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Abstract

Generating realistic financial time series is challenging as training data is typically
limited to a single historical path, making adversarial training prone to discriminator
overfitting. Instead, recent work replaces the trained discriminator with a fixed
feature map, and trains to generate paths whose features match those of real time
series. As features, most prior work chooses path statistics based on signatures from
rough path theory. Motivated by strong empirical results of random convolutional
features on time series classification, we train generative models with SOCK
(Softmax-Variance Of Competing Kernels), a novel random convolutional feature
map that is fully differentiable, highly scalable, and simple to implement. SOCK
consistently outperforms other convolutional or signature-based feature maps on
hypothesis testing benchmarks and on training generative models.

1 Introduction

Training generative time series models with limited real-world data is a fundamental challenge across
many domains. In finance, synthetic time series are commonly used to train neural policies for
hedging or investment problems [4, 31, 5], as policy optimization requires far more sample paths than
historical data provides. Training generative models adversarially with parametric discriminators,
tends to fail with such scarce training data: the discriminator is likely to overfit and drive the generator
to memorize training samples [17, 16]. Instead of training both a generator and a discriminator, recent
work avoids the mini-max optimization and trains to generate paths that have similar features as the
real time series [26, 20]. Concretely, the generator gθ minimizes

∥EX∼p[f(X)]− EX∼gθ [f(X)]∥22, (1)

where X = {X1, . . . , XT } is the Rd-valued time series of length T , and p denotes the training
data distribution. The feature map f : RT×d → Rn is not trained and therefore not overfitted to p.
This makes training generative models via feature-matching [27] suited to the scarce-data regime in
finance, where data is often limited to a few years of daily observations (∼252 data points per year).

Motivated by rough path theory [23], most prior work [16, 26, 20, 5, 1, 21, 30] chooses the path
statistics f(X) from the signature-based family of path-to-vector transformations [24, 18, 7, 22].
While the signature transform has strong theoretical properties, other, more heuristically motivated,
unsupervised feature maps have recently been shown to empirically outperform the truncated signature
in a large scale study on univariate time series classification [25]. Among the best performing feature
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maps are ROCKET [10, 11, 29] and Hydra [12, 13], which are based on random convolutions of the
input path, followed by non-differentiable temporal pooling operations.

The choice of the feature map f is important because it limits what the generator can learn: if f
is ‘blind’ to certain properties of the true data-generating process, the generator will not be able to
reproduce those qualities. In this work, we propose training generative models via a novel, highly
expressive, random convolutional feature map. Our main contributions are:

1. SOCK features. We introduce Softmax-Variance Of Competing Kernels (SOCK), a random
convolutional feature map for multivariate time series. SOCK uses a novel differentiable
pooling operator, is robust to its few hyperparameters, and is simple to implement.

2. Discriminative & generative evaluation. We compare SOCK to other feature maps on two
tasks: two-sample hypothesis testing of stochastic processes, and generative training from a
single historical path via feature-matching. Across these benchmarks, SOCK consistently
outperforms other common convolutional and signature-based feature maps.

3. Resampled features. When supervising generators with random feature maps, we peri-
odically resample the parameters. This effectively trains the generator on an ensemble of
discriminators and improves the performance of SOCK and randomized-signature features.

2 Random Convolutional Features

The SOCK feature map consists of a preprocessing step, followed by convolutions with competing
random kernels, and a final pooling layer. SOCK is based on Hydra [12], but has two important
modifications. First, since training generative models through feature matching requires differentiating
through the feature map, we replace Hydra’s non-differentiable pooling with a novel differentiable
pooling function. Second, to handle multivariate input sequences, we add a linear up-projection
during preprocessing.

Let us first describe the pooled convolutional features using a univariate input path X ∈ RT . We
sample random kernels wi ∼ N(0, σ2Ik) of length k and compute the cross-correlation

Yt,i =
∑(k−1)/2

r=−(k−1)/2
wi,r Xt+r, t = 1, . . . , T, i = 1, . . . ,K,

with the convention Xt = 0 for t /∈ {1, . . . , T}. Hydra treats the random convolutions as a
competition between kernels at each time step, where the winning kernel w∗(t) = argmaxwi

Yt,i,
achieves the largest alignment with the local X-window. Hydra then pools the local competitions
into global features via simple statistics (counts and conditional sums), that summarize how often
and strongly each kernel wins and loses. These features use both argmax and indicator functions,
and are therefore not differentiable. We replace the non-differentiable ‘hard winner selection’ with
win probabilities

pt,i =
exp(Yt,i/τ)∑K
j=1 exp(Yt,j/τ)

, t = 1, . . . , T, i = 1, . . . ,K,

computed at temperature τ > 0. We pool the probabilities across time via their standard deviation

σi = std (p1,i, . . . , pT,i) , i = 1, . . . ,K,

and stack {σi}Ki=1 to a feature vector of size K. This std-pooling is simple, differentiable, and reduces
to a single feature per kernel. We found in preliminary experiments that std-pooling yields highly
expressive features and outperforms other pooling operators.

The pooled random convolutions form the final layer of our feature map. The d-dimensional input
path is first preprocessed by a pointwise linear up-projection into an M -dimensional path. The
up-projected path is then further augmented with its first order difference across time. On each of the
2M channels of the augmented path, we apply the described conv-to-pool transformation to obtain a
2MK-dimensional feature vector. As in Hydra, we repeat the convolutions at different dilations. The
SOCK feature map can be implemented in only 10 lines of PyTorch code (see appendix A).
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Figure 1: Permutation test power at significance level α = 0.05 for feature- and kernel-based MMDs.
Results are shown for Fractional Brownian Motions (left) and VAR(10) processes (right).

3 Hypothesis Testing

We illustrate the expressive power of SOCK features on a two-sample hypothesis test for stochastic
processes. Specifically, we use the maximum mean discrepancy (MMD) [14] based on either explicit
feature vectors (eq. 1) or time series kernels, within a permutation test as in [6, 28, 21, 19, 30]. We
test the null hypothesis H0 : µ = ν against the alternative H1 : µ ̸= ν, where µ and ν denote laws of
stochastic processes.

Let X = (X(1), . . . , X(N)) ∼ µ and Y = (Y (1), . . . , Y (M)) ∼ ν, be i.i.d. samples of size N and
M , respectively. The test proceeds as follows:

1. Let Z = (X(1), . . . , X(N), Y (1), . . . , Y (M)). Randomly partition Z into sets X̃ and Ỹ of
sizes N and M respectively. Compute and record MMD(X̃ , Ỹ). Repeat 100 times.

2. Compute the empirical (1− α) quantile of the permuted MMD values, which under H0 has
the same distribution as the unpermuted statistic MMD(X ,Y).

3. Reject H0 if MMD(X ,Y) exceeds this threshold.

This procedure is repeated for 300 trials to estimate the test power. We consider two scenarios: 1.)
Fractional Brownian Motions (fBm) with Hurst parameter H ∈ (0, 1). We set H = 0.5 under H0,
and vary H under H1. 2.) A VAR(10) process with oscillating autocorrelation [3], defined by

Xt = ϕ1Xt−5 + ϕ2Xt−10 + εt, ϕ1 = 2r cos(
4π

5
), ϕ2 = −r2, εt ∼ N(0,Σ),

with Σ = 1
2J + 1

2I as in [20]. We set r = 0.85 under H0, and vary r under H1.

We benchmark SOCK by comparing the power of the permutation test against common feature-
and kernel-based MMDs. Feature-based baselines include truncated signatures [26], randomized
signatures [7], unitary path development (PCF) [22, 21], and Hydra [12]. Kernel baselines include the
truncated RBF signature kernel [18], the Global Alignment Kernel [9, 8], and the classical flattened
RBF kernel. Results are shown in fig. 1. SOCK achieves the highest power across both settings by a
wide margin, and outperforms Hydra features. For details on hyperparameter tuning, see appendix B.

4 Time Series Generation

We now compare the feature maps for training generative models through feature-matching. As
in practice, we fit generative models using training data from a single historical path of length L
to generate new paths of length T < L. We estimate the target vector EX∼p[f(X)] by averaging
features computed on length-T windows, cut from the historical path.

We train generators on three simulated time series (VAR(1), VAR(10), Heston) and two real financial
time series (Crypto, 5-Tickers). We limit the simulated training data to L = 211 observations, which
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ACF ACF2 AUC CCF TV

V(1) V(10) Heston Crypto 5T V(1) V(10) Heston Crypto 5T V(1) V(10) Heston Crypto 5T V(1) V(10) Heston Crypto 5T V(1) V(10) Heston Crypto 5T

Trunc-Sig

Rand-Sig

Cond-Sig

SOCK

0.028 0.161 0.088 0.064 0.095 0.042 0.062 0.078 0.015 0.028 0.968 0.978 0.878 0.688 0.571 0.478 0.103 0.133 0.074 0.091 0.257 0.043 0.268 0.179 0.157

0.277 0.212 0.093 0.186 0.29 0.241 0.089 0.08 0.058 0.128 1 0.969 0.773 0.866 0.895 0.089 0.134 0.259 0.06 0.399 0.809 0.107 0.307 0.217 0.334

0.025 0.105 0.013 0.237 0.097 0.027 0.049 0.014 0.078 0.03 0.884 0.913 0.708 0.975 0.597 0.199 0.073 0.039 0.111 0.083 0.189 0.02 0.101 0.118 0.137

0.015 0.025 0.011 0.008 0.024 0.02 0.009 0.013 0.011 0.023 0.813 0.919 0.74 0.565 0.491 0.208 0.023 0.151 0.005 0.061 0.121 0.024 0.115 0.121 0.125 best

worst

Figure 2: Results for generative modeling tasks, evaluated on synthetic and real financial time series.
Lighter colors indicate a smaller (better) difference between real and generated distributions.

corresponds to approximately 8 years of daily observations. For validation, we simulate 216 new
paths of length T . Following [20], we consider the 3-dimensional VAR(1) process

Xt+1 = ϕXt + εt, εt ∼ N(0,Σ),

where Σ is as in section 3. We vary the scalar ϕ ∈ {0.5, 0.9, 0.99} and thus study processes with
much stronger autocorrelation compared to previous studies [20, 1]. For the 3-dimensional VAR(10),
we use the same coefficients as in section 3. As a final synthetic benchmark, we include the joint
process of log-returns and log-variance in the Heston model [15, 2]. The Crypto time series contains
the 1-min log-returns of BTC and ETH over the first two months of 2025. The 5-tickers dataset consists
of the daily log-returns of MSFT, JPM, PG, ˆVIX, and GC=F (Gold futures) between 2009 and 2025. We
use the first half of the real time series for training and the second half for evaluation.

For each dataset and feature map, we train an autoregressive generator gθ : Rqd × Rd → Rd [20].
Given a context length q and an initial path segment x−q:0, we generate a path x1:T by iterating

xt+1 = gθ(xt−q:t, zt+1), t = 0, . . . , T − 1,

where zt+1
iid∼ N(0, Id). We set q = 1 for VAR(1) and Heston, and q = 5 for VAR(10) and the real

datasets. The mismatch between q = 5 and the VAR order p = 10 mimics a challenge with real
datasets: the true dynamics may lie outside the generator’s model class. For all datasets, we train on
generated paths of length T = 64. This rollout length is larger than the lengths of 3-10 used in prior
works [20, 22, 1], which we found insufficient to train generators that can be unrolled to length 64 at
test time. With the long rollout length, each feature map truly computes path-level statistics.

We train generators via feature-matching using three fully untrained feature maps: the truncated
signature, the randomized signature, and SOCK. At each training step, we generate a batch of
210 paths and compute the gradient of the feature-matching loss (eq. 1) with respect to θ. We update θ
using Adam and a linearly annealed learning rate, starting at 3 × 10−4. We resample the random
feature maps (Rand-Sig and SOCK) every 10 training iterations. We also compare to the conditional
signature [20], which fits a matrix parameter prior to training the generator and optimizes a loss, that
requires nested sampling. All details can be found in appendix C. In preliminary experiments, we
also included the signature-inspired path development as in PCF-GAN [21], but we failed to obtain a
convergent model, and hence do not report any generative results using the PCF feature map. We aim
to investigate this further in the full release of our paper.

Results We generate a set of paths with each trained generator and compare it to the validation
set of real paths. On both the real and generated paths, we estimate the autocorrelation function
and report the difference between the two autocorrelation functions as ACF. Similarly, we report
the difference of the autocorrelation functions of the squared processes (ACF2), the difference in
cross-correlations (CCF), and the total variation distance of the marginal distributions (TV). We also
report the ROC-AUC of an MLP discriminator, whose final layer is trained to distinguish between
real and fake paths.

We provide all results in appendix D and visualize most of them in fig. 2. We observe that on most
datasets and metrics, the SOCK-trained generator either matches or beats the performance of all other
generators. SOCK often outperforms the other untrained feature maps (Trunc-Sig, Rand-Sig) by a
wide margin and even performs typically better than Cond-Sig, whose features are specialized on
each dataset.

On the real datasets, the SOCK-trained generators clearly outperform all others. In particular, SOCK
performs much stronger than Cond-Sig, despite Cond-Sig being a strong baseline on the synthetic
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data. On VAR(1) with ϕ = 0.5, Rand-Sig, Cond-Sig, and SOCK all perform very well, which
matches positive results in the literature [20, 1]. Note that with ϕ = 0.5, autocorrelation decays
fast (half-life of a single time step). When ϕ = 0.99, the generator trained with Rand-Sig fails to
accurately reproduce the autocorrelation, while the SOCK generator is still accurate. That SOCK
is strong at capturing autocorrelations is further apparent from the strong performance on VAR(10)
(see fig. 3), where the SOCK generator far outperforms all others. On Heston, the SOCK-trained
generator is slightly weaker than the conditional signature in matching the distribution of individual
points Xt. We aim to investigate this in future work.

Finally, we highlight a unique advantage of random feature maps: we can resample parameters, like
SOCK’s convolutional kernels, during generator training. The generator faces different discriminators
during training, which improves performance for SOCK and Rand-Sig (table 3).
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A Code

from typing import List
from torch import Tensor
import torch
import torch.nn.functional as F

TAU = 1e-2 # softmax temperature

def sock(x: Tensor, w_mix: Tensor, w_conv: Tensor, dilations: List[int]) -> Tensor:
"""
Args:

x (Tensor): shape `(B, T, C)`,
where B = batch size, T = num time steps, C = num channels.

w_mix (Tensor): shape `(M, C)`, where M = mixing dimension.
w_conv (Tensor): shape `(2KM, 1, k)`,

where K = num kernels and k = kernel length.
dilations (List[int]): list of dilation factors.

Returns:
Tensor: shape `(B, 2MK * len(dilations))`.

"""
x = F.linear(x, w_mix).permute(0, 2, 1) # (B, M, T)
x = torch.cat([x, F.pad(torch.diff(x, dim=-1), (1, 0))], dim=1) # (B, 2M, T)
g, K = x.size(1), w_conv.size(0) // x.size(1)
f = []
for d in dilations:

y = F.conv1d(x, w_conv, dilation=d, padding="same", groups=g)
y = y.view(y.size(0), -1, K, y.size(-1)) # (B, 2M, K, T)
y = torch.std(F.softmax(y / TAU, dim=2), dim=3) # (B, 2M, K)
f.append(y.reshape(y.size(0), -1))

return torch.cat(f, dim=-1)

B Additional Details on Hypothesis Tests

In the hypothesis testing experiments, we tune the hyperparameters of each MMD model via indepen-
dent trials with different seeds from the reported results. Hydra uses its default hyperparameters and
requires no tuning as per the original paper [12]. For PCF, we use the optimized hyperparameters
from [21, 30], which are based on the same hypothesis testing experiment. We use a grid search
to tune the σ parameter for all RBF-based models, including GAK, and to determine the optimal
truncation depth for all truncated signature MMDs. For the randomized signature, we tune the path
dimension and the variance of the random maps. For SOCK we set the number of competing kernels
to k = 3 and tuned the temperature, but we note that this only had a small increase in performance.
We stress that SOCK, like its predecessor Hydra, is robust to changes in hyperparameters and we
recommend using the defaults for new problems. Additionally, for all models we preprocess all
paths with the standard augmentations from the signature literature, namely Lead-Lag, Add-time,
and I-visibility transformations [24, 32]. We note however that this has little effect on SOCK, but is
required to make signatures competitive.

C Additional Details on Generative Modeling

C.1 Datasets

Heston We consider the Heston model [15]

dSt = St

√
VtdWt,

dVt = k(θ − Vt)dt+ ξ
√
VtdBt,

and take κ = 1.0, θ = 0.04, ξ = 0.25, ρ = −0.7. We simulate (S, V ) paths using the scheme of
Broadie and Kaya [2] at a time discretization of ∆t = 1/250. We then transform (S, V ) into

Xt := (logSt − logSt−∆t, log Vt).
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The generative models are trained to generate this two-dimensional process X .

Crypto The Crypto dataset is a two month long 2-dimensional path of BTCUSD and ETHUSD,
consisting of 1min log-returns from the Binance exchange. We use the first month for training, and
the second month for evaluation.

5-Tickers The 5-Tickers dataset is 5-dimensional and consists of the daily log returns of MSFT
(Microsoft), JPM (JP Morgan), PG (Proctor and Gable), ˆVIX (VIX), GC=F (Gold Futures), between
the years 2009 and 2025. We obtained the data from Yahoo Finance.

C.2 Training generators via feature-matching

We train generators using the untrained feature maps (Trunc-Sig, Rand-Sig, SOCK) via feature
matching (eq. 1) as in [26, 1] and train the conditional signature, via the algorithm of Liao et al. [20].
We find that many training choices, such as the bootstrapping schemes for computing EX∼p[f(X)]
or sampling x−q:0, are not sensitive to the choice of the feature map, so we keep them constant across
all feature maps. We found in preliminary experiments that all feature maps have similar optimal
learning rates. For simplicity, we therefore take the same learning rate schedule for each method
(linear warm up for 5% of iterations to 3× 10−4, and linear decay for 70% of iterations). We note
that for the full version of this paper, we aim to tune learning rates granularly and individually for
each feature map. We train each generator at batch size 1024 for 10,000 iterations.

We use Trunc-Sig, Rand-Sig, and Cond-Sig with standard augmentations (Lead-Lag, Add-time,
I-visibility). We also use Lead-Lag and Add-time with SOCK, but find that this affects performance
only marginally. For Trunc-Sig and Cond-Sig we use truncation depth 3 of the signature, which we
found to be optimal in preliminary runs and is in line with prior work. We highlight that we don’t
find an increase in performance when increasing the truncation depth much beyond this depth. For
Rand-Sig, we use a hidden dimension of size 128. We use SOCK with mixing dimension M = 64
and reuse the Hydra defaults [12] for all other hyperparameters (kernel length of k = 9 and number
of concurrent kernels K = 8). The generator architecture is the same for all feature maps and consists
of an initial projection layer to the hidden dimension of 256, two gated residual blocks, and a linear
readout.

C.3 Evaluation metrics

Each evaluation metric is computed on N ‘real’ paths and N ‘fake’ paths of length T = 64. On the
synthetic datasets, we sample those real paths from the true known data generating process. There,
we use 65,536 paths of length T . On the real datasets, the real paths are cut from the longer real data
path. If not specified otherwise, we report performance on the out-of-sample part of the real data set.

In the following we use r for quantities that belong to the real sample, and g for quantities that belong
to the sample generated by the trained generator.

We denote by

TV =
1

d

d∑
i=1

∥∥p(r)i − p
(g)
i

∥∥
TV

,

the average total variation of the channel-wise marginal distributions p(·)i ,

ACF =
1

ds

d∑
i=1

s∑
k=1

∣∣∣ρ(r)i (k)− ρ
(g)
i (k)

∣∣∣ ,
the average difference in the channel-wise autocorrelation functions ρ

(·)
i , up to a max lag of

s = ⌊T/3⌋,

ACF2 =
1

ds

d∑
i=1

s∑
k=1

∣∣∣ϱ(r)i (k)− ϱ
(g)
i (k)

∣∣∣ ,
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the average difference in the channel-wise autocorrelation functions ϱ
(·)
i of the squared pro-

cess (X2
1 , . . . , X

2
T ),

CCF =
1

d(d− 1)

∑
i ̸=j

∣∣∣χ(r)
ij − χ

(g)
ij

∣∣∣ ,
where χ

(·)
ij is the Pearson cross-correlation between channels i and j.

As a final evaluation metric, we report ROC-AUC of a discriminator, trained to distinguish between
real and fake paths. We use N/2 real and N/2 fake paths to train the discriminator and evaluate it on
the other half of evaluation paths. The discriminator uses a non-trainable one-layer random MLP
feature map. We train a linear readout mapping the random MLP features to a scalar y, such that
σ(y) is the probability that the input path is real (where σ is the sigmoid function). A larger AUC
indicates a stronger discriminator and weaker generator. If the generator perfectly replicates the true
distribution, the AUC is 0.5.

D Results

Below, we report the results of all our experiments and models across 5 random seeds.

Table 1: Results on synthetic datasets.

Trunc-Sig Rand-Sig Cond-Sig SOCK

Heston ACF 0.088 (0.040) 0.093 (0.079) 0.013 (0.008) 0.011 (0.008)
ACF2 0.078 (0.049) 0.080 (0.066) 0.014 (0.004) 0.013 (0.013)
CCF 0.133 (0.050) 0.259 (0.214) 0.039 (0.037) 0.151 (0.181)
TV 0.268 (0.124) 0.307 (0.230) 0.101 (0.037) 0.115 (0.057)
AUC 0.878 (0.073) 0.773 (0.142) 0.708 (0.118) 0.740 (0.088)

VAR(1) - ϕ = 0.5 ACF 0.015 (0.003) 0.004 (0.003) 0.004 (0.002) 0.006 (0.003)
ACF2 0.008 (0.000) 0.002 (0.001) 0.002 (0.001) 0.004 (0.003)
CCF 0.190 (0.047) 0.027 (0.007) 0.022 (0.011) 0.031 (0.012)
TV 0.069 (0.006) 0.030 (0.003) 0.030 (0.003) 0.031 (0.008)
AUC 0.748 (0.021) 0.630 (0.018) 0.631 (0.010) 0.624 (0.016)

VAR(1) - ϕ = 0.9 ACF 0.021 (0.007) 0.009 (0.002) 0.019 (0.010) 0.012 (0.006)
ACF2 0.021 (0.005) 0.011 (0.002) 0.016 (0.007) 0.009 (0.005)
CCF 0.380 (0.121) 0.363 (0.124) 0.045 (0.017) 0.048 (0.022)
TV 0.098 (0.016) 0.087 (0.030) 0.060 (0.024) 0.050 (0.005)
AUC 0.916 (0.074) 0.892 (0.096) 0.678 (0.027) 0.652 (0.026)

VAR(1) - ϕ = 0.99 ACF 0.028 (0.014) 0.277 (0.004) 0.025 (0.010) 0.015 (0.011)
ACF2 0.042 (0.015) 0.241 (0.001) 0.027 (0.009) 0.020 (0.019)
CCF 0.478 (0.012) 0.089 (0.047) 0.199 (0.085) 0.208 (0.063)
TV 0.257 (0.096) 0.809 (0.017) 0.189 (0.028) 0.121 (0.045)
AUC 0.968 (0.013) 1.000 (0.000) 0.884 (0.061) 0.813 (0.025)

VAR(10) ACF 0.161 (0.016) 0.212 (0.135) 0.105 (0.016) 0.025 (0.004)
ACF2 0.062 (0.005) 0.089 (0.087) 0.049 (0.005) 0.009 (0.002)
CCF 0.103 (0.071) 0.134 (0.192) 0.073 (0.023) 0.023 (0.007)
TV 0.043 (0.019) 0.107 (0.196) 0.020 (0.006) 0.024 (0.002)
AUC 0.978 (0.020) 0.969 (0.030) 0.913 (0.018) 0.919 (0.003)
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Table 2: Results on real datasets.

Trunc-Sig Rand-Sig Cond-Sig SOCK

Crypto ACF (in) 0.070 (0.012) 0.187 (0.108) 0.237 (0.032) 0.023 (0.000)
ACF2 (in) 0.026 (0.002) 0.065 (0.061) 0.082 (0.017) 0.025 (0.000)
CCF (in) 0.068 (0.022) 0.071 (0.062) 0.112 (0.106) 0.046 (0.001)
TV (in) 0.207 (0.010) 0.252 (0.131) 0.142 (0.014) 0.127 (0.004)
ACF (out) 0.064 (0.013) 0.186 (0.111) 0.237 (0.033) 0.008 (0.001)
ACF2 (out) 0.015 (0.002) 0.058 (0.064) 0.078 (0.016) 0.011 (0.000)
TV (out) 0.179 (0.010) 0.217 (0.115) 0.118 (0.016) 0.121 (0.002)
CCF (out) 0.074 (0.031) 0.060 (0.092) 0.111 (0.124) 0.005 (0.004)
AUC (out) 0.688 (0.024) 0.866 (0.070) 0.975 (0.030) 0.565 (0.009)

5-Tickers ACF (in) 0.095 (0.007) 0.286 (0.130) 0.098 (0.008) 0.025 (0.000)
ACF2 (in) 0.030 (0.001) 0.125 (0.066) 0.032 (0.003) 0.025 (0.000)
CCF (in) 0.081 (0.008) 0.382 (0.210) 0.061 (0.008) 0.040 (0.001)
TV (in) 0.147 (0.008) 0.336 (0.125) 0.134 (0.002) 0.120 (0.001)
ACF (out) 0.095 (0.009) 0.290 (0.132) 0.097 (0.011) 0.024 (0.001)
ACF2 (out) 0.028 (0.002) 0.128 (0.068) 0.030 (0.004) 0.023 (0.002)
TV (out) 0.157 (0.008) 0.334 (0.116) 0.137 (0.006) 0.125 (0.007)
CCF (out) 0.091 (0.018) 0.399 (0.219) 0.083 (0.007) 0.061 (0.003)
AUC (out) 0.571 (0.065) 0.895 (0.164) 0.597 (0.056) 0.491 (0.086)

Table 3: Comparison of resampling vs no resampling.

Rand-Sig Rand-Sig (resample) SOCK SOCK (resample)

VAR(10) ACF 0.211 (0.132) 0.212 (0.135) 0.032 (0.006) 0.025 (0.004)
ACF2 0.086 (0.080) 0.089 (0.087) 0.013 (0.004) 0.009 (0.002)
CCF 0.180 (0.169) 0.134 (0.192) 0.025 (0.013) 0.023 (0.007)
TV 0.108 (0.167) 0.107 (0.196) 0.024 (0.003) 0.024 (0.002)
AUC 0.972 (0.030) 0.969 (0.030) 0.936 (0.015) 0.919 (0.003)

Heston ACF 0.180 (0.164) 0.093 (0.079) 0.015 (0.011) 0.011 (0.008)
ACF2 0.120 (0.072) 0.080 (0.066) 0.016 (0.014) 0.013 (0.013)
CCF 0.521 (0.347) 0.259 (0.214) 0.255 (0.417) 0.151 (0.181)
TV 0.360 (0.173) 0.307 (0.230) 0.119 (0.066) 0.115 (0.057)
AUC 0.870 (0.114) 0.773 (0.142) 0.744 (0.085) 0.740 (0.088)

Figure 3: Comparison of the channel-wise autocorrelation of the real VAR(10) process and a generator
trained with SOCK. Note that the generator is restricted to a q = 5-lagged Markov process, so even
a perfectly trained generator could not exactly match the autocorrelation structure. Despite this
limitation, the autocorrelation profile of the generated paths is very similar to the profile of the real
paths.
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