (e.g. LVT, RVT). For a gate 𝑔 with
chosen size 𝑠𝑔 (e.g., AND2x1_LVT), its delay and slew are defined as
follows,

𝑑
cell 𝑔
𝑢→𝑣 = 𝐿𝑈𝑇𝑢→𝑣delay

(
slew(𝑢), load (𝑣); 𝑠𝑔

)
,

slew(𝑣) = 𝐿𝑈𝑇𝑢→𝑣slew
(
slew(𝑢), load (𝑣); 𝑠𝑔

)
.

Given the cell and net delay models, the arrival times and slews are
propagated through the circuit topologically level by level. During
the traversal, maximum arrival times from fanin pins 𝑢 to every pin
𝑣 are selected in AT (𝑣) to cover worst-case scenarios:

AT (𝑣) = max
(𝑢→𝑣) ∈𝐸

{AT (𝑢) + 𝑑𝑢→𝑣 }.

During physical optimization, we normally focus on setup-time anal-
ysis and optimization (i.e. max scenario) following the formulation
in [25]. Each timing endpoint 𝑝 (a register D pin or an output port)
yields a slack value by subtracting its required arrival time 𝑅𝐴𝑇 (𝑝)

with its arrival time:
Slack(𝑝) = 𝑅𝐴𝑇 (𝑝) −𝐴𝑇 (𝑝),

The final timing targets are then computed by accumulating these
slacks across all endpoints E, yielding worst negative slack (WNS)
and total negative slack (TNS):

WNS =min
𝑝∈E

Slack(𝑝), TNS =
∑︁
𝑝∈E

min{0, Slack(𝑝)}.

For the power objective, we use total power consisting of leakage,
internal, and switching power [25] using nonlinear power model
(NLPM) similar to NLDM model for timing.

2.2 Differentiable Timing Analysis
Formulating STA as a differentiable process unlocks gradient-based
optimization techniques that offer a mathematically sound and in-
terpretable alternative to heuristics. The basic idea is to treat the
level-by-level timing propagation as analogous to the forward prop-
agation of neural networks. By running the backward propagation
from endpoints back to every timing arc and through delay models,
the gradient of objective over design choices can be obtained. Each
iteration proceeds in the following steps:

(i) Loss at endpoints. Define a loss from endpoint objectives
(TNS/WNS).

(ii) Endpoint→ pin.Map derivatives of endpoint slacks to per-pin
AT and slew.

(iii) Pin→ arc and physical parameters. Propagate arrival time
gradients along timing arcs to obtain (a) gradients of net arc
delays, which backpropagate to parasitics and cell locations; and
(b) gradients of cell arc delays and slews, which backpropagate
to LUT indices and ultimately to gate sizes.

(iv) Adjust design. Accumulate gradients on the design variables
(e.g., cell locations in placement, gate sizes in sizing).

Due to the max operators used in timing propagation, directly
taking the gradient of a typical STA process leads to a gradient tensor
where only pins on the worst negative path have non-zero gradient,
which is overly sparse and can lead to ill-conditioned optimization.
To solve this problem, smoothing techniques like log-sum-exp (LSE)
have been applied to differentiable STA to redistribute the backward
gradients to more fanin arcs based on relative criticality.

2.3 Problem Formulation
In this paper, we target a challenging physical optimization task as
defined in the ICCAD 2025 CAD contest [25]. Given a netlist and a
cell library, find an optimal combination of gate sizes 𝑠 in order to
minimize a combination of TNS, WNS, and Power objectives:

min
𝑠

𝐹 (𝑠) = 𝛼 |TNS(𝑠) | + 𝛽 |WNS(𝑠) | + 𝜇 Power(𝑠),

subject to 𝑠𝑔 ∈ L𝑔, ∀𝑔,
(1)

whereL𝑔 is the logically equivalent gate sizes of gate𝑔. Here each size
is defined as a combination of drive strength and threshold voltage.
We note the contest setting [25] also allows buffer insertion. However,
in this work we focus on gate sizing and insert no extra buffers in
combinational circuits. As we show later, by designing an advanced
gate sizer, we can remarkably outperform all contest top teams that
might have used both gate sizing and buffer insertion.

3 ALGORITHM
Our gate-sizer is based on a differentiable optimization framework
similar to [8, 9]. In such a framework, the key questions are (1) how
to formulate the problem as a set of numerical variables to optimize,



Figure 2: Our proposed framework (right) compared to a vanilla
differentiable physical optimization flow (left).

Figure 3: Two-dimensional choice space for gate sizing.

(2) how to obtain gradients for guidance, especially what smoothing
strategy to use, (3) how to perform discrete variable updates based
on continuous gradients, and (4) how to ensure accurate timing feed-
back, especially how to achieve robust and effective calibration with
external delay annotations. We identify and address challenges on
all four aspects in prior work that had hindered the optimization
effectiveness of such a multi-objective gate sizing task. The result
is a novel differentiable gate sizer that achieves superior results, as
shown in Figure 2. The following subsections detail our innovations
in four aspects, respectively.

3.1 Two-Dimensional Gate Sizes and Quad
Gradients

The raw gate sizing problem optimizes variables 𝑠𝑔 ∈ L𝑔 , which are
choices instead of numerical values. To formulate choices as numer-
ical values for differentiable optimization, prior works [8, 10] sort
all sizes into a 1-dimensional sequence and assign integers 0, 1, 2,
... to the sequence elements in order. However, such sorting and as-
signment has been shown to introduce non-monotonicity [8] that
traps optimization to local optimum. For example, sorting all sizes
by fastest-to-slowest typical delay does not always yield largest-to-
smallest typical power, and vice versa.

We identify one core issue in sequential assignment: the non-
monotonicity lies in the pairwise nature of drive strength and voltage
threshold. In fact, all discrete size choices provided by the library

Figure 4: Smoothing is critical for stable timing optimization.
Without smoothing (NoSmooth), the full gradient is routed
to a single winner fanin arc while a nearly tied competitor
receives no gradient, which can worsen the final bottleneck
after an update. With smoothing (AveSmooth 3.2.1), the gra-
dient is distributed according to relative criticality, avoiding
that failure mode.

spread in a 2-dimensional grid-like space instead of 1 dimensional,
as shown in Figure 3. Motivated by this, we assign 2 variables for
every gate size 𝑠𝑔 instead of one, representing drive strength 𝜅𝑔 and
voltage threshold 𝜃𝑔 respectively. Each optimization iteration gen-
erates gradients separately for the two variables. Combined with
techniques introduced in the next sections where we calculate gradi-
ents differently for upsizing and downsizing, this effectively yields 4
gradients controlling up- and downgrading strength, as well as up-
and downgrading voltage thresholds, respectively.

3.2 Disentangled Upsize and Downsize Gradients
Optimizing WNS and TNS tends to upsize gates to achieve a stronger
driver and thus smaller delay, while optimizing power tends to down-
size gates because gates with larger sizes (i.e. larger drive strength
or smaller voltage threshold) consume a lot of power. A balanced
solution assigns larger sizes to critical path cells while downsizing
cells on non-critical paths, which is a behavior we try to encapsulate
in our differentiable optimizer.

To identify critical paths for timing optimization, differentiable
timers employ smoothing techniques like LSE during their backward
propagation to spread gradients out. The selection of smoothing
strategies and hyperparameters has been directly tied to the delicate
balance between critical path focusedness and the prevention of
oscillation in WNS/TNS optimization [12], as illustrated in Figure 4.

None of the prior works study the smoothing techniques in power
optimization yet. We note that power optimization through discrete
downsizing should always be applied to cells that are least likely to
be on critical paths. As a result, regardless of the timing optimization
smoothing strategy, power optimization always requires an aggres-
sive smoothing strategy that spreads gradients as wide as possible.

Motivated by this, we design a framework that back-propagates
timing gradients twice, separately for timing and power iterations,
using different smoothing strategies tailored to their respective needs.
Figure 5 visualizes our choices. For timing optimization, we adopt
a novel conservative AveSmooth strategy (Section 3.2.1) that con-
centrates on critical paths. For power optimization, we adopt an



Figure 5: The different smoothing techniques used: AveSmooth
(left, for WNS/TNS) and LSESmooth (right, for power).

Figure 6: Components of the sizing gradient: AT-driven delay,
load via input capacitance, and downstream slew demand.
aggressive LSESmooth strategy with a reasonably-large 𝛾 constant
(Section 3.2.2) to help us rule out cells that are unsafe to downsize.

3.2.1 AveSmooth for Timing Iteration. For WNS/TNS optimization,
we propose a new smoothing strategy AveSmooth which we find to
yield better solution quality than LSE-based smoothing. The basic
idea is to spread gradients evenly to fanin arcs that are close to the
maximum one up to a fixed percentage 𝜖 = 0.01. This is a simple yet
effective way to spread gradients while maintaining our focus on
critical paths.

N𝜀 (𝑣) =
{
𝑢

��� 𝐴𝑇 (𝑢) + 𝑑𝑢→𝑣
≥ (1 − 𝜀) max

𝑢′

(
𝐴𝑇 (𝑢′) + 𝑑𝑢′→𝑣

)}
,

(2)

𝑤ave
𝑢→𝑣 (AT) =

{
1/|N𝜀 (𝑣) |, 𝑢 ∈ N𝜀 (𝑣),
0, otherwise,

(3)

𝜕𝑓

𝜕𝐴𝑇 (𝑢) += 𝑤ave
𝑢→𝑣 (AT) ·

𝜕𝑓

𝜕𝐴𝑇 (𝑣) . (4)

3.2.2 LSESmooth for Power Iteration. For power optimization, we
adopt LSESmooth [12, 28] with a reasonably-large 𝛾 = 1 constant.
This rules out near-critical cells aggressively to ensure no timing
degradation when downsizing cells for power benefit.

𝑤 lse
𝑢→𝑣 =

exp
(
(𝐴𝑇 (𝑢) + 𝑑𝑢→𝑣)/𝛾

)∑
𝑢′ exp

(
(𝐴𝑇 (𝑢′) + 𝑑𝑢′→𝑣)/𝛾

) ,
𝜕𝑓

𝜕𝐴𝑇 (𝑢) += 𝑤 lse
𝑢→𝑣 ·

𝜕𝑓

𝜕𝐴𝑇 (𝑣) .
(5)

3.3 Upsizing/Downsizing with Gradient Feedback
The gradients generated by backpropagation carry rich and inter-
pretable information which we use to instruct upsizing and down-
sizing of cells. This section details the interpretable gradient in the
context of gate sizing, and our strategies on updating discrete vari-
ables.

We use back-propagation to obtain gradients of 𝜅𝑔 and 𝜃𝑔 using
chain rule of partial derivatives. This naturally splits the gradients

on size variables to 3 components during equation derivations, as
depicted in Figure 6:

(i) Demand in reducing the cell delay itself. The gradients on arrival
time are back-propagated and assigned to individual cell arcs. A large
delay gradient indicates a critical cell arc, i.e., it is on one or multiple
critical paths or affecting many individual endpoints inside TNS.( 𝜕𝑓

𝜕𝑠𝑔

)
AT

=
∑︁

𝑢∈fanin(𝑣)

𝜕𝑓

𝜕𝐴𝑇 (𝑣)︸   ︷︷   ︸
global

·𝑤ave
𝑢→𝑣 (AT) ·

𝜕 𝐿𝑈𝑇𝑢→𝑣delay

𝜕𝑠𝑔
. (6)

(ii) Pressure from upstream driver to reduce capacitive load. Input
pin capacitance of the current cell contributes to the load driven by
the upstream cell. Thus, the demand to lower upstream cell delay
encourages the downsize of the current cell.( 𝜕𝑓

𝜕𝑠𝑔

)
load

=
∑︁

𝑢∈fanin(𝑣)

𝜕𝑓

𝜕𝐶𝑎𝑝𝑢︸  ︷︷  ︸
upstream

· 𝜕𝐶𝑎𝑝𝑢
𝜕𝑠𝑔

. (7)

(iii) Pressure from downstream receiver to reduce its output slew.
Similarly, the delay of a downstream cell benefits from the potential
upsize of current cell since large cells output smaller slews.( 𝜕𝑓

𝜕𝑠𝑔

)
slew

=
∑︁

𝑢∈fanin(𝑣)

𝜕𝑓

𝜕slew(𝑣)︸     ︷︷     ︸
downstream

·𝑤ave
𝑢→𝑣 (slew) ·

𝜕 𝐿𝑈𝑇𝑢→𝑣slew

𝜕𝑠𝑔
. (8)

Aggregating the three sources yields
𝜕𝑓

𝜕𝑠𝑔
=

( 𝜕𝑓
𝜕𝑠𝑔

)
AT
+
( 𝜕𝑓
𝜕𝑠𝑔

)
load
+
( 𝜕𝑓
𝜕𝑠𝑔

)
slew

. (9)

The partial derivatives 𝜕𝐿𝑈𝑇 /𝜕𝑠𝑔 and 𝜕𝐶𝑎𝑝/𝜕𝑠𝑔 are not taken with
respect to a continuous parameter, but along discrete library moves.
Let gate size 𝑠𝑔 = (𝜅𝑔, 𝜃𝑔) where 𝜅𝑔 denotes ordered integer drive
strength and 𝜃𝑔 denotes ordered integer voltage threshold. For con-
venience, we use ↑ 𝜅𝑔, ↓ 𝜅𝑔, ↑ 𝜃𝑔, and ↓ 𝜃𝑔 to denote the 4 possible
update actions. For any quantity 𝑋 ∈ {𝐿𝑈𝑇delay, 𝐿𝑈𝑇slew,𝐶𝑎𝑝} and
any candidate action 𝑎 that maps the current state 𝑠𝑔 to a neighbor-
ing state 𝑠𝑎𝑔 , we approximate the directional derivative along 𝑎 by a
one-sided finite difference (𝜕𝑋/𝜕𝑠𝑔)𝑎 ≈ 𝑋 (𝑠𝑎𝑔 ) − 𝑋 (𝑠𝑔).

3.3.1 Timing Update. Using the chain-rule structure in (6)–(8) with
these finite differences, we form the per-action directional estimate;
(𝜕𝑓 /𝜕𝑠𝑔)𝑎 denotes the directional derivative under action 𝑎.( 𝜕𝑓

𝜕𝑠𝑔

)↑𝜅𝑔
,

( 𝜕𝑓
𝜕𝑠𝑔

)↓𝜅𝑔
,

( 𝜕𝑓
𝜕𝑠𝑔

)↑𝜃𝑔
,

( 𝜕𝑓
𝜕𝑠𝑔

)↓𝜃𝑔
.

These four directional derivatives, corresponding to the four prim-
itive actions in the 2D drive-strength (𝜅) and threshold-voltage (𝜃 )
space, are collectively referred to as the quad-gradient. We convert
them into benefits using the sign convention:

𝜓
↑𝜅
𝑔 = −

( 𝜕𝑓
𝜕𝑠𝑔

)↑𝜅𝑔
, 𝜓

↑𝜃
𝑔 = −

( 𝜕𝑓
𝜕𝑠𝑔

)↑𝜃𝑔
, (10)

𝜓
↓𝜅
𝑔 = +

( 𝜕𝑓
𝜕𝑠𝑔

)↓𝜅𝑔
, 𝜓

↓𝜃
𝑔 = +

( 𝜕𝑓
𝜕𝑠𝑔

)↓𝜃𝑔
. (11)

In practice, upsizing (↑ 𝜅) can degrade timing by loading upstream
drivers, whereas downsizing (↓ 𝜅) may help; this motivates evaluating
all four directions and explains the baseline’s negative “optimization”
entries, highlighting the difficulty of gate sizing.



Algorithm 1: GPU-parallel Top-𝐾 quad-gradient update
Input: Quad-gradient scores𝜓𝑑

𝑔 for 𝑑 ∈ {↑ 𝜅, ↓ 𝜅, ↑ 𝜃, ↓ 𝜃 };
validity/freeze masks; budget 𝐾

Output: Updated discrete gate states 𝑠𝑔
1 Build candidate list C = { (𝑔,𝑑,𝜓𝑑

𝑔 ) | 𝑑 valid, 𝜓𝑑
𝑔 > 0, 𝑔 not frozen}

in parallel
2 Ψ← vector of all𝜓𝑑

𝑔 in C

3 idx← topk(Ψ, 𝐾 ) on GPU
4 S← ∅; mark all gates as unused
5 foreach 𝑖 ∈ idx (in descending order) do
6 (𝑔,𝑑,𝜓 ) ← C[𝑖 ]
7 if 𝑔 already used then
8 continue
9 add (𝑔,𝑑 ) to S and mark 𝑔 as used

10 Update states for (𝑔,𝑑 ) ∈ S in parallel; freeze 𝑔 at 𝑠best𝑔 if oscillating
(𝑠𝑔 ⇄ 𝑠′𝑔)

Large-magnitude gradients usually correspond to gates that affect
many timing paths, so prioritizing them yields more global improve-
ment while changing fewer gates; hence we use a Top-K strategy that
updates only gates with the largest gradients.

Collect all candidate tuples into C = {(𝑔,𝑑,𝜓𝑑𝑔 ) | 𝑑 ∈ {↑ 𝜅, ↓ 𝜅, ↑
𝜃, ↓ 𝜃 }} and perform a single GPU-parallel Top-𝐾 update with budget
𝐾 ; the procedure is summarized in Alg. 1. At termination, we roll
back to the best state 𝑆★ if the final objective exceeds 𝑓 ★.

3.3.2 Power Update. Under LSESmooth, we treat locations satisfying
|𝜕𝑓 /𝜕𝐴𝑇 | ≤ 𝜏 as timing-safe. We then apply power-reducing actions
there, either by decreasing drive strength (↓ 𝜅) or by raising Vth, for
example from LVT to RVT. Every few timing iterations, we run one
LSE-power step. It first uses the LSESmooth backward pass to find
timing-safe locations and then applies a subset of these actions to
save power without hurting timing.

Traditional RAT-based methods see only local slack and are blind
to a gate’s global impact scope. A cell in a large fanout cone may look
locally timing-safe, yet downsizing it compresses the optimization
space of many other gates. In contrast, LSESmooth produces inher-
ently global gradients: cells that influence many gates and endpoints
naturally accumulate larger magnitudes, discouraging premature
downsizing of these high-impact locations.

3.4 Multi-Level Physical Calibration
Prior work on differentiable timing calibration [23] mostly stops at
correcting arc delays, which cannot provide sufficiently accurate
physical information for physical-level optimization. For gate sizing
in particular, computing the delay and propagated slew of a gate
requires both the input slew and the output load, and only well-
calibrated slew and load can ensure that the benefit of a sizing change
is evaluated faithfully. Moreover, the backpropagation of AT gradients
relies on accurate AT values, and only precise AT can steer gradients
toward the locations that truly require optimization. To this end, we
develop a Multi-Level Physical Calibration scheme (Figure 7) that,
beyond conventional delay calibration, also calibrates slew and load,
enabling more precise sizing while greatly reducing harmful updates.

We first run our timer once with an uncalibrated model to obtain
slew, load, and AT, and divide the reference STA results by these
values to derive separate calibration ratios for each quantity. In subse-
quent iterations, we multiply our own predictions by the correspond-
ing ratios. The ratios are computed layer by layer: if one layer devi-
ates, it is corrected before propagating to the next layer, so each layer

Figure 7: Multi-Level Physical Calibration for Differentiable
Sizing. Left: calibration ratios are derived by comparing ref-
erence arrival times from OpenSTA against the first differen-
tiable estimate. Middle: these ratios correct later loop values by
multiplication. Right: calibrated slew and load place each gate
at an accurate operating point on its LUT surface, enabling
reliable evaluation of sizing benefits.

is evaluated on already calibrated inputs. This hierarchical scheme
keeps the per-layer ratios close to one and allows the calibration
effect to persist over many optimization iterations.

4 EXPERIMENTAL RESULTS
4.1 Experimental Setup
We conducted all experiments on a Linux server with an Intel Xeon
Silver 4214 CPU and 256GB memory. The optimization routines were
accelerated using one NVIDIA RTX A6000 GPU with 48 GB VRAM.
To ensure a fair comparison with other methods, we followed the
setting of ICCAD 2025 Contest [25] and limited all experiments to
use 8 CPU threads.

In our experiments, we set 𝜖 = 0.01, 𝛾 = 1, and 𝜏 = 10−6. The num-
ber of gate updates per iteration (𝐾 ) is dynamically adjusted during
the optimization (ranging from 10 to 500) to balance convergence
speed with optimization stability.

4.2 Comparison with ICCAD 2025 Contest Flows
We evaluate our framework on all benchmarks of the ICCAD 2025
Contest [25]. We obtain the contest official evaluation reports from
the 1st and 2nd winner teams for comparison. We cannot compare
with the 3rd winner team due to the unavailability of their report. The
contest rules allow a combination of three optimization techniques:
gate sizing, buffering, and cell relocation. The evaluation flow of our
approach follows exactly the same procedure as that in the contest.
We apply our core optimization engine, which relies exclusively on
gate sizing. After our optimization, we apply a mandatory legalization
step to produce a valid and legal solution as required by the contest.
This step is run for compliance and incurs a non-trivial performance
penalty. This fully compliant flow allows a direct comparison of our
sizing-centric engine against the multi-technique flows of the base-
lines. The runtime for the 1st and 2nd winner teams was evaluated
under a different Linux machine with similar CPUs, but stronger
GPU, i.e., 8 Xeon CPUs and one A100 GPU. As the hardware differs,
the runtime comparison is just for reference.

As shown in Table I, our approach can significantly reduce |TNS| by
51.8% on average, which is 40.4%pt and 43.1%pt better than the contest
winner teams. Moreover, the contest winner teams achieve timing
optimization at the cost of noticeable power increase (5.2% and 14.6%),
while, by contrast, our approach can even reduce power by 11.0%. We
ascribe such remarkable benefits to the disentangled optimization of
timing and power mentioned in Sec. 3.3.2, which not only optimizes
timing by careful sizing up operations in timing-critical regions, but



Table 1: Comparison with the top two teams of the ICCAD 2025 Gate Sizing Contest.

Design1 #Cells Init.
TNS(ps)

Δ |TNS | (%)2(↓) Init.
Power(W)

ΔPower (%) (↓) Runtime (s) (↓)

1st 2nd ours 1st 2nd ours 1st 2nd ours

NV_c 167.8K -3.52E+07 -31.9 -30.1 -41.5 1.63E+00 +8.6 -1.2 -2.5 518 209 180
ac97 7.8K -1.98E+05 +16.5 -7.9 -49.2 1.36E-01 -56.5 -13.2 -44.8 5 13 30
aes 4.4K -6.83E+03 -58.4 +30.3 -63.4 3.74E-02 +24.1 +9.9 +1.3 8 11 31

cipher 11.6K -1.40E+04 -38.3 -37.8 -78.2 7.84E-02 -0.8 -2.7 +0.4 10 11 42
des3 2.2K -2.42E+04 0.0 -2.5 -27.7 1.25E-02 0.0 -11.2 +15.2 450 8 33

mc_top 5.4K -6.68E+04 +0.0 -8.6 -37.2 1.29E-02 -2.3 -4.7 +10.9 865 13 53
pool 182.9K -1.14E+07 -1.2 +0.7 -3.1 3.96E+00 +248.5 +228.3 +0.3 1132703 283 299

netcard 298.4K -3.46E+08 +147.0 +55.4 -100.0 1.68E+00 -95.1 +1.2 -90.7 1826043 741 169
pci 12.1K -3.89E+05 -2.0 -13.2 -90.4 1.28E-01 -49.2 -3.9 -60.2 6 13 41
tv80s 3.7K -7.67E+04 +0.0 -8.0 -20.9 1.11E-02 -0.9 +3.6 +21.6 641 9 41
ariane 105.7K -3.13E+03 -99.8 -91.5 -97.8 4.55E-02 -14.3 -22.0 0.0 942 47 339
des 2.3K -2.05E+03 -9.5 -5.8 -7.1 1.58E-02 0.0 -8.9 +5.7 4 7 36
fpu 22.2K -5.87E+03 -70.8 +5.4 -57.0 2.84E-01 +49195.83 +46378.93 0.0 5790 34 116

Ave. -11.4 -8.7 -51.8 +5.2 +14.6 -11.0 840 108 108
1 Abbr: NV_c (NV_NVDLA_partition_c), ac97_top (ac97), cipher (aes_cipher_top), pool (mempool_tile_wrap), netcard (netcard_fast), pci (pci_bridge32).
2 WNS is omitted since the contest metric only uses TNS.
3 Extreme reported values that are kept for completeness but treated as outliers and excluded from the Ave. row averages.

Figure 8: Empirical analysis of our gradients and update policies. (a–e) Results on pci_bridge32: correlation between quad-
gradient scores and Δ|TNS|, the effect of AveSmooth versus LSESmooth on gradient distributions, and TNS trajectories with and
without the freeze strategy in Algorithm 1. (f–g) Results on des: Δ|TNS| of power-reduction moves inside timing-safe regions
defined by |𝜕𝑓 /𝜕AT| ≤ 𝜏 under different smoothing schemes.

also reduces power by sizing-down operations in non-critical regions.
For reference, our runtime is also very competitive even on a weaker
GPU compared with the contest winner teams.

4.3 Empirical Analysis of Gradients, Freezing,
and Timing-Safe Regions

We empirically examine how our gradients and update policies behave
on representative ICCAD 2025 benchmarks. On pci_bridge32
with an ideal clock setting (Figs. 8a–e), the quad-gradient scores
are strongly correlated with the true change in |TNS| for individual
sizing moves. AveSmooth also produces a much sharper and cleaner
gradient distribution than LSESmooth. The TNS trajectories show
that the freeze strategy in Algorithm 1 suppresses oscillation and
steadily lowers |TNS|, whereas the no-freeze variant oscillates at a
worse level. On des (Figs. 8f–g), we validate our timing-safe region
for power optimization, defined by locations with |𝜕𝑓 /𝜕AT| ≤ 𝜏 . With
LSESmooth at 𝛾 = 1, all down-sizing moves in this region keep |TNS|
unchanged. By contrast, AveSmooth and LSESmooth with 𝛾 = 10−4

produce many moves that worsen |TNS|. This confirms that the large-
𝛾 LSESmooth branch reliably screens noncritical regions for power
recovery.

5 CONCLUSION
In this paper, we propose a disentangled differentiable gate sizing
framework for timing-power co-optimization. By defining quad-
gradients for discrete drive × Vth space, we enable effective opti-
mization in a 2D discrete space with differentiable approaches. We
further decouple the optimization of timing and power with two
backward branches to identify timing critical and non-critical re-
gions. Experimental results on the ICCAD 2025 contest benchmarks
demonstrate that our framework can achieve 40.4%pt better TNS
improvement and 16.2%pt better total power change compared with
the contest winner teams.
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