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Abstract. Wearable and portable devices enable convenient electrocar-
diography (ECG) acquisition, yet they typically measure only a single
limb lead, limiting diagnostic utility compared to the standard 12-lead
ECG used in hospitals. We study the problem of generating the full
standard 12-lead ECG from a single measured lead by leveraging in-
herent ECG principles. Specifically, we emphasize two claims: (i) limb
lead reconstruction benefits from a hybrid strategy that generates only
one additional limb lead via learning and computes the remaining limb
leads through vector operations; and (ii) precordial lead reconstruction
is more reliable when conditioned on the full set of limb leads. Based
on these claims, we propose AURORA, a 12-lead ECG reconstruction
framework that combines learning models and deterministic vector opera-
tions to generate limb leads, followed by the reconstruction of precordial
leads. To instantiate the learning components, we propose IGUANA,
a lead-pattern learning model comprising a lead representation learner
and a lead generator for precise lead-to-lead transformation. Experiments
on two benchmark datasets demonstrate that AURORA consistently
outperforms state-of-the-art methods and validate the effectiveness of in-
corporating vector operations in lead reconstruction. Our code is available
at https://github.com/DHSeo11/AURORA.git.

Keywords: ECG reconstruction · Vector operation of ECG · Generative
deep learning.

1 Introduction

Electrocardiography (ECG) is a widely used, non-invasive tool for diagnosing
cardiovascular diseases that are often difficult to identify based on symptoms
alone [11,19]. In clinical environments, standard ECG acquisition records the
⋆ Corresponding author.
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Fig. 1. RMSE comparison. (Left) Comparing Reconstruction types across models.
(Right) Varying the number of limb leads.

standard 12-lead ECG, consisting of six limb leads (I, II, III, aVR, aVL, aVF)
and six precordial leads (V1–V6), thereby providing comprehensive cardiac views.
Despite its clinical utility, this standard setup requires hospital infrastructure
and is thus unsuitable for continuous, out-of-hospital monitoring.

To overcome this limitation, portable or wearable ECG devices have rapidly
emerged for ubiquitous monitoring [2,3,1]. However, due to hardware and form-
factor constraints, such devices typically measure only a single limb lead (e.g.,
Lead I) [2,22,17], which inherently restricts diagnostic potential compared to the
standard 12-lead ECG. This motivates an important yet challenging problem:
accurate reconstruction of the standard 12-lead ECG from a single measured
lead. While recent deep-learning methods have explored end-to-end lead transla-
tion [14,23,12,21,4,24,13,15], they often underutilize inherent ECG principles that
provide strong inductive biases for physiologically consistent reconstruction. In
this work, we emphasize the following two key claims grounded in such inherent
properties:
Claim C1. Benefits of vector operations for limb lead reconstruction: If
two limb leads are available, the remaining limb leads can be deterministically ob-
tained via established vector operations (e.g., Einthoven’s [7] and Goldberger’s [8]
equations) [11,6]. Therefore, rather than reconstructing all missing limb leads
solely by learning-based translation, we advocate a hybrid strategy : we reconstruct
only one additional limb lead using a learning model and then compute the re-
maining limb leads via vector operations, which reduces the learning burden while
enforcing physiological consistency among limb leads. As shown in Fig. 1 left, the
hybrid strategy consistently yields better performance than the learning-based
strategy across representative baselines, supporting Claim C1.
Claim C2. Leveraging full limb leads for precordial lead reconstruction:
Precordial leads represent cardiac activity on a plane that is geometrically distinct
from limb leads. Hence, directly reconstructing six precordial leads from a single
limb lead is intrinsically difficult. We argue that precordial lead reconstruction
should be conducted after obtaining the full set of limb leads, since multiple limb
leads provide richer information on coronal-plane activity and improve the fidelity
of reconstructing precordial signals. Fig. 1 (right) shows that reconstruction
RMSE improves as more limb leads are provided, supporting Claim C2 and
motivating conditioning precordial reconstruction on full limb leads.
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Fig. 2. The overview of AURORA. Here, M1-to-1 and M6-to-6 are our learning models
IGUANA.

AURORA framework and IGUANA model. Based on C1 and C2, we propose
a novel 12-lead ECG reconstruction framework, termed AURORA (AccUrate
GeneRation Of the StandaRd 12-LeAd ECG), which judiciously combines learn-
ing models and physiological vector operations to reconstruct limb leads, followed
by the reconstruction of precordial leads. To instantiate the learning compo-
nents in AURORA, we further propose IGUANA (multI-lead ECGs Generation
throUgh leAd patterN leArning), a lead-pattern learning model consisting of
(i) a lead representation learner that converts cardiac feature information from
the measured direction to the target lead direction and (ii) a lead generator that
synthesizes the desired lead based on the transformed information.
Contributions. Our main contributions are summarized as follows: (1) We formu-
late two physiology-grounded claims for limb and precordial lead reconstruction
and provide empirical evidence supporting them. (2) We propose AURORA, a
hybrid framework that combines minimal learning with deterministic vector op-
erations for accurate standard 12-lead ECG reconstruction from a single lead. (3)
We propose IGUANA, a lead-pattern learning model integrated into AURORA,
and demonstrate improved reconstruction quality and diagnostic utility through
extensive experiments.

2 Our Framework: AURORA

In this section, we describe AURORA, our proposed framework based on our
two claims C1 and C2.

Problem Definition. Let the i-th lead denoted by Li ∈ Rn, consisting
of n samples. Each Li corresponds to the i-th entry in the following order of
12-lead ECG: Leads I, II, III, aVR, aVL, aVF, and V1–V6, for 0 ≤ i < 12.
The goal of reconstructing the standard 12-lead ECG from a single lead is to
develop a framework f that accurately reconstructs the remaining eleven leads
L1:11 = {L1, L2, · · · , L11} from L0 (Lead I). We formally formulate this problem
as follows:

L1:11 = f(L0).

Components of AURORA. Drawing from two key claims mentioned in
Sections 1, we build our framework consisting of the following three primary
steps (see Fig. 2):
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Fig. 3. Architecture of IGUANA. (a) illustrates the two-phase learning for the 1-to-1
instance . (b) and (c) depict the module-level implementation for the general Mα-toβ

setting: (b) the lead representation learner R, which builds a shared embedding and
produces target-specific projections via multi-head projection heads, and (c) the lead
generator G, implemented as a 1D U-Net conditioned via AdaIN to synthesize the
corresponding target leads.

1. reconstruction of Lead II from Lead I (referred to as 1-to-1 recon-
struction): Using a single limb lead, Lead I, the 1-to-1 reconstruction aims to
reconstruct an additional limb lead by using a learning-based model M1-to-1.
We use Lead II as the auxiliary limb lead throughout our experiments, as it
was empirically found to be reliable for the 1-to-1 reconstruction stage and is
physiologically informative, often aligning with the dominant cardiac electrical
axis.

2. reconstruction of remaining four limb leads: From the two available
limb leads (i.e., Leads I and II) obtained from Step 1, we reconstruct the
remaining four limb leads according to the following vector operations:

Lead III = Lead II − Lead I, (1)
Lead aVR = −(Lead I + Lead II)/2, (2)
Lead aVL = (Lead I − Lead III)/2, (3)
Lead aVF = (Lead II + Lead III)/2, (4)

where Eq. (1) is derived from Einthoven’s triangle [7] and Eqs. (2)–(4) are
from Goldberger’s equations [8] (see Fig. 2 (b)).

3. reconstruction of six precordial leads (referred to as 6-to-6 recon-
struction): Using the six limb leads as input, the 6-to-6 reconstruction aims
to reconstruct six precordial leads by using a deep-learning model M6-to-6 (see
Fig. 2 (c)).
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Note that, as mentioned above, the AURORA framework encompasses two learning
models, M1-to-1 and M6-to-6, which will be elaborated in the following section.
Both M1-to-1 and M6-to-6 are instantiated by IGUANA (Fig. 3) with the same
core architecture, but trained as separate instances with independent parameters.

3 Methodological Details: IGUANA

IGUANA defines a lead-to-lead translation architecture (a lead representation
learner R and a lead generator G) and a unified training formulation. We use
this design to build two separate models for AURORA: M1-to-1 and M6-to-6.
These models share the same core architecture and objectives, but are trained
independently with separate parameters. For clarity, we first describe the 1-to-1
model and then summarize the general Mα-to-β formulation, where the 6-to-6
model is obtained by setting α = β = 6.

3.1 1-to-1 reconstruction in IGUANA

1-to-1 reconstruction Model We instantiate M1-to-1 with IGUANA using two
phases: target reconstruction and source reconstruction, where both phases share
the same lead representation learner R and lead generator G. Given a source
lead Ls (e.g., Lead I), the target reconstruction phase produces the target lead
Lt (e.g., Lead II) as

Lgen
t = G

(
Ls, R(Ls, t)

)
. (5)

Then, the source reconstruction phase maps Lgen
t back to the source lead to

encourage faithful transformation:

Lgen
s = G

(
Lgen
t , R(Lgen

t , s)
)
. (6)

This shared two-phase training improves stability and encourages the generated
lead to preserve source information. We reuse the same modules R and G in both
the target and source reconstruction phases.

3.2 Optimization in IGUANA

Optimization We train M1-to-1 with three loss functions: target reconstruction
loss, source reconstruction loss, and representation-consistency loss (applied to
both source and target representations).
Target reconstruction loss encourages accurate target synthesis:

ℓtgen = RMSE
(
Lt, L

gen
t

)
. (7)

Source reconstruction loss enforces source preservation via the reconstruction
phase:

ℓsrec = RMSE
(
Ls, L

gen
s

)
. (8)
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Representation-consistency loss aligns representations extracted from real
and generated leads:

ℓtcon =
∥∥R(Ls, t)−R(Lgen

t , t)
∥∥
1
, ℓscon =

∥∥R(Lgen
t , s)−R(Ls, s)

∥∥
1
. (9)

Finally, the overall objective is

L = λgenell
t
gen + λrec ℓ

s
rec + λcon

(
ℓtcon + ℓscon

)
, (10)

where λgen, λrec and λcon are weighting hyperparameters.

3.3 α-to-β reconstruction in IGUANA

IGUANA naturally extends to Mα-to-β by producing β target-specific projected
representations from shared α source leads embedding. Conditioned on each
target representation, the 1D U-Net [20] generator synthesizes the corresponding
target lead via AdaIN-based [10] conditioning. We train this instance using
the same two-phase (reconstruction/reconstruction) formulation and objectives
described in Sections 3.1–3.2. In particular, M6-to-6 is obtained by setting α =
β = 6 and training it as a separate instance with independent parameters. To
maintain a unified I/O interface for G across the target reconstruction and source
reconstruction phases, we fix the lead dimension of G to α. Accordingly, in the
source reconstruction phase, G outputs α replicated candidates for each target
lead and we select one as the final generated lead; in the reconstruction phase, G
takes the α replicated generated leads as input to reconstruct the α source leads.

4 Experimental Evaluation

We conducted experiments to evaluate the effectiveness of our AURORA
framework on two real-world 12-lead ECG datasets. Our evaluation focuses on:
(i) overall reconstruction accuracy against state-of-the-art baselines, (ii) empirical
validation of our two claims (C1/C2), and (iii) clinical utility via downstream
disease prediction.

4.1 Experimental Settings

Datasets. We use two standard 12-lead ECG datasets from PhysioNet: PTB-
XL [25] and CUSPH [26]. PTB-XL targets Myocardial Infarction and CUSPH
targets Arrhythmia. They contain 21,799 and 45,152 recordings, respectively.
Each recording is 10 seconds sampled at 500Hz (5,000 points) in the standard
12-lead setting.

Setting of AURORA. All ECG signals were sampled at 500 Hz and repre-
sented as 10-second segments with 5,000 samples. We used a patient-wise 7/1/2
split and lead-wise z-score normalization using training-set statistics. AURORA
was trained with a batch size of 128 using 8 workers, and validation used a
batch size of 16. The M1−to−1 and M6−to−6 stages were each trained for 300,000
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Table 1. Overall reconstruction performance (average over 11 generated leads).

Dataset Metric Methods

Transformer GAN EKGAN mEcgNet ECGT2T ANN128 AURORA

PTB-XL
RMSE ↓ 0.198 0.184 0.163 0.158 0.153 0.146 0.127
DTW ↓ 9.787 8.564 7.879 7.774 7.510 7.072 5.215
PCC ↑ 0.162 0.340 0.505 0.531 0.594 0.665 0.722

CUSPH
RMSE ↓ 1.020 0.934 0.805 0.778 0.733 0.705 0.606
DTW ↓ 21.578 19.570 16.080 15.540 14.201 13.527 11.829
PCC ↑ 0.202 0.363 0.472 0.488 0.530 0.609 0.638

iterations with an early stopping patience of 15. We used Adam with a learning
rate of 1 × 10−5 and set all loss weights, i.e., λgen, λrec, and λcon, to 1. For
all baselines, we used the same split, preprocessing, input lead, and evaluation
protocol; re-implemented baselines followed the original papers.

Competitors. We compare AURORA with Transformer [23], ECG-GAN [14],
EKGAN [13], mEcgNet [15], ECGT2T [12], and ANN128 [21]. Since the official
implementations of ECG-GAN, mEcgNet, and ECGT2T are not publicly available,
we implemented them following the original papers and obtained comparable
performance to the reported results.

Evaluation Metrics. We report RMSE [16], DTW [18], and PCC [5]. Lower
RMSE/DTW and higher PCC indicate better reconstruction performance.

4.2 Results and Analyses

Overall Reconstruction Accuracy. Table 1 summarizes the average recon-
struction performance over the 11 reconstructed leads on PTB-XL and CUSPH.
AURORA achieves the best performance across all metrics on both datasets. On
PTB-XL, AURORA reduces RMSE from 0.146 (ANN128) to 0.127 (13.0%) and
DTW from 7.072 to 5.215 (26.3%), while improving PCC from 0.665 to 0.722
(+0.057). On CUSPH, AURORA reduces RMSE from 0.705 (ANN128) to 0.606
(14.0%) and DTW from 13.527 to 11.829 (12.6%), and increases PCC from 0.609
to 0.638 (+0.029). We also observed consistent gains over baselines on each limb
and precordial leads (not shown due to space).

Clinical Utility via Disease Prediction. We further evaluate whether the
reconstructed 12-lead ECG preserves disease-relevant information by performing
downstream disease prediction. Following prior work, we adopt ResNet18 [9] with
a 1D convolutional architecture as the prediction model and use AUROC and
AUPRC as evaluation metrics. As shown in Fig. 4, AURORA achieves diagnostic
performance very close to that obtained using the original 12-lead ECG. In
particular, for myocardial infarction (PTB-XL), the decrease from the original
ECG is only 0.63% (AUROC) and 0.11% (AUPRC), and for arrhythmia (CUSPH),
the decrease is 0.71% (AUROC) and 1.55% (AUPRC). These results suggest
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Fig. 4. Prediction accuracy of two types of cardiovascular diseases in terms of AUROC
and AUPRC (the higher the better). The standard 12-lead ECG corresponds to either
the original leads measured in hospitals or the ones generated by three competitors and
AURORA from Lead I.

Table 2. Ablation results. (a) validates hybrid strategy and two-stage reconstruction.
(b) shows the effect of removing losses.

RMSE DTW PCC
AURORA1to11 0.133 5.462 0.707
AURORAnoV ec 0.131 5.322 0.708
AURORA 0.127 5.215 0.722

(a)

RMSE DTW PCC
AURORAw/o RL 0.144 5.805 0.660
AURORAw/o RCL 0.143 5.689 0.670
AURORA 0.127 5.215 0.722

(b)

that AURORA effectively preserves clinically meaningful characteristics, thereby
mimicking the diagnostic capacity of hospital-acquired 12-lead ECG using only a
single lead as input.

Validation of Claims C1 and C2. To validate the efficacy of our two claims—
(C1) the hybrid strategy for limb lead reconstruction and (C2) the two-stage
strategy that reconstructs limb leads first and precordial leads thereafter—we
compare AURORA with two variants: (i) AURORA1to11, which reconstructs all
remaining leads at once from Lead I using only the learning model; and (ii)
AURORAnoV ec, which reconstructs limb leads without vector operations and then
reconstructs precordial leads conditioned on the reconstructed limb leads. Table 2
(a) reports the results. AURORA consistently outperforms both variants across all
metrics, demonstrating the benefit of explicitly incorporating vector operations
for limb leads and adopting the two-stage reconstruction pipeline.

Effectiveness of Our Loss Function. We conduct a compact ablation study
to assess whether the proposed loss terms are beneficial for training IGUANA. We
compare the full model with two variants: AURORAw/o RL removes the source
reconstruction loss and uses only the target reconstruction and representation-
consistency losses, and AURORAw/o RCL removes the representation-consistency
loss and uses only the target and source reconstruction losses. Table 2 (b) shows
that removing either loss term consistently degrades reconstruction performance
across metrics, highlighting the importance of both reconstruction and represen-
tation consistency in accurate lead-to-lead reconstruction.
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5 Conclusions

We addressed standard 12-lead ECG reconstruction from a single measured
lead by leveraging inherent ECG principles. We validated two claims: deter-
ministic vector operations improve limb-lead reconstruction, and conditioning
precordial-lead reconstruction on the full set of limb leads improves fidelity.
Based on these claims, we proposed AURORA, a three-step framework (1-to-1
reconstruction, vector operations for limb leads, and 6-to-6 reconstruction for
precordial leads) instantiated with IGUANA. Experiments on PTB-XL and
CUSPH show that AURORA outperforms competitive baselines in reconstruction
metrics and preserves clinically meaningful information in downstream disease
prediction close to the original 12-lead ECG.
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