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Abstract

Synthetic data offers the promise of cheap and bountiful
training data for settings where labeled real-world data is
scarce. However, models trained on synthetic data signif-
icantly underperform when evaluated on real-world data.
In this paper, we propose Proportional Amplitude Spectrum
Training Augmentation (PASTA), a simple and effective aug-
mentation strategy to improve out-of-the-box synthetic-to-
real (syn-to-real) generalization performance. PASTA per-
turbs the amplitude spectra of synthetic images in the Fourier
domain to generate augmented views. Specifically, with
PASTA we propose a structured perturbation strategy where
high-frequency components are perturbed relatively more
than the low-frequency ones. For the tasks of semantic seg-
mentation (GTAV→Real), object detection (Sim10K→Real),
and object recognition (VisDA-C Syn→Real), across a total
of 5 syn-to-real shifts, we find that PASTA outperforms more
complex state-of-the-art generalization methods while being
complementary to the same.

1. Introduction

For complex tasks, deep models often rely on training
with substantial labeled data. Real-world data can be ex-
pensive to label and an available labeled training set often
captures only a limited set of real-world appearance diver-
sity. Synthetic data offers an opportunity to cheaply gen-
erate diverse samples that can better cover the anticipated
variance of real-world test data. However, models trained
on synthetic data often struggle to generalize to real world
data – e.g., the performance of a vanilla DeepLabv3+ [13]
(ResNet-50 backbone) architecture on semantic segmenta-
tion drops from 73.45 mIoU on GTAV [58] to 28.95 mIoU
on Cityscapes [18] for the same set of classes. Several ap-
proaches have been considered to tackle this problem.
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Figure 1: PASTA augmentation samples. A synthetic image
from GTAV [58] when augmented with RandAugment [19]
[Top] and PASTA [Bottom]. We find that PASTA creates aug-
mented views different from existing photometric operations.

In this paper, we propose a novel augmentation strategy,
called Proportional Amplitude Spectrum Training Augmen-
tation (PASTA), to address the synthetic-to-real generaliza-
tion problem. PASTA, as an augmentation strategy for syn-
thetic data, aims to satisfy three key criteria: (1) strong
out-of-the-box generalization performance, (2) plug-and-
play compatibility with existing methods, and (3) benefits
across tasks, backbones, and shifts. PASTA achieves this by
perturbing the amplitude spectra (obtained by applying 2D
FFT to input images) of the source synthetic images in the
Fourier domain. While prior work has explored augment-
ing images in the Fourier domain [71, 73, 31], they mostly
rely on the observations that – (1) among the amplitude and
phase spectra, phase tends to capture more high-level seman-
tics [52, 51, 55, 25, 72] and (2) low-frequency (LF) bands of
the amplitude spectrum tend to capture style information /
low-level statistics (illumination, lighting, etc.) [73].

We further observe that synthetic images have less di-
versity in the high-frequency (HF) bands of their amplitude
spectra compared to real images (see Sec. 3.3 for a detailed
discussion). Motivated by these key observations, PASTA
provides a structured way to perturb the amplitude spectra of
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source synthetic images to ensure that a model is exposed to
more variations in high-frequency components during train-
ing. We empirically observe that by relying on such a simple
set of motivating observations, PASTA leads to significant im-
provements in synthetic-to-real generalization performance
– e.g., out-of-the-box GTAV [58]→Cityscapes [18] general-
ization performance of a vanilla DeepLabv3+ (ResNet-50
backbone) model improves from 28.95 mIoU to 44.12 mIoU
– a 15+ absolute mIoU point improvement!

PASTA involves the following steps. Given an input
image, we apply 2D Fast Fourier Transform (FFT) to obtain
the corresponding amplitude and phase spectra in the Fourier
domain. For every spatial frequency [m,n] in the amplitude
spectrum, we sample a multiplicative jitter value ϵ such
that the perturbation strength increases monotonically with
[m,n], thereby, ensuring that higher frequency components
in the amplitude spectrum are perturbed more compared
to the lower frequency ones. Finally, given the perturbed
amplitude and the original phase spectra, we can apply
an inverse 2D Fast Fourier Transform (iFFT) to obtain
the augmented image. This simple strategy of applying
fine-grained structured perturbations to the amplitude
spectra of synthetic images leads to strong out-of-the-box
generalization without the need for specialized components,
task-specific design, or changes to learning rules. Fig. 1
shows an example image augmented by PASTA.

To summarize, we make the following contributions:
• We introduce Proportional Amplitude Spectrum Training

Augmentation (PASTA), a simple and effective augmenta-
tion strategy for synthetic-to-real generalization. PASTA
perturbs the amplitude spectra of synthetic images so as
to expose a model to more high-frequency variations.

• We show that applying PASTA sets the new state of
the art for synthetic-to-real generalization for 3 tasks –
Semantic Segmentation (GTAV [58]→{Cityscapes [18],
Mapillary [48], BDD100K [76]}), Object Detection
(Sim10K [33]→Cityscapes) and Object Recognition
(VisDA-C [54] Syn→Real) – covering a total of 5
syn-to-real shifts with multiple backbones.

• Our experimental results demonstrate that PASTA– (1)
frequently enables a baseline model to outperform pre-
vious state-of-the-art approaches that rely on specialized
architectural components, additional synthetic or real data,
or alternate objectives; (2) is complementary to existing
methods; (3) outperforms prior adaptive object detection
methods; and (4) either outperforms or is competitive
with current augmentation strategies.

2. Related work
Domain Generalization (DG). DG typically involves train-
ing models on single or multiple labeled data sources to gen-
eralize well to novel test time data sources (unseen during
training). Several approaches have been proposed to tackle

domain generalization [4, 47], such as decomposing a model
into domain invariant and specific components and utilizing
the former to make predictions [23, 35], learning domain
specific masks for generalization [8], using meta-learning to
train a robust model [41, 65, 3, 12, 21], manipulating feature
statistics to augment training data [79, 43, 49], and using
models crafted based on risk minimization formalisms [2].
More recently, properly tuned ERMs (Empirical Risk Mini-
mization) have proven to be a competitive DG approach [24],
with follow-up work adopting various optimization and reg-
ularization techniques [62, 7] on top.
Single Domain Generalization (SDG). Unlike DG which
leverages diversity across multiple sources for better gener-
alization, SDG considers generalizing from a single source.
Notable approaches for SDG use meta-learning [56] by con-
sidering strongly augmented source images as meta-target
data (by exposing the model to increasingly distinct aug-
mented views of the source data [68, 42]) and learning fea-
ture normalization schemes with auxiliary objectives [22].
Synthetic-to-Real Generalization (Syn-to-Real). Prior
work on syn-to-real generalization has mostly focused on
some specific methods, including learning feature normal-
ization / whitening schemes [53, 17], using external data
for style injection [36, 38], explicitly optimizing for robust-
ness [15], leveraging strong augmentations / domain ran-
domization [77, 38], consistency objectives [78] and using
contrastive techniques to aid generalization [14]. Some ap-
proaches have also considered adapting from synthetic to real
images, using techniques such as adversarial training [16],
adversarial alignment losses [60], balancing transferability
and discriminability [9] and feature alignment [64]. PASTA is
more similar to the kind of methods adopting augmentations
for improving out-of-the-box generalization We consider 3
of the most commonly studied syn-to-real generalization
settings – (1) Semantic Segmentation - GTAV [58]→Real,
(2) Object Detection - Sim10K [33]→Real and (3) Object
Recognition - VisDA-C [54] Syn→Real. [46] recently pro-
posed tailoring synthetic data for better generalization.
Fourier Generalization & Adaptation Methods. Prior
work that explored augmenting images in the Fourier do-
main (as opposed to the pixel space) rely on a key empirical
observation [52, 51, 55, 25] that the phase component of the
Fourier spectrum tends to preserve high-level semantics, and
therefore, they focused mostly on perturbing the amplitude.
PASTA is in line with this style of approach. Amplitude Jit-
ter (AJ) [71] and Amplitude Mixup (AM) [71] are methods
similar to PASTA that augment images by perturbing their
amplitude spectra. While AM mixes the amplitude spectra
of different images, AJ applies uniform perturbation with a
single jitter value ϵ. FSDR [31], on the other hand, isolates
domain variant and invariant frequency components using
extra data and sets up a learning paradigm. Building on
top of [71], [74] adds a significance mask when linearly in-
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terpolating amplitudes. [32] only perturbs image-frequency
components that capture little semantic information. [66]
uses an encoder-decoder to obtain high/low frequency fea-
tures and augments images by adding noise to high frequency
phase and low frequency amplitude. [75, 10] study how am-
plitude and phase perturbations impact robustness to natural
corruptions [27]. In contrast to these works, PASTA’s simple
strategy of perturbing amplitude spectra in a structured way
and leads to strong out-of-the-box generalization without the
need for specialized components, extra data, task-specific
design, or changes to learning rules.

3. Method
We investigate how well models trained on a single la-

beled synthetic source dataset generalize to real target data,
without any access to target data during training.

3.1. Preliminaries: Fourier Transform

PASTA creates augmented views by applying perturba-
tions to the Fourier amplitude spectrum. The amplitude
A(x) and phase P(x) components of Fourier spectra of im-
ages have been widely used in image processing for several
applications – for studying properties (e.g., periodic interef-
erences), compact representations (e.g, JPEG compression),
digital filtering, etc – and more recently for generalizing and
adapting deep networks by perturbing the amplitude spec-
tra [71, 73]. We now cover preliminaries explaining how to
obtain amplitude and phase spectra from an image.

Consider a single-channel image x ∈ RH×W . The
Fourier transform F(x) of x can be expressed as,

F(x)[m,n] =

H−1∑
h=0

W−1∑
w=0

x[h,w] exp

(
−2πi

(
h

H
m+

w

W
n

))
(1)

where i2 = −1 and m,n denote spatial frequencies.
The inverse Fourier transform, F−1(·), that maps sig-

nals from the frequency domain to the image domain can
be defined accordingly. Note that the Fourier spectrum
F(x) ∈ CH×W . If Re(F(x)[·, ·]) and Im(F(x)[·, ·]) de-
note the real and imaginary parts of the Fourier spectrum, the
corresponding amplitude (A(x)[·, ·]) and phase (P(x)[·, ·])
spectra can be expressed as,

A(x)[m,n] =
√
Re(F(x)[m,n])2 + Im(F(x)[m,n])2

(2)

P(x)[m,n] = arctan

(
Im(F(x)[m,n])

Re(F(x)[m,n])

)
(3)

Without loss of generality, we will assume for the rest of
this section that the amplitude and phase spectra are zero-
centered, i.e., the low-frequency components (low [m,n])
have been shifted to the center ( lowest frequency component
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Figure 2: Amplitude spectrum characteristics. [Left]
Sample amplitude spectrum (LF = Low Frequency, HF =
High Frequency) for a single channel of a synthetic image
from GTAV [58]. Note that the amplitude spectrums tend
to follow a specific pattern – (for natural images) amplitude
values tend to follow an inverse power law w.r.t. the spatial
frequency [5, 63], i.e., roughly, the amplitude at frequency
f , A(f) ∝ 1

fγ , for some γ determined empirically. [Right]
Variations in amplitude values across images. Synthetic
images have less variance in high-frequency components of
the amplitude spectra compared to real images.

is at the center). The Fourier transform and its inverse can
be calculated efficiently using the Fast Fourier Transform
(FFT) [50] algorithm. For an RGB image, we can obtain
the Fourier spectrum (and A(x)[·, ·] and P(x)[·, ·]) indepen-
dently for each channel. For the following sections, although
we illustrate PASTA using a single-channel image, it can be
easily extended to multi-channel (RGB) images by treating
each channel independently.

3.2. Amplitude Spectrum Characteristics

Prior Observations. We first note that for natural images,
the amplitude spectra A(x) has a specific structure – ampli-
tude values tend to follow an inverse power law w.r.t. the
spatial frequency [5, 63], i.e., roughly, the amplitude at fre-
quency f , A(f) ∝ 1

fγ , for some γ determined empirically
(see Fig. 2 [Left]). Moreover, as noted earlier, a consider-
able body of prior work [52, 51, 55, 25] has shown that the
phase component of the Fourier spectrum tends to preserve
the semantics of the input image,1 and the low-frequency
(LF) components of the amplitude spectra tend to capture
low-level photometric properties (illumination, etc.) [73].
Based on these observations, several methods [73, 31, 71]
generate augmented views by modifying only the amplitude
spectra of input images, leaving the phase information “un-
changed” – by either copying the amplitude spectra from
an image from another domain [73] or by introducing naive

1More accurately, small variations in the phase component can signifi-
cantly alter the semantics of the image.
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uniform perturbations [71]. PASTA introduces a fine-grained
perturbation scheme for the amplitude spectra based on an
additional empirical observation when comparing synthetic
and real images.
Our Observation. Across a set of synthetic source datasets,
we make the important observation that synthetic images
tend to have smaller variations in the high-frequency (HF)
components of their amplitude spectrum than real images.2

Fig. 2 [Right] shows the standard deviation of amplitude
values for different frequency bands per-dataset with
the three real datasets (for high-band of Cityscapes [18],
BDD-100K [76], Mapillary [48]) being significantly larger
than the synthetic dataset (high band GTAV [61]). In
appendix, we show how this phenomenon is consistent
across (1) several syn-to-real shifts and (2) fine-grained
frequency band discretizations. This phenomenon is likely
a consequence of how synthetic images are rendered.
For instance, in VisDA-C [54], the synthetic images are
viewpoint images of 3D object models (under different
lighting conditions), so it is unlikely for them to be diverse
in high-frequency details. For images from GTAV [58],
synthetic renderings can lead to contributing factors such
as low texture variations – for instance, “roads” (one of
the head classes in semantic segmentation) in synthetic
images likely have less high-frequency variation compared
to real roads.3 Consequentially, to generalize well to real
data, we would like to ensure that our augmentation strategy
exposes the model to more variations in the high-frequency
components of the amplitude spectrum during training.
Exposing a model to such variations during training allows
it to be invariant to this “nuisance” characteristic – which
prevents overfitting to a specific syn-to-real shift.

3.3. Proportional Amplitude Spectrum Training
Augmentation (PASTA)

Following the observation that synthetic data has lower
amplitude variation than real images, and that the variation
difference increases with larger frequencies, we introduce a
new augmentation scheme, PASTA, that injects variation into
the amplitude spectra of synthetic images to help close the
syn-to-real gap. PASTA proposes perturbing the amplitude
spectra of images in a manner that is proportional to the spa-
tial frequencies, i.e., higher frequencies are perturbed more
compared to lower frequencies. If gΛ(·) denotes a perturba-
tion function that returns a perturbed amplitude Â(x), i.e.,
Â(x) = gΛ(A(x)), then gΛ(·) for PASTA can be expressed
as,

2In Fig. 2 [Right], for every image, upon obtaining the amplitude spec-
trum, we first take an element-wise logarithm. Then, for a particular fre-
quency band (pre-defined), we compute the standard deviation of amplitude
values within that band (across all the channels). Finally, we average these
standard deviations across images to report the same in the bar plots.

3When PASTA is applied, we find that performance on “road” increases
by a significant margin (per-class generalization results in appendix).

gΛ(A(x))[m,n] = ϵ[m,n]A(x)[m,n] (4)

where ϵ[m,n] ∼ N (1, σ2[m,n]) (5)

For every spatial frequency [m,n], ϵ[m,n] ensures a “mul-
tiplicative” jitter interaction and is drawn from a gaussian
dependent on the spatial frequency. σ[m,n] controls the
strength of perturbation applied for every spatial frequency.
Note that a naive uniform perturbation to the amplitude spec-
trum can be applied with a constant function, σ[m,n] = β
for all [m,n]. This results in equal perturbation of all spa-
tial frequencies. To ensure that we perturb HF components
more relative to the LF ones, we need to make the variance
(σ2[m,n]) depend on frequency ([m,n]).

For a given frequency we could consider a linear de-

pendence function such as σ[m,n] = 2α
√

m2+n2

H2+W 2 + β,

where 2
√

m2+n2

H2+W 2 computes the normalized spatial fre-
quency. However, in our empirical observations we found
that a linear dependence on frequency does not allow for
significant enough growth of perturbation as frequencies
increase. Instead we propose the following polynomial
function of frequency to allow for sufficient perturbation
increases for the high frequency components.

σ[m,n] =

(
2α

√
m2 + n2

H2 +W 2

)k

︸ ︷︷ ︸
proportional to [m,n]

+ β︸︷︷︸
uniform

(6)

Λ = {α, k, β} are controllable hyper-parameters. Overall,
β ensures a baseline level of jitter applied to all frequencies
and α, k govern how the perturbations grow with increas-
ing frequencies. Note that setting either α = 0 or k = 0
(removing the frequency dependence) results in a setting
where the σ[m,n] is the same across all [m,n]. In appendix,
we verify that PASTA augmentation increases the variance
metric measured in Fig. 2 [Right] for synthetic images across
fine-grained frequency band discretizations.

The steps involved in obtaining a PASTA augmented view
are summarized in Alg. 1 and Fig. 3. Given an input image,
we first obtain the fourier, amplitude and phase spectra via
2D FFT and then perturb the amplitude spectrum (while en-
suring stronger perturbations for HF components) according
to Eqns. 4, 5 and 6. Finally, given the perturbed amplitude
spectrum and the pristine phase spectrum, we retrieve the
augmented image via inverse 2D FFT. In the next section we
empricially validate our augmentation strategy.

4. Experimental Details
We conduct synthetic-to-real generalization experiments

across three tasks – Semantic Segmentation (SemSeg), Ob-
ject Detection (ObjDet) and Object Recognition (ObjRec).
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Figure 3: PASTA. The figure outlines the augmentation pipeline involved in PASTA. Given an image, we first apply a 2D Fast
Fourier Transform (FFT) to obtain the amplitude and phase spectra. Following this, the amplitude spectrum is perturbed as
outlined in Eqns. 4, 5 and 6. Finally, we use the perturbed amplitude and the pristine phase spectrum to recover the augmented
image by using inverse 2D FFT.

Algorithm 1 PASTA Augmented Views

1: Input: x ∈ RH×W ▷ Synthetic image (single channel)
2: PASTA parameters: α, k, β ▷ Set values
3: F(x)← FFT (x) ▷ Obtain Fourier spectrum
4: A(x)← Abs (F(x)) ▷ Obtain amplitude spectrum
5: P(x)← Ang (F(x)) ▷ Obtain phase spectrum
6: A(x)← FFTShift (A(x)) ▷ Zero-center amplitude
7: σH×W ←Meshgrid([−H/2, H/2], [−W/2,W/2])
8: for m ∈ [−H/2, H/2] do ▷ Vectorized in practice
9: for n ∈ [−W/2,W/2] do

10: σ[m,n]←
(
2α
√

m2+n2

H2+W 2

)k
+ β

11: ϵH×W ∼ N (1, σ2
H×W ) ▷ Draw perturbations

12: Â(x)← ϵ⊙A(x) ▷ Multiplicative jitter
13: Â(x)← FFTShift (Â(x))
14: x̂← Inverse-FFT (Â(x),P(x)) ▷ Augmented Image

4.1. Datasets and Shifts

Semantic Segmentation. For SemSeg, we use GTAV [58]
as our synthetic source dataset with ∼ 25k ground-view
images and 19 annotated classes, which are compatible
with the classes in real target datasets – Cityscapes [18],
BDD100K [76] and Mapillary [48]. We train our models on
the training split of the synthetic sources, evaluate on the val-
idation splits of the real targets and report performance using
mIoU (mean intersection over union). We train SegFormer
and HDRA (source-only) on the entirety of GTAV.

Object Detection. For ObjDet, we use Sim10K [33] as
our synthetic source dataset with ∼ 10k street-view images
(from GTAV [58]) and Cityscapes [18] as our (real) target
dataset. Following prior work [34], we train on the entirety of
Sim10K to detect instances of “car” and report performance
on the val split of Cityscapes using mAP@50 (mean average
precision at an IoU threshold of 0.5).
Object Recognition. For ObjRec, we use the VisDA-
2017 [54] (syn→real) image-classification benchmark with
∼ 152k synthetic images (3D renderings of objects) and
∼ 55k real images (from COCO [44]) across 12 classes. We
use (class-balanced) accuracy as our evaluation metric.

4.2. Models and Baselines

Models. We use DeepLabv3+ [13] (with backbones
ResNet-50 [26] and ResNet-101 [26]), SegFormer [69], and
HRDA [29] (both with MiT-B5 backbones) architectures
for SemSeg experiments. For ObjDet, we use the Faster-
RCNN [57] architecture with ResNet-50 and ResNet-101
backbones. For ObjRec, we use ViT-B/16 [20] and ResNet-
101 architectures, with both supervised and self-supervised
(DINO [6]) initializations. We set PASTA hyper-parameters
(α = 3.0, k = 2.0, β = 0.25) for SemSeg, ObjDet and Ob-
jRec across shifts, backbones and apply it in conjunction
with consistent geometric and photometric augmentations
per task. We provide more details in appendix.
Points of Comparison. In addition to prior work in syn-
to-real generalization, we also compare PASTA with other
augmentation strategies – (1) RandAugment (RandAug) [19]
and (2) Photometric Distortion (PD) [11]. The sequence of
operations in PD to augment input images are – randomized
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Method Real mIoU ↑

G→C G→B G→M Avg ∆

ResNet-50

1 Baseline (B) [17]∗ 28.95 25.14 28.18 27.42
2 B + RandAug [19] 31.89 38.28 34.54 34.54±0.57 +7.12
3 B + PASTA 44.12 40.19 47.11 43.81±0.74 +16.39

ResNet-101

4 Baseline (B) [17]∗ 32.97 30.77 30.68 31.47
5 B + PASTA 45.33 42.32 48.60 45.42±0.14 +13.95

Table 1: PASTA considerably improves a (SemSeg) base-
line. Semantic Segmentation DeepLabv3+ models trained on
GTAV (G) and evaluated on {Cityscapes (C), BDD100K (B),
Mapillary (M)}. ∗ indicates numbers drawn from published
manuscripts. Bold indicates best. ∆ indicates (absolute) im-
provement over Baseline. ± indicates the standard deviation
across 3 random seeds.

Method mAP@50 ↑ ∆

ResNet-50 S→C

1 Baseline 39.4
2 Baseline + PD [11] 51.5 +12.1
3 Baseline + RandAug [19] 52.8 +13.4
4 Baseline + PASTA 56.3 +16.9
5 Baseline + PD + PASTA 58.0 +18.6
6 Baseline + RandAug + PASTA 58.3 +18.9

ResNet-101

7 Baseline 43.3
8 Baseline + PD [11] 52.2 +8.9
9 Baseline + RandAug [19] 57.2 +13.9
10 Baseline + PASTA 55.2 +11.9
11 Baseline + PD + PASTA 56.6 +13.3
12 Baseline + RandAug + PASTA 59.9 +16.6

Table 2: PASTA considerably improves a (ObjDet) base-
line. Object Detection Faster-RCNN models trained on
Sim10K (S) and evaluated on Cityscapes (C). ∗ indicates
numbers drawn from published manuscripts. Highest is
Bolded. ∆ indicates (absolute) improvement over Baseline.

brightness, randomized contrast, RGB→HSV conversion,
randomized saturation & hue changes, HSV→RGB conver-
sion, randomized contrast, and randomized channel swap.

5. Results and Findings
5.1. Synthetic-to-Real Generalization Results

Our syn-to-real generalization results for Semantic Seg-
mentation (SemSeg), Object Detection (ObjDet) and Object

Method Arch. Init. Accuracy ↑ ∆
Syn→Real

1 Baseline ResNet-101 Sup. 47.22
2 Baseline + PASTA ResNet-101 Sup. 54.39 +7.17

3 Baseline ViT-B/16 Sup. 56.06
4 Baseline + PASTA ViT-B/16 Sup. 58.08 +2.02

5 Baseline ViT-B/16 DINO [6] 60.93
6 Baseline + PASTA ViT-B/16 DINO [6] 63.55 +2.62

Table 3: PASTA considerably improves a (ObjRec) base-
line. Classification models trained on the synthetic source
split of VisDA-C and evaluated on the real-split of VisDA-C.
Bold is best. ∆ indicates (absolute) improvement over Base-
line. Sup.= Supervised.

Recognition (ObjRec) are summarized in Tables. 1, 2, 3
4, 5, 6, and 8. We discuss these results below.
▷ PASTA considerably improves a vanilla baseline. Ta-
bles. 1 and 2 show the improvements offered by PASTA
for Semantic Segmentation (SemSeg) and Object Detection
(ObjDet) respectively when applied to a vanilla baseline.
For SemSeg (see Table. 1), we find that PASTA improves a
baseline DeepLabv3+ model by 13+ absolute mIoU points
(see rows 1, 3, 4 and 5) across R-50 and R-101 backbones.
Furthermore, these improvements are obtained consistently
across all real target datasets. Similarly, for ObjDet (Ta-
ble. 2), PASTA offers absolute improvements of 11+ mAP
points for a Faster-RCNN baseline across R-50 and R-101
backbones (see rows 1, 4, 7 and 10). We further note that
for SemSeg, PASTA outperforms RandAugment [19], a com-
peting augmentation strategy. For ObjDet, PASTA either
outperforms (R-50; rows 3, 4) or is competitive with Ran-
dAug (R-101; rows 9, 10). For ObjRec (see Table. 3), we find
that PASTA significantly improves a vanilla baseline across
multiple architectures – for R-101 (rows 1, 2) and ViT-B/16
(rows 3, 4) – and initializations – for supervised (rows 3, 4)
and DINO [6] (rows 5, 6) ViT-B/16 initializations.
▷ PASTA outperforms state-of-the-art generalization
methods. Table. 4 shows how applying PASTA to a baseline
outperforms existing generalization methods for SemSeg.
Baseline + PASTA outperforms IBN-Net [53], ISW [17],
DRPC [77], ASG [15], CSG [14], WEDGE [36], FSDR [31],
WildNet [39], DIRL [70] & SHADE [78] in terms of aver-
age mIoU across real targets (for both R-50 and R-101).
We would like to note that DRPC, ASG, CSG, WEDGE,
FSDR, WildNet & SHADE (for R-101) use either more syn-
thetic or real data (the entirety of GTAV [58] or additional
datasets) or different base architectures, making these com-
parisons unfair to PASTA. For instance, WEDGE and CSG
use DeepLabv2, ASG uses FCNs, DRPC & SHADE (for
R-101) use the entirety of GTAV (not just the training split;
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Method Real mIoU ↑

G→C G→B G→M Avg ∆

ResNet-50

1 IBN-Net [53]∗ 33.85 32.30 37.75 34.63
2 ISW [17]∗ 36.58 35.20 40.33 37.37
3 DRPC [77]∗ 37.42 32.14 34.12 34.56
4 WEDGE [36]∗ 38.36 37.00 44.82 40.06
5 ASG [15]∗ 31.89 N/A N/A N/A
6 CSG [14]∗ 35.27 N/A N/A N/A
7 WildNet [39]∗ 44.62 38.42 46.09 43.04
8 DIRL [70]∗ 41.04 39.15 41.60 40.60
9 SHADE [78]∗ 44.65 39.28 43.34 42.42
10 B + PASTA 44.12 40.19 47.11 43.81±0.74 +0.77

ResNet-101

11 IBN-Net [53]∗ 37.37 34.21 36.81 36.13
12 ISW [17]∗ 37.20 33.36 35.57 35.58
13 DRPC [77]∗ 42.53 38.72 38.05 39.77
14 WEDGE [36]∗ 45.18 41.06 48.06 44.77
15 ASG [15]∗ 32.79 N/A N/A N/A
16 CSG [14]∗ 38.88 N/A N/A N/A
17 FSDR [31]∗ 44.80 41.20 43.40 43.13
18 WildNet [39]∗ 45.79 41.73 47.08 44.87
19 SHADE [78]∗ 46.66 43.66 45.50 45.27
20 B + PASTA 45.33 42.32 48.60 45.42±0.14 +0.15

Table 4: PASTA outperforms SOTA (SemSeg) generaliza-
tion methods. Semantic Segmentation DeepLabv3+ models
trained on GTAV (G) and evaluated on {Cityscapes (C),
BDD100K (B), Mapillary (M)}. ∗ indicates numbers drawn
from published manuscripts. Bold is best. ∆ indicates (ab-
solute) improvement over SOTA. ± indicates the standard
deviation across 3 random seeds. Rows highlighted in gray
use different base architectures and / or extra training data
and have been included for completeness. B = Baseline.

2× more data compared to PASTA) and WEDGE uses ∼5k
extra Flickr images in it’s overall pipeline. FSDR uses FCNs
and the the entirety of GTAV for training. FSDR and Wild-
Net also use extra ImageNet [37] images for stylization /
randomization. For FSDR, the first step in the pipeline also
requires access to SYNTHIA [59]. Unlike PASTA, FSDR
and DRPC also select the checkpoints that perform best on
target data [1], which is unrealistic since assuming access
to labeled (real) target data (for training or model selection)
is not practical for syn-to-real generalization. We note that
despite having access to less data, PASTA outperforms these
methods on GTAV→Real. For ObjDet, in Table. 5, we find
that combining RandAug + PASTA sets new state-of-the-art
on Sim10K [33]→Cityscapes [18].
▷ PASTA outperforms state-of-the-art adaptation meth-
ods. In Table. 5, we find that both Baseline + PASTA and
Baseline + RandAug + PASTA significantly outperform state-

Method Real Data mAP@50 ↑ ∆

Generalization S→C

1 Baseline (B) ✗ 43.3
2 B + PASTA ✗ 55.2 +11.9
3 B + RandAug + PASTA ✗ 59.9 +16.6

(Unsupervised) Adaptation

4 EPM [30]∗ ✓ 51.2 +7.9
5 Faster-RCNN w/ rot [67]∗ ✓ 52.4 +9.1
6 ILLUME [34]∗ ✓ 53.1 +9.8
7 AWADA [45]∗ ✓ 53.2 +9.9

8 Faster-RCNN (Oracle) [67]∗ ✓ 70.4 +27.1

Table 5: PASTA outperforms SOTA (ObjDet) adaptation
methods. Object Detection Faster-RCNN (ResNet-101)
models trained on Sim10K (S) and evaluated on Cityscapes
(C). ∗ indicates numbers drawn from published manuscripts.
Bold is best. Rows in gray are adaptation methods with

access to unlabeled real data. Rows in red have access
to labeled real data. ∆ indicates (absolute) improvement
over Baseline (B). PASTA leads to outperforming adaptation
methods without any access to real data during training.

Method Real mIoU ↑

G→C G→B G→M Avg ∆

ResNet-50

1 IBN-Net [53]∗ 33.85 32.30 37.75 34.63
2 IBN-Net + PASTA 41.90 41.46 45.88 43.08±0.37 +8.45
3 ISW [17]∗ 36.58 35.20 40.33 37.37
4 ISW + PASTA 42.13 40.95 45.67 42.91±0.27 +5.54

ResNet-101

5 IBN-Net [53]∗ 37.37 34.21 36.81 36.13
6 IBN-Net + PASTA 43.64 42.46 47.51 44.54±0.89 +8.41
7 ISW [17]∗ 37.20 33.36 35.57 35.58
8 ISW + PASTA 44.46 43.02 47.35 44.95±0.21 +9.37

Table 6: PASTA is complementary to existing (SemSeg)
generalization methods. Semantic Segmentation general-
ization methods (DeepLabv3+ models) trained on GTAV
(G) and evaluated on {Cityscapes (C), BDD100K (B), Map-
illary (M)}. ∗ indicates numbers drawn from published
manuscripts. Bold is best. ∆ indicates (absolute) improve-
ment over the base generalization method. ± indicates the
standard deviation across 3 random seeds.

of-the-art adaptive object detection method, AWADA [45]
(rows 2, 3 and 7). Note that unlike the methods in rows 4-7,
PASTA does not have access to real images during training!
▷ PASTA is complementary to existing generalization
methods. In addition to ensuring that a baseline model
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Figure 4: Sensitivity of α, β, k in PASTA for Object Detec-
tion. Faster-RCNN (ResNet-50) models trained on Sim10K
(S) and evaluated on Cityscapes (C). We vary α, k and β
for PASTA within the sets {0, 3, 5, 7, 9}, {0, 2, 4, 6, 8} and
{0, 0.25, 0.5, 0.75, 1.0}.

improves over existing methods, we find that PASTA is also
complementary to existing generalization methods. For Sem-
Seg, in Table. 6, we find that applying PASTA significantly
improves generalization performance (5+ absolute mIoU
points) of IBN-Net [53] and ISW [17] across R-50 and R-
101. For ObjDet, we find that PASTA is complementary to
existing augmentation methods (PD [11] and RandAug [19];
rows 5, 6, 11 and 12 in Table. 2), with RandAug + PASTA
setting state-of-the-art on Sim10K [33]→Cityscapes [18]. In
appendix, we applied PASTA to CSG [14], a state-of-the-art
generalization method for ObjRec on VisDA-C [54] CSG
already utilizes RandAugment, so we tested PASTA in two
settings: with and without RandAugment. In both scenarios,
incorporating PASTA led to improved performance.

5.2. Analyzing PASTA

▷ Sensitivity of PASTA to α, k and β. While β provides a
baseline level of uniform jitter in the frequency domain, α, k
govern the degree of monotonicity applied to the perturba-
tions. To assess the sensitivity of PASTA to α, k, β, in Fig. 4,
we conduct experiments for ObjDet where we vary one
hyper-parameter while freezing the other two. We find that
performance is stable when β exceeds a certain threshold.
For α, we find that while performance drops with increas-
ing α, worst generalization performance is still significantly
above baseline. More importantly, we find generalization
improvements offered by PASTA are sensitive to “extreme”
values of k. Qualitatively, overly high values of α, k lead to
augmented views which have their semantic content signifi-
cantly occluded, thereby resulting in poor generalization. As
an anecdotal rule of thumb, for a vanilla baseline that is not
designed specifically for syn-to-real generalization, we find
that restricting k ∈ [1, 4] leads to stable improvements.
▷ PASTA vs other frequency-based augmentation strate-
gies. Prior work has also considered augmenting im-
ages in the Fourier domain for syn-to-real generaliza-
tion (FSDR [31]), multi-source domain generalization
(FACT [71]), domain adaptation (FDA [73]) and robust-
ness (APR [10]). Row 17 in Table. 4 already shows how
PASTA outperforms FSDR. In Table. 7, we conduct a control

Method Real Data Real mIoU ∆

1 Baseline ✗ 26.99
2 Baseline + FDA [73] ✓ 33.04 +6.05
3 Baseline + APR-P [10] ✗ 37.52 +10.53
4 Baseline + AJ (FACT [71]) ✗ 30.70 +3.71
5 Baseline + AM (FACT [71]) ✗ 39.70 +12.71
6 Baseline + PASTA ✗ 41.90 +14.91

Table 7: PASTA vs Frequency-domain Augmentations.
Semantic Segmentation DeepLabv3+ (R-50) models trained
with different frequency domain augmentation strategies on
GTAV (at an input resolution of 1024 × 560 due to com-
pute constraints) and evaluated on {Cityscapes, BDD100K,
Mapillary}. Bold indicates best. ∆ indicates (absolute) im-
provement over Baseline. Row in gray uses real data for
augmenting images.

experiment to compare PASTA with some other frequency
domain augmentation strategies (summarized below) when
applied to a baseline DeepLabv3+ (R-50) SemSeg model for
the GTAV→Real shift (we downsample input images to a
resolution of 1024× 560 during training for all methods due
to limited computational resources).
• FDA [73] – FDA is a recent approach for syn-to-real do-

main adaptation and naturally requires access to unlabeled
target data. In FDA, to generate augmented views, low
frequency bands of the amplitude spectra of source images
are replaced with those of target – essentially mimicking
a cheap style transfer operation. Since we do not assume
access to target data in our experimental settings, a di-
rect comparison is not possible. Instead, we consider a
proxy task where we intend to generalize to real datasets
(Cityscapes, BDD100K, Mapillary) by assuming addi-
tional access to 6 real world street view images under
different weather conditions (for style transfer) – sunny
day, rainy day, cloudy day, etc. – in addition to synthetic
images from GTAV. We find that PASTA outperforms FDA
(row 2 vs row 6 in Table. 7).

• APR-P [10] – Amplitude Phase Recombination is a recent
method designed to improve robustness against natural
corruptions. APR replaces the amplitude spectrum of an
image with the amplitude spectrum from an augmented
view (APR-S) or different images (APR-P). When ap-
plied to synthetic images from GTAV, we find that PASTA
outperforms APR-P (row 3 vs row 6 in Table. 7).

• FACT [71] – FACT is a multi-source domain generaliza-
tion method for object recognition that uses one of two fre-
quency domain augmentation strategies – Amplitude Jitter
(AJ) and Amplitude Mixup (AM) – in a broader training
pipeline. AM involves perturbing the amplitude spectrum
of the image of concern by performing a convex combi-
nation with the amplitude spectrum of another “mixup”
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Method G→C mIoU ↑ ∆

DeepLabv3+ (ResNet-101)

1 Baseline 31.47
2 Baseline + PASTA 45.42 +13.95

SegFormer (MiT B5)

3 Baseline [28] 45.60
4 Baseline + PASTA 52.57 +6.97

HRDA (MiT B5)

5 Baseline [29] 53.01
6 Baseline + PASTA 57.21 +4.20

Table 8: PASTA is agnostic to choice of (SemSeg) archi-
tecture. Semantic Segmentation models trained on GTAV
(G) and evaluated on Cityscapes (C). Bold indicates best. ∆
indicates (absolute) improvement over Baseline.

image drawn from the same source data. AJ (AJ) perturbs
the amplitude spectrum with a single jitter value ϵ for all
spatial frequencies and channels. We compare with both
AM and AJ for SemSeg and find that PASTA outperforms
both (rows 4, 5 vs row 6 in Table. 7). Additionally, for
multi-source domain generalization on PACS [40], we find
that FACT-PASTA (where we replace the augmentations in
FACT with PASTA) outperforms FACT-Vanilla – 87.97%
vs 87.10% average leave-one-out domain accuracy.

▷ Does monotonicity matter in PASTA? As stated ear-
lier, a key insight while designing PASTA was to perturb
the high-frequency components in the amplitude spectrum
more relative to the low-frequency ones. This monotonic-
ity is governed by the choice of α, k in Eqn. 6 (β applies
a uniform level of jitter to all frequency components). To
assess the importance of this monotonic setup, we compare
generalization improvements offered by PASTA by compar-
ing α = 0 (uniform) and α = 3 (monotonically increasing)
settings. For SemSeg, for a baseline DeepLabv3+ (R-50)
model, we find that α = 3 improves over α = 0 by 3.89
absolute mIoU points (see Table. 1 for experimental setting).
Similarly, for ObjDet, for a baseline Faster-RCNN (R-50)
model, we find that α = 3 improves of α = 0 by 3.4 ab-
solute mAP points (see Table. 2 for experimental setting).
Additionally, reversing the monotonic trend (LF perturbed
more than HF) leads to significantly worse generalization
performance for SemSeg – 8.90 Avg. Real mIoU, dropping
even below vanilla baseline performance of 27.42 mIoU.
▷ Does PASTA help for transformer based architectures?
Our key syn-to-real generalization results across SemSeg and
ObjDet are with CNN backbones. Following the recent surge
of interest in introducing transformers to vision tasks [20],
we also conduct experiments to assess if syn-to-real general-

ization improvements offered by PASTA generalize beyond
CNNs. In Table. 3, we show how applying PASTA improves
syn-to-real generalization performance of ViT-B/16 base-
lines for both supervised (rows 3, 4) and self-supervised
DINO [6] initializations (rows 5, 6). In Table. 8, we consider
SegFormer [69] and HRDA [29] (source-only), recent trans-
former based segmentation frameworks, and check syn-to-
real generalization performance when trained on GTAV [58]
and evaluated on Cityscapes [18]. We find that applying
PASTA significantly improves performance of a vanilla base-
line (6+ and 4+ absolute mIoU points for SegFormer and
HRDA respectively).

To summarize, from our experiments, we find that PASTA
serves as a simple and effective plug-and-play augmentation
strategy for training on synthetic data that

– provides strong out-of-the-box generalization perfor-
mance – enables a baseline method to outperform existing
generalization approaches

– is complementary to existing generalization methods
– applying PASTA to existing methods or augmentation
strategies leads to improvements

– is applicable across tasks, backbones and shifts –
PASTA leads to improvements across SemSeg, ObjDet,
ObjRec for multiple backbones for five syn-to-real shifts

6. Conclusion

We propose Proportional Amplitude Spectrum Training
Augmentation (PASTA), a plug-and-play augmentation strat-
egy for synthetic-to-real generalization. PASTA is motivated
by the observation that the amplitude spectra are less diverse
in synthetic than real data, especially for high-frequency
components. Thus, PASTA augments synthetic data by per-
turbing the amplitude spectra, with magnitudes increasing
for higher frequencies. We show that PASTA offers strong
out-of-the-box generalization performance on semantic
segmentation, object detection, and object classification
tasks. The strong performance of PASTA holds true alone
(i.e., training with ERM using PASTA augmented images)
or together with alternative generalization/augmentation
algorithms. We would like to emphasize that the strength of
PASTA lies in its simplicity (just modify your augmentation
pipeline) and effectiveness, offering strong improvements
despite not using extra modeling components, objectives, or
data. We hope that future research endeavors in syn-to-real
generalization take augmentation techniques like PASTA
into account. Additionally, it might be of interest to the
research community to explore how PASTA could be utilized
for adaptation – when “little” real target is available.
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