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Abstract

Designing analog circuits from performance specifications is a complex, multi-stage
process encompassing topology selection, parameter inference, and layout feasibil-
ity. We introduce FALCON, a unified machine learning framework that enables
fully automated, specification-driven analog circuit synthesis through topology se-
lection and layout-constrained optimization. Given a target performance, FALCON
first selects an appropriate circuit topology using a performance-driven classifier
guided by human design heuristics. Next, it employs a custom, edge-centric graph
neural network trained to map circuit topology and parameters to performance,
enabling gradient-based parameter inference through the learned forward model.
This inference is guided by a differentiable layout cost, derived from analytical
equations capturing parasitic and frequency-dependent effects, and constrained by
design rules. We train and evaluate FALCON on a large-scale custom dataset of 1M
analog mm-wave circuits, generated and simulated using Cadence Spectre across 20
expert-designed topologies. Through this evaluation, FALCON demonstrates >99%
accuracy in topology inference, <10% relative error in performance prediction,
and efficient layout-aware design that completes in under 1 second per instance.
Together, these results position FALCON as a practical and extensible foundation
model for end-to-end analog circuit design automation. Our code and dataset are
publicly available at https://github.com/AsalMehradfar/FALCON.

1 Introduction

Analog radio frequency (RF) and millimeter-wave (mm-wave) circuits are essential to many modern
technologies [1–5]. Yet their design remains manual and heuristic-driven [6–8], challenged by a
vast continuous design space, tightly coupled trade-offs (e.g., gain, noise, bandwidth, power), and
layout-dependent interactions. As demand for high-performance analog blocks grows, this slow,
expert-driven cycle has become a bottleneck. While ML has transformed digital design, analog
efforts remain fragmented—focusing on isolated tasks like topology generation or sizing [9, 10],
assuming fixed topologies [11–14], relying on non-scalable black-box optimization [15], or predicting
performance without enabling inverse design [16]. Layout is typically handled in post-processing [17],
and many benchmarks rely on symbolic or synthetic simulations [18], limiting realism. No current
ML pipeline supports fully generalizable, layout-aware, end-to-end analog circuit design.

We propose FALCON (Fully Automated Layout-Constrained analOg circuit desigN), a scalable
ML framework for end-to-end analog and RF circuit design. Trained on over one million Cadence-
simulated circuits, FALCON integrates three stages (Figure 1): (1) a multilayer perceptron (MLP)
selects the topology from target specifications; (2) a graph neural network (GNN) maps topology
and parameters to performance on netlist-derived graphs; and (3) gradient-based optimization over
the GNN recovers parameters that satisfy targets under a differentiable layout-aware loss. The GNN
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Figure 1: Our AI-based circuit design pipeline. Given a target performance specification, FALCON
first selects a suitable topology, then generates design parameters through layout-aware gradient-based
reasoning with GNN model. Then, the synthesized circuit is validated using Cadence simulations.

generalizes to unseen topologies with optional fine-tuning, enabling inverse design across circuit
families. By embedding layout constraints directly in optimization, FALCON unifies schematic and
physical considerations in a single differentiable framework.

2 Related Work

Prior ML approaches for analog design focus on specific stages without enabling unified, differentiable
synthesis. Topology generation methods use generative models [9, 19, 20] to explore the circuit graph
space, but often target low-frequency or simplified designs [9] and may yield non-manufacturable
structures. Parameter sizing and performance prediction have been addressed via reinforcement
learning [10, 21], Bayesian optimization [15, 22], and supervised learning [23, 24, 11], typically under
fixed topologies. Graph models [16] improve performance regression by incorporating schematic
structure but lack support for inverse design. Layout-aware methods either integrate parasitic
estimators into black-box optimization [25] or generate layouts from fixed netlists [26, 27], without
enabling co-optimization. Datasets rely on symbolic or synthetic simulations [13, 18], limiting
realism. In contrast, FALCON unifies all stages by selecting expert-designed netlists, enabling
forward and inverse modeling via a generalizable GNN, embedding layout constraints directly into
the loss, and training on over one million Cadence-simulated datapoints across 20 topologies and
five circuit families. To the best of our knowledge, FALCON is the first framework to unify topology
selection, parameter inference, and layout-aware optimization in a single pipeline, validated at scale
on mm-wave circuits using foundry-calibrated simulations.

3 A Large-Scale Dataset and Inverse Design Problem Formulation

Dataset Overview. We construct a large-scale dataset of analog and RF circuits using industry-grade
Cadence tools [28] and a 45nm CMOS PDK. Covering five widely used mm-wave circuit types, the
dataset includes four expert-designed topologies per category, totaling 20 architectures [29, 30]. Each
of the over one million datapoints contains a full circuit parameter vector, a Cadence netlist, and
simulated performance metrics, capturing a wide spectrum of behaviors and trade-offs. More details
are available in Appendix A.

Inverse Design. Traditional analog circuit design follows a forward workflow: selecting a topology
T and parameters x, then simulating to obtain performance y = f(T; x). This process is manual
and costly. Instead, inverse design aims to infer (T; x) directly from a target specification ytarget, a
challenging and ill-posed task due to non-invertibility of the true performance function f , modeled
by expensive Cadence simulations. FALCON tackles this via a modular, three-stage pipeline:

Stage 1: Topology Selection. We frame topology selection as a classification problem over a curated
set of K candidate topologies fT1; : : : ; TKg. Given a target specification ytarget, a lightweight MLP
selects the topology T � 2 T most likely to satisfy it, reducing the need for exhaustive search.

Stage 2: Performance Prediction. Given a topology T and parameter vector x, we train a GNN f�
to predict the corresponding performance ŷ = f�(T; x). This model emulates the forward behavior
of the simulator f , learning a continuous approximation of circuit performance across both seen and
unseen topologies. By capturing the topology-conditioned mapping from parameters to performance,
f� serves as a differentiable surrogate that enables gradient-based inference in the next stage.
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Stage 3: Layout-Aware Gradient Reasoning. Given ytarget and a selected topology T �, we infer a
parameter vector x� by minimizing a loss over the learned forward model f�. Specifically, we solve:

x� = arg min
x
Lperf(f�(T

�; x); ytarget) + �Llayout(x); (1)

where Lperf measures prediction error, and Llayout encodes differentiable layout-related constraints
such as estimated area and soft design-rule penalties. Optimization is performed via gradient descent,
allowing layout constraints to guide the search through a physically realistic parameter space.

4 Stage 1: Performance-Driven Topology Selection

Task Setup. We cast topology selection as a supervised classification task over 20 expert-designed,
manufacturable topologies, avoiding invalid netlist generation. A lightweight MLP selects the most
suitable topology given a normalized 16-dimensional performance vector, with missing metrics
imputed by zeros. The dataset is stratified for class balance, and while the library is fixed during
training, new topologies can be added with retraining for rapid initial design.

Model Architecture and Training. We train a 5-layer MLP with hidden size 256 and ReLU
activations for this problem. The model takes the normalized performance vector as input and
outputs a probability distribution over 20 candidate topologies (Figure 2). We train the model using a
cross-entropy loss and the Adam optimizer [31], with a batch size of 256.

Figure 2: In Stage 1, an MLP classifier selects the most
suitable circuit topology from a library of human-designed
netlists, conditioned on the target performance specification.

Table 1: Classification
performance on topology selection.

Metric Score (%)
Accuracy 99.57
Balanced Accuracy 99.33
Macro Precision 99.27
Macro Recall 99.33
Macro F1 99.30
Micro F1 99.57

Evaluation. We assess classification performance using accuracy, balanced accuracy, macro precision,
macro recall, macro F1, and micro F1 scores on the test set. As summarized in Table 1, the classifier
achieves an overall accuracy of 99.57%, with macro F1 of 99.30% and balanced accuracy of 99.33%,
demonstrating strong generalization across all topologies.

5 Stage 2: Generalizable Forward Modeling for Performance Prediction

Task Setup. Stage 2 trains a differentiable forward model to predict performance from a given
topology and parameter vector. Unlike black-box simulators, this GNN model enables differentiable
prediction, generalizing across circuit families with minimal fine-tuning. Since not all metrics apply
to every topology, we use a masked mean squared error loss for this model that computes the
average error only over the defined entries.

Model Architecture and Training. Each cir-
cuit is represented as an undirected multi-
edge graph with voltage nets as nodes and cir-
cuit components as edges. All circuit parame-
ters—both fixed and sweepable—are assigned
to edges, along with categorical device types
and one-hot encoded indicators. For each edge
e, these attributes are concatenated to form a
unified feature vector xe. The feature set is con-
sistent within each component type but varies
across types (e.g., NMOS vs. inductor), reflect-
ing the structure defined in Appendix B.

Figure 3: In Stage 2, a custom edge-centric GNN
maps an undirected multi-edge graph constructed
from the circuit netlist to a performance vector.
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Table 2: Prediction accuracy of the forward GNN on all 16 circuit performance metrics.

Metric DCP VGain PGain CGain S11 S22 NF BW OscF TR OutP PSAT DE PAE PN VSwg

Unit mW dB dB dB dB dB dB GHz GHz GHz dBm dBm % % dBc/Hz mV

R² 1.0 1.0 0.99 1.0 0.93 1.0 0.99 0.98 0.97 0.83 0.97 1.0 1.0 1.0 0.89 1.0
RMSE 0.27 0.101 0.536 0.833 1.515 0.21 0.534 0.972 0.723 0.293 0.91 0.095 0.226 0.143 2.536 0.071
MAE 0.198 0.072 0.208 0.188 0.554 0.12 0.2 0.376 0.184 0.097 0.238 0.066 0.163 0.105 1.159 0.046
Rel. Err. 11.2% 2.6% 19.0% 6.1% 11.4% 1.9% 4.5% 6.5% 0.6% 6.5% 4.6% 4.4% 4.6% 11.0% 1.3% 1.4%

To handle component heterogeneity, we encode each edge's raw featuresxe using a type-speci�c
MLP � (t e )

enc , yielding edge embeddingsze. Nodes are initialized with dummy scalars and projected to
a hidden dimension via a shared linear layer. We then apply a 4-layer edge-centric message-passing
GNN with residual connections. At each layer, messages from incident edges are computed using a
shared function� MSG and aggregated at each node. Node states are updated via a shared function
� UPD, followed by residual addition and ReLU activation:

m(`)
u =

X

e2E u
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�
h(`)

src(e); ze

�
; h(`+1)

u = ReLU
�

� UPD

�
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u

�
+ h (`)
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�
:

After 4 layers, node embeddings are aggregated via global mean pooling to obtain a �xed-size graph
representationzgraph, which is passed to a �nal MLP (output_mlp ) to predict the 16-dimensional
performance vector ŷ 2 R16. See Figure 3 for an overview.

To stabilize training, physical parameters are rescaled by their expected units (e.g. resistance by
103), and performance targets are normalized to z-scores using training statistics. We train the model
using the Adam optimizer (learning rate10�3 , batch size 256) and aReduceLROnPlateauscheduler.
Xavier uniform initialization is used for all layers, and early stopping is based on validation loss. We
adopt the same splits as in Section 4 for consistency in evaluation.

Evaluation. We evaluate the accuracy of the GNN forward model on a test set drawn from 19 of
the 20 topologies. One topology—RVCO—is entirely excluded from training, validation, and test
splits to assess generalization to unseen architectures. As summarized in Table 2, the model achieves
high accuracy across all dimensions, with an averageR2 of 0.972. To evaluate end-to-end prediction
accuracy at the sample level, we compute the mean relative error per instance, de�ned as the average
relative error across all valid (non-masked) performance metrics for each test sample. Figure 4 shows
the distribution of this quantity across the test set. Without percentile trimming, the overall mean
relative error across the full test set is 9.09%.

Figure 4: Distribution of relative error (%). Plot
is trimmed at the 95th percentile.

Table 3: Fine-tuning results on the held-out
RVCO topology. Only the output head is updated
using RVCO samples.

Metric DCP OscF TR OutP PN

Unit W GHz GHz dBm dBc/Hz

R² 1.0 1.0 1.0 0.97 0.98
RMSE 0.643 0.324 0.026 0.099 0.953
MAE 0.508 0.256 0.02 0.077 0.619
Rel. Err. 0.75% 0.85% 1.63% 0.69% 0.73%

Generalizing to Unseen Topologies. To assess the generalization ability of our pretrained GNN,
we evaluate it on the held-out RVCO topology, which was entirely excluded from the data splits.
We �ne-tune the GNN by freezing all encoder and message-passing layers and updating only the
�nal output head (output_mlp ). Fine-tuning is performed on the RVCO training set, which contains
approximately 30,000 instances, and completes in under 30 minutes on a MacBook CPU.

Even in the zero-shot setting—where the model has never seen RVCO topologies—the pretrained
GNN achieves a nontrivial mean relative error of 30.4%, highlighting its strong cross-topology
generalization. Fine-tuning reduces this error to just 0.9%, demonstrating that the structural and
parametric priors learned during pretraining are highly transferable. Table 3 summarizes detailed
results across �ve key performance metrics for RVCO.
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6 Stage 3: Layout-Aware Parameter Inference via Gradient Reasoning

Task Setup. Given a target performance vector and selected topology, Stage 3 aims to infer a
parameter vector that minimizes a total loss combining performance error and layout-aware penalties.
Optimization is initialized by sampling a plausible starting point using domain-speci�c scale factors
(e.g., 10�12 for capacitors). Parameters are then iteratively re�ned via gradient descent, with
topology-speci�c constants �xed and all values clipped to valid ranges to ensure physical plausibility.

Loss Function. The total loss (Eqn 1) jointly minimizes performance error and layout cost:L total =
L perf+� area�L layout�g(L perf), whereL perf is the masked MSE between predicted and target performance,
andL layout is a normalized area penalty. The gating termg(Lperf) = 1 � �(
(L perf � � )) deactivates
layout loss when performance error exceeds� = 0:05 , prioritizing functionality. We set
 = 50 ,
normalize area by1 mm2, and use� area = 0:02 to balance objectives. This formulation enables
manufacturable parameter recovery via physics-informed learning. See Appendix C for extensions.

Layout Modeling. The layout model is deterministic and non-learned. It estimates area contributions
from passive components, i.e. capacitors, inductors, and resistors, as these dominate total area and
exhibit layout-sensitive behavior. For a given parameter vectorx, the total layout loss is computed as:
L layout(x) =

P
e2E passive

Ae(x); whereEpassiveis the set of passive elements, andAe(x) is the area of
the created layout for the passive component based on analytical physics-based equations.

Figure 5: In Stage 3, gradient reasoning iteratively updates parameters to minimize a loss combining
performance error and layout cost, computed via a differentiable analytical model.

Gradient Reasoning Procedure. Given the initialized parameter vector, we iteratively optimize
using the frozen GNN forward model to compute performance, evaluate the total lossL total, and
update circuit parameters via gradient backpropagation with the Adam optimizer (see Figure 5).
Each instance starts with a learning rate of10�6 , adjusted by aReduceLROnPlateauscheduler.
If performance or layout constraints are not met, we restart with a more exploratory rate. Early
stopping is triggered by stagnating loss, enabling rapid convergence to valid solutions—typically in
milliseconds to under one second per instance.

Evaluation. We evaluate Stage 3 on 9,500 test instances (500 per topology), de�ning convergence as
achieving both a predicted mean relative error below 10% and a layout area under 1 mm2 (or 1.5 mm2

for DLNA, DohPA, ClassBPA). Success requires the �nal Cadence-simulated performance to deviate
less than 20% from the target. Our method attains a 78.5% success rate with 17.7% mean relative
error on converged designs, averaging under 1 second per instance on a MacBook CPU. Notably,
success rate is coupled with the convergence threshold: tighter error bounds yield higher accuracy but
require more iterations—critical for large-scale design tasks. Appendix D shows more representative
results, demonstrating FALCON's unique ability to support layout-constrained optimization.

7 Conclusion and Future Work

We presented FALCON, a modular framework for end-to-end analog and RF circuit design that
uni�es topology selection, performance prediction, and layout-aware parameter optimization. Trained
on over one million Cadence-simulated mm-wave circuits, FALCON combines a lightweight MLP, a
generalizable GNN, and differentiable gradient reasoning to synthesize circuits from speci�cation
to layout-constrained parameters. FALCON achieves >99% topology selection accuracy, <10%
prediction error, and ef�cient inverse design—all within sub-second inference. In addition, the GNN
forward model generalizes to unseen topologies with minimal �ne-tuning, supporting broad practical
deployment. Further discussion of ef�ciency and limitations are provided in Appendix E.
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A Dataset Details and Performance Metric De�nitions

During dataset generation, each simulated circuit instance is annotated with a set of performance
metrics that capture its functional characteristics. All simulations are performed at a �xed frequency
of 30 GHz, ensuring consistency across circuit types and relevance to mm-wave design. A total of 16
metrics are de�ned across all circuits—spanning gain, ef�ciency, impedance matching, noise, and
frequency-domain behavior—though the speci�c metrics used vary by topology. For example, phase
noise is only applicable to oscillators. An overview of all performance metrics is provided in Table 4.

Table 4: Overview of 16 performance metrics used during dataset generation.

Performance Name Description

DC Power Consumption (DCP) Total power drawn from the DC supply indicating energy consumption of the circuit
Voltage Gain (VGain) Ratio of output voltage amplitude to input voltage amplitude
Power Gain (PGain) Ratio of output power to input power
Conversion Gain (CGain) Ratio of output power at the desired frequency to input power at the original frequency
S11 Input re�ection coef�cient indicating impedance matching at the input terminal
S22 Output re�ection coef�cient indicating impedance matching at the output terminal
Noise Figure (NF) Ratio of input signal-to-noise ratio to output signal-to-noise ratio
Bandwidth (BW) Frequency span over which the circuit maintains speci�ed performance characteristics
Oscillation Frequency (OscF) Steady-state frequency at which the oscillator generates a periodic signal
Tuning Range (TR) Range of achievable oscillation frequencies through variation of control voltages
Output Power (OutP) Power delivered to the load
PSAT Maximum output power level beyond which gain compression begins to occur
Drain Ef�ciency (DE) Ratio of RF output power to DC power consumption.
Power-Added Ef�ciency (PAE) Ratio of the difference between output power and input power to DC power consumption
Phase Noise (PN) Measure of oscillator stability represented in the frequency domain at a speci�ed offset
Voltage Swing (VSwg) Maximum peak voltage level achievable at the output node

A.1 Low-Noise Ampli�ers (LNAs)

Low-noise ampli�ers (LNAs) are critical components in receiver front-ends, responsible for amplify-
ing weak antenna signals while introducing minimal additional noise. Their performance directly
in�uences downstream blocks such as mixers and analog-to-digital converters (ADCs), ultimately de-
termining system-level �delity [32]. To capture the architectural diversity of practical radio-frequency
(RF) designs, we include four widely used LNA topologies in this study—common-source LNA
(CSLNA), common-gate LNA (CGLNA), cascode LNA (CLNA), and differential LNA (DLNA)—as
shown in Figure 6.

(a) CSLNA
(b) CGLNA (c) CLNA (d) DLNA

Figure 6: Schematic diagrams of the four LNA topologies.

A.2 Mixers

Mixers are fundamental nonlinear components in RF systems, responsible for frequency translation
by combining two input signals to produce outputs at the sum and difference of their frequencies. This
functionality is essential for transferring signals across frequency domains and is widely used in both
transmission and reception paths [33]. To capture diverse mixer architectures, we implement four
representative topologies in this work—double-balanced active mixer (DBAMixer), double-balanced
passive mixer (DBPMixer), single-balanced active mixer (SBAMixer), and single-balanced passive
mixer (SBPMixer)—as shown in Figure 7.
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(a) DBAMixer (b) DBPMixer (c) SBAMixer (d) SBPMixer

Figure 7: Schematic diagrams of the four Mixer topologies.

A.3 Power Ampli�ers (PAs)

Power ampli�ers (PAs) are the most power-intensive components in radio-frequency (RF) systems and
serve as the �nal interface between transceiver electronics and the antenna. Given their widespread
use and the stringent demands of modern communication standards, PA design requires careful
trade-offs across key performance metrics [34]. Based on the transistor operating mode, PAs are
typically grouped into several canonical classes [35]. In this work, we implement four representative
topologies—Class-B PA (ClassBPA), Class-E PA (ClassEPA), Doherty PA (DohPA), and differential
PA (DPA)—as shown in Figure 8.

(a) ClassBPA (b) ClassEPA (c) DohPA

(d) DPA

Figure 8: Schematic diagrams of the four PA topologies.

A.4 Voltage Ampli�ers (VAs)

Voltage ampli�ers (VAs) are fundamental components in analog circuit design, responsible for
increasing signal amplitude while preserving waveform integrity. Effective VA design requires
balancing key performance metrics tailored to both RF and baseband operating conditions [36]. In
this work, we implement four widely used VA topologies—common-source VA (CSVA), common-
gate VA (CGVA), cascode VA (CVA), and source follower VA (SFVA)—as shown in Figure 9.
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(a) CSVA
(b) CGVA

(c) CVA
(d) SFVA

Figure 9: Schematic diagrams of the four VA topologies.

A.5 Voltage-Controlled Oscillators (VCOs)

Voltage-controlled oscillators (VCOs) are essential building blocks in analog and RF systems,
responsible for generating periodic waveforms with frequencies modulated by a control voltage.
These circuits rely on amplification, feedback, and resonance to sustain stable oscillations. Owing to
their wide tuning range, low power consumption, and ease of integration, VCOs are broadly used in
systems such as phase-locked loops (PLLs), frequency synthesizers, and clock recovery circuits [37].
In this work, we implement four representative VCO topologies—inductive-feedback VCO (IFVCO),
cross-coupled VCO (CCVCO), Colpitts VCO (ColVCO), and ring VCO (RVCO)—as shown in
Figure 10.

(a) IFVCO (b) CCVCO (c) ColVCO (d) RVCO

Figure 10: Schematic diagrams of the four VCO topologies.

B Graph-Based Circuit Representation

To enable flexible and topology-agnostic learning, we represent each analog circuit as a graph
extracted from its corresponding Cadence netlist. Nodes correspond to voltage nets (i.e., electrical
connection points), and edges represent circuit elements such as transistors, resistors, capacitors,
or sources. Multi-terminal devices—such as transistors and baluns—are decomposed into multiple
edges, and multiple components may connect the same node pair, resulting in heterogeneous,
multi-edged graphs that preserve structural and functional diversity.

Recent works such as DICE [38] have explored transistor-level circuit-to-graph conversions for
self-supervised learning, highlighting the challenges of faithfully capturing device structure and
connectivity. In contrast, our approach maintains a native representation aligned with foundry-
compatible netlists. Rather than flattening or reinterpreting device abstractions, we preserve symbolic
parameters, multi-edge connections, and device-specific edge decomposition directly from the
schematic source, enabling scalable learning across diverse analog circuit families.

To support learning over such structured graphs, each edge is annotated with a rich set of attributes:
(i) a categorical device type, specifying the component and connected terminal pair (e.g., NMOS
drain–gate, resistor); (ii) numeric attributes, such as channel length or port resistance, fixed by
the schematic; (iii) parametric attributes, defined symbolically in the netlist (e.g., W1, R3) and
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(b) ClassBPA

Figure 11: Graph representations of two analog circuit topologies from our dataset: (a) IFVCO and
(b) ClassBPA. Nodes represent electrical nets, and colored edges denote circuit components such
as transistors, capacitors, inductors, and sources. Each component type is visually distinguished by
color and labeled with its name and terminal role (e.g., N2_GS, V0). For transistors, labels such as
GS, DS, and DG denote source-to-gate, drain-to-source, and drain-to-gate connections, respectively.
These graphs serve as input to our GNN-based performance modeling and inverse design pipeline.

resolved numerically during preprocessing; (iv) one-hot categorical features, such as source type
(DC, AC, or none); and (v) computational attributes, such as diffusion areas (Ad, As) derived from
sizing. This rule-based graph construction generalizes across circuit families without task-specific
customization. Graphs in the FALCON dataset range from 4–40 nodes and 7–70 edges, reflecting the
variability of practical analog designs. Figure 11 shows two representative graph examples from our
dataset—IFVCO and ClassBPA.

C User-Defined Loss Functions for Gradient Reasoning

Stage 3 of FALCON employs gradient reasoning with the forward GNN fixed, enabling the op-
timization objective to be redefined without retraining or fine-tuning the predictive model. This
design allows users to flexibly adapt the loss function to capture specific trade-offs or constraints. We
illustrate this flexibility with two examples.

Weighted Performance Loss. Rather than treating all performance metrics equally, users can specify
weights �i for each target metric:

Lperf-weighted =
1P

imi�i

dX
i=1

mi�i (ŷi � ytarget
i )2;

where larger �i prioritize certain specifications (e.g., gain or noise figure). Here, mi = 1 if the i-th
metric is defined for the current sample, and 0 otherwise.

Interval-Constrained Performance Loss. Users may also define acceptable ranges for metrics
rather than fixed targets. Given optional lower and/or upper bounds ylower

i ; yupper
i , the interval penalty

is:

Lperf-interval =
1P
imi

dX
i=1

mi

h
1fyupper

i definedgmax(0; ŷi�yupper
i )+1fylower

i definedgmax(0; ylower
i � ŷi)

i
;

where the indicator 1f�g indicates whether the corresponding bound is specified. This formulation
naturally handles the cases where only an upper bound, only a lower bound, or both bounds are
provided. As above, mi = 1 if the i-th metric is defined for the current sample, and 0 otherwise.
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