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Abstract: The quality of results (QoR) of logic synthesis depends on the type and order of the optimization operators, 
and exhaustive evaluation is expensive, so machine-learning surrogates are widely used to predict recipe QoR. In the 
reference train and test lists released with the public dataset OpenABC-D, every design in the test list also appears in 
the training list, so figures reported on those lists need not reflect transfer to a new design. Using that dataset, this study 
takes 27 open-source circuits and 1,500 twenty-step ABC recipes, forming 40,500 labeled runs, trains four lightweight 
surrogates on 30 features, and scores them within each design under a random split and under leave-one-design-out 
(LODO). The median within-design mean absolute percentage error for area rises from 2.66% to 23.30% between the 
two protocols and falls back to 3.54% when the target is expressed relative to one reference-recipe calibration, although 
the coefficient of determination stays below zero. Under LODO, the median within-design rank correlation for area 
is 0.547, positive for 24 of the 27 held-out designs, so ranking information is partly transferable; for delay it is 0.007 
(P=0.097) and no significant transfer is detected. Gradient boosting ranks best and trains in 0.161 seconds per fold. The 
evaluation protocol markedly changes apparent accuracy, and cross-design use of these features is supported for ranking 
area, not delay.
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1. Introduction
Logic synthesis converts a register-transfer level description into a gate-level netlist, and the quality of the 
result depends on the combination and order of optimization operators. In the ABC tool, operators such as 
rewrite, refactor, resub, and balance can be arranged freely, so the recipe space grows exponentially with 
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length, while one run of synthesis plus technology mapping takes considerable time, which makes exhaustive 
search infeasible [1].

Two lines of work address this. One searches the recipe space directly, approaching good recipes 
by reinforcement learning or multi-armed bandits [2–3]; the other trains surrogate models that replace real 
synthesis at very low inference cost and turn the search into a ranking of predicted values [4].

That value depends on the deployment scenario: the case with real engineering meaning is to apply a 
model trained on historical designs to one never seen before, avoiding resampling. Evaluation, however, is 
often organized by recipe. The reference train and test lists distributed with OpenABC-D are of this kind: 
all nine designs in the released test list also appear in the training list, so a model scored on those lists has 
already seen other recipes of every circuit. Under such a split, the model needs only to learn the design’s 
scale plus the recipe’s small perturbation, and the scale is precisely what is unknown across designs.

Using OpenABC-D, this study compares lightweight surrogates under the two protocols and answers 
three questions: how much the protocol changes apparent accuracy; how the target parameterization changes 
cross-design error; and whether ranking ability survives when absolute accuracy does not [5]. The contribution 
is to quantify these differences and show that area and delay differ in cross-design transfer.

2. Literature review
Machine-learning methods for logic synthesis fall into two lines. The search line begins with the synthesis 
flow developed without human knowledge [2]; DRiLLS models operator selection as reinforcement learning, 
FlowTune uses a domain-specific multi-armed bandit, and later work tunes synthesis-tool parameters jointly [3, 

6–7]. Each step needs real synthesis feedback, so cost grows with the number of steps.
The prediction line avoids that cost. LOSTIN encodes the circuit with a graph neural network and the 

recipe with a recurrent network [4]; MTLSO attributes overfitting to the small number of available netlists 
and adds multi-task learning [8]. Others predict and-inverter graph (AIG) timing or power after approximate 
synthesis [9–10]. Circuit representation learning has advanced in parallel: DeepGate2 and DeepGate3 improve 
functional awareness and scalability, and PolarGate targets the functionality-representation bottleneck of 
graph neural networks on AIGs [11–13].

On data and evaluation, OpenABC-D labels 1,500 recipes on 29 open-source modules, and OpenLS-
DGF offers a dataset-generation framework, while Chowdhury et al. argue the field lacks benchmarks 
comparable to the image domain [5, 14–15]. Generalization is studied in adjacent tasks: few-shot transfer to an 
unseen netlist, partitioning of unseen netlists, a generalizable surrogate for circuit topology design, flow 
runtime prediction, and tool-parameter rank prediction [16–20]. This study places the two protocols side by side 
under one dataset, feature set, and model family, and characterizes the transfer ceiling of lightweight features.

3. Methodology
3.1. Data and ground truth
The data are the machine-learning-ready release of OpenABC-D, which runs 1,500 recipes for each circuit [5]. 
Each recipe is a twenty-step sequence over seven operators: balance plus rewrite, refactor, and resub, each of 
the latter three in a plain and a zero-cost variant. The dataset records the final AIG’s AND count, NOT count, 
and longest path length, together with post-mapping area and delay. This study keeps the 27 circuits with 
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both QoR labels and a published original netlist, yielding 40,500 observations. These circuits span a wide 
range: the original AND count lies between 403 and 114,771, the logic depth between 13 and 1,522, and the 
area differs by about 304 times across designs.

3.2. Lightweight features
The feature set is deliberately lightweight: 30 dimensions, with no graph-representation-learning module. The 
recipe side contributes 20 dimensions: the occurrence count of each of the seven operators, the normalized 
center of gravity of the positions at which each operator appears, the total counts of the four operator 
families, the number of zero-cost variants, and the number of operator switches between adjacent steps. The 
design side contributes 10 dimensions counted from the original netlist: counts of primary inputs, primary 
outputs, AND nodes, NOT nodes and total nodes, the logic depth, the mean and maximum fanout, the AND 
count per primary input, and the logic depth over the base-two logarithm of the AND count.

3.3. Target parameterization
The absolute target predicts the area or the delay after mapping directly. The relative target is defined as

                                                                     (1)

where  is the quality of results of design  under recipe , and  is one reference recipe fixed across all 
designs. Every design runs through the same 1,500 recipes, so  was fixed in advance as the first of that shared 
set, not chosen after inspecting results. Obtaining  for a new design costs one synthesis run; the reference 
sample is removed at scoring time so the model cannot inflate its score by reproducing the constant 1.

3.4. Evaluation protocols and metrics
The random split shuffles all samples into five-fold cross-validation, so other recipes of the same design 
appear in the training set. Leave-one-design-out tests on one circuit and trains on the remaining 26, giving 27 
folds. Both protocols are scored within each design, against the dispersion of that design itself across recipes: 
the within-design coefficient of determination is one minus the ratio of summed squared prediction error to 
summed squared deviation from that design’s recipe mean, so a model cannot score merely by guessing the 
design’s overall scale. The study also reports the within-design mean absolute percentage error (MAPE), 
the within-design Spearman rank correlation, and a normalized top-1 regret: the selected recipe’s true value 
minus the design minimum, divided by its true-value range, selection being the lowest prediction; 0 means 
the truly optimal recipe was selected and 1 the worst.

3.5. Models and statistical testing
Four fixed, untuned models are compared: standardized ridge regression (regularization strength 1.0); a 200-
tree random forest (minimum leaf size 2); histogram-based gradient boosting (300 iterations, learning rate 
0.08); and a ReLU multilayer perceptron with two 64-unit hidden layers, standardized inputs and targets, 
mean-squared-error loss and Adam (learning rate 0.001, batch size 1024) for 60 epochs. Unstated settings use 
library defaults; all models share the feature set and the seed 20260807, with scikit-learn 1.8 and PyTorch 2.11. 
Under the random split, each sample is scored from the fold in which it was held out, so scoring is entirely 
out-of-fold. The three directional comparisons, protocol, target parameterization, and rank correlation against 
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zero, use one-sided paired Wilcoxon signed-rank tests; the model-family comparison is two-sided. The 27 
designs are the pairing units at a 0.05 significance level.

4. Results
Figure 1 shows the main results, with per-design area error on a logarithmic axis in panel (a).

Under the absolute target, the protocol difference is large. The median within-design coefficient of 
determination of gradient boosting falls from 0.141 under the random split to −51.2 under leave-one-design-
out, and the median within-design MAPE rises from 2.66% to 23.30%, with a paired test of P=7.5× 10-9. The 
coefficient of determination is strongly negative because its denominator is the dispersion of the design itself 
across recipes, whose median coefficient of variation is only 3.47%: a value of −51.2 means the squared error 
is about 52 times that within-design total, far worse than predicting the mean of the held-out design.

Switching to the relative target of Equation (1) removes most of that error. Under leave-one-design-
out the median error of gradient boosting drops to 3.54% and the median coefficient of determination rises 
to −0.787, with a paired test of P=3.7×10-8 for both improvements. The percentage error thus returns to the 
order seen under the random split, while the coefficient of determination stays below zero: the calibrated 
model still does not beat the mean of the held-out design. The shift is consistent with much of the cross-
design error being the unknown overall scale, which one reference run measures.

Whether ranking ability transfers depends on the target. For area, the median within-design rank 
correlation under leave-one-design-out is 0.547 with an interquartile range of 0.150 to 0.699, and 24 of the 
27 held-out designs take positive values, with P=1.0×10-6. For delay, by contrast, the median rank correlation 
is only 0.007 with an interquartile range of −0.024 to 0.090; 17 of the 27 designs take positive values, and 
P=0.097, which does not reach the significance level. Figure 1(b) shows this divergence directly, with the 
27 designs ordered by their area rank correlation: the points for area lie clearly towards the positive side, 
whereas the points for delay are densely distributed near zero.

Selection quality follows the same pattern, more modestly. With the relative target under leave-one-
design-out, the median top-1 regret for area is 0.234 (interquartile range 0.131 to 0.418) against 0.295 for the 
absolute target and 0.160 (interquartile range 0.085 to 0.287) under the random split. The regret of a recipe 
drawn uniformly at random has a median of 0.414 over the 27 designs, so the area surrogate improves on 
random selection without reliably recovering the best recipe. For delay, the median regret is 0.392 against a 
random reference of 0.358, so no improvement over random selection is observed.

The protocol gap holds for every model tested: the median area MAPE under leave-one-design-out 
is 26.42% for ridge regression, 21.29% for the random forest, 23.30% for gradient boosting and 24.92% 
for the multilayer perceptron, against 16.68%, 2.11%, 2.66% and 6.36% respectively under the random 
split. Gradient boosting ranks best, at 0.547 against 0.471 for the random forest, 0.455 for the multilayer 
perceptron and 0.389 for ridge regression; it beats the perceptron on 24 of the 27 designs, with P=3.0×10-5, 
and trains in 0.161 seconds per fold.
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Figure 1. Cross-design generalisation of the gradient-boosted surrogate. (a) Area MAPE per design. (b) Within-design 
rank correlation under leave-one-design-out

5. Discussion
The apparent accuracy of a surrogate is highly sensitive to the evaluation protocol: an area error that looks 
ready for use under a random split grows by nearly an order of magnitude once the same model class and 
feature set are scored on an unseen design. Reports of such models should therefore state the splitting scheme 
explicitly.

The relative target points to a low-cost engineering path, since one synthesis run measures the unknown 
scale of a new design; what survives calibration is ordering rather than absolute accuracy.

The divergence between area and delay deserves attention. The median coefficient of variation of 
delay across recipes is 14.84%, higher than the 3.47% of area, so delay does not lack variation; rather, these 
features did not capture it, the median rank correlation being 0.007 with P=0.097. Delay is set by the critical 
path after technology mapping, whose link to the operator sequence is more indirect than that of area; the 
design tests whether transfer occurs, not why it fails. Cross-design transferability should therefore be verified 
separately for each target, and not extrapolated from the area result to delay.

This study has four boundaries. First, all evidence comes from OpenABC-D under one technology 
library and one recipe family, 1,500 twenty-step sequences over seven ABC operators, so applicability to 
other flows remains to be verified. Second, every design runs through that same shared recipe set, so the 
protocol measures transfer to an unseen design under already-represented recipes, not to unseen recipe 
sequences. Third, the effective sample size on the design axis is 27, not 40,500, and those circuits are not 
fully independent, since three are variants of the same AES core. Fourth, the feature set is lightweight by 
construction, so the observed ceiling reflects this feature class, and graph-representation models such as 
DeepGate3 or PolarGate may transfer better [12–13].

6. Conclusion
This study compares lightweight surrogates under a random split and leave-one-design-out on the 27 
OpenABC-D circuits and their 1,500 shared recipes. Three conclusions follow. First, the protocol markedly 
changes apparent accuracy: the median within-design area error rises from 2.66% to 23.30%, so figures from 
a recipe-level split cannot represent cross-design deployment. Second, a relative target calibrated by one 
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reference recipe reduces that error to 3.54% while the coefficient of determination stays negative, so the gain 
is scale calibration rather than prediction of recipe-to-recipe variation. Third, transfer of ranking depends on 
the target: the median rank correlation for area reaches 0.547, positive on 24 of the 27 designs, whereas for 
delay it is 0.007 with P=0.097 and no significant transfer is detected. Future work can test these conclusions 
on other synthesis flows and target delay-specific features.
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