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ABSTRACT

Synthetic data (SIM) drawn from simulators have emerged as a popular alternative
for training models where acquiring annotated real-world images is difficult. How-
ever, transferring models trained on synthetic images to real-world applications
can be challenging due to appearance disparities. A commonly employed solution
to counter this SIM2REAL gap is unsupervised domain adaptation, where models
are trained using labeled SIM data and unlabeled REAL data. Mispredictions made
by such SIM2REAL adapted models are often associated with miscalibration –
stemming from overconfident predictions on real data. In this paper, we introduce
AUGCAL, a simple training-time patch for unsupervised adaptation that improves
SIM2REAL adapted models by – (1) reducing overall miscalibration, (2) reduc-
ing overconfidence in incorrect predictions and (3) improving confidence score
reliability by better guiding misclassification detection – all while retaining or im-
proving SIM2REAL performance. Given a base SIM2REAL adaptation algorithm,
at training time, AUGCAL involves replacing vanilla SIM images with strongly aug-
mented views (AUG intervention) and additionally optimizing for a training time
calibration loss on augmented SIM predictions (CAL intervention). We motivate
AUGCAL using a brief analytical justification of how to reduce miscalibration on
unlabeled REAL data. Through our experiments, we empirically show the efficacy
of AUGCAL across multiple adaptation methods, backbones, tasks and shifts.

1 INTRODUCTION
Most effective models for computer vision tasks (classification, segmentation, etc.) need to learn
from a large amount of exemplar data (Dosovitskiy et al., 2020; Radford et al., 2021; Kirillov et al.,
2023; Pinto et al., 2008) that captures real-world natural variations which may occur at deployment
time. However, collecting and annotating such diverse real-world data can be prohibitively expensive
– for instance, densely annotating a frame of Cityscapes (Cordts et al., 2016) can take upto ∼ 1.5
hours! Machine-labeled synthetic images generated from off-the-shelf simulators can substantially
reduce this need for manual annotation and physical data collection (Sankaranarayanan et al., 2018;
Ros et al., 2016; Blaga & Nedevschi, 2019; Savva et al., 2019; Deitke et al., 2020; Chattopadhyay
et al., 2021). Nonetheless, models trained on SIM data often exhibit subpar performance on REAL
data, primarily due to appearance discrepancies, commonly referred to as the SIM2REAL gap. For
instance, on GTAV (SIM) → Cityscapes (REAL), an HRDA SIM-only model (Hoyer et al., 2022b)
achieves an mIoU of only 53.01, compared to ∼ 81 mIoU attained by an equivalent model trained
exclusively on REAL data.
While there is significant effort in improving the realism of simulators (Savva et al., 2019; Richter
et al., 2022), there is an equally large effort seeking to narrow this SIM2REAL performance gap
by designing algorithms that facilitate SIM2REAL transfer. These methods encompass both gener-
alization (Chattopadhyay* et al., 2023; Huang et al., 2021; Zhao et al., 2022). – aiming to ensure
strong out-of-the-box REAL performance of SIM trained models – and adaptation (Hoyer et al.,
2022b;c; Vu et al., 2019; Rangwani et al., 2022) – attempting to adapt models using labeled SIM
data and unlabeled REAL data. Such generalization and adaptation methods have demonstrated
notable success in reducing the SIM2REAL performance gap. For instance, PASTA (Chattopadhyay*
et al., 2023) (a generalization method) improves SIM2REAL performance of a SIM-only model from

∗Correspondence to PC

1



Published as a conference paper at ICLR 2024

road sidewalk building wall fence pole traf�c lgt traf�c sgn vegetation ignored
terrain sky person rider car truck bus train motorcycle bike

Figure 1: Overcon�dent SIM 2REAL mispredictions. [Left] We show an example of what we mean by
overcon�dent mispredictions. ForSIM 2REAL adaptation on GTAV! Cityscapes, we choose (DAFormer) HRDA
+ MIC (Hoyer et al., 2022c) and EntMin + MIC (Vu et al., 2019) (highly performantSIM 2REAL methods) and
show erroneous predictions on Cityscapes (bottom row). We can see that the model identi�essidewalkpixels
asroad (2nd column) andfencepixels aswall (3rd column) with very high con�dence.[Right] We show how
pervasive this “overcon�dence” phenomena is. While betterSIM 2REAL adapted models – from (DAFormer)
Source-Only (Hoyer et al., 2022b) to (DAFormer) EntMin + MIC (Vu et al., 2019) to (DAFormer) HRDA +
MIC (Hoyer et al., 2022c) – exhibit improved transfer performance[Top, Right] , they also exhibit increased
overcon�dence in mispredictions[Bottom, Right] , affecting prediction reliability.
53:01 ! 57:21mIoU. Furthermore, HRDA + MIC (Hoyer et al., 2022c) (anadaptationapproach)
pushes performance even higher to75:56mIoU.
While SIM 2REAL performance may increase both from generalization or adaptation methods, for
safety-critical deployment scenarios, task performance is often not the sole factor of interest. It is
additionally important to ensureSIM 2REAL adapted models makecalibratedandreliablepredictions
on REAL data. Optimal calibration on real data ensures that the model's con�dence in its predictions
aligns with the true likelihood of correctness. Deploying poorly calibrated models can have severe
consequences, especially in high-stakes applications (such as autonomous driving), where users can
place trust in (potentially) unreliable predictions (Tesla Crash, 2016; Michelmore et al., 2018). We
�nd that mistakes made bySIM 2REAL adaptation methods are often associated with miscalibration
caused byovercon�dence– highly con�dent incorrect predictions (see Fig. 1 Left). More interestingly,
we �nd that as adaptation methods improve in termsSIM 2REAL performance, the propensity to make
overcon�dent mispredictions also increases (see Fig. 1 Right). Our focus in this paper is to devise
training time solutions to mitigate this issue.
Calibrating deep neural networks (for suchSIM 2REAL adaptation methods) is crucial, as they
routinely make overcon�dent predictions (Guo et al., 2017; Gawlikowski et al., 2021; Minderer
et al., 2021). While various techniques address miscalibration on “labeled data splits” for in-
distribution scenarios, maintaining calibration in the face of dataset shifts, likeSIM 2REAL, proves
challenging due to lack of labeled examples in the target (REAL) domain. To address this, we
proposeAUGCAL , a training-time patch to ensure existingSIM 2REAL adaptation methods make
accurate, calibratedandreliable predictions on real data. When applied to aSIM 2REAL adaptation
framework,AUGCAL aims to satisfy three key criteria: (1) retain performance of the baseSIM 2REAL
method, (2) reduce miscalibration and overcon�dence and (3) ensure calibrated con�dence scores
translate to improved reliability. Additionally, to ensure broad applicability,AUGCAL aims to do so
by making two minimally invasive changes to aSIM 2REAL adaptation training pipeline. First, by
AUGmenting (Cubuk et al., 2020; Chattopadhyay* et al., 2023) inputSIM images during training
using anAUG transform that reduces distributional distance betweenSIM andREAL images. Second,
by additionally optimizing for aCAL ibration loss (Hebbalaguppe et al., 2022; Liang et al., 2020a;
Liu et al., 2022) at training time onAUGmentedSIM predictions. We deviseAUGCAL based on
an analytical rationale (see Sec. 3.2.1 and 3.2.2) illustrating how it helps reduce an upper bound
on desired target (REAL) calibration error. Through our experiments on GTAV! Cityscapes and
VisDA SIM 2REAL, we demonstrate howAUGCAL helps reduce miscalibration onREAL data. To
summarize, we make the following contributions:
• We proposeAUGCAL , a training time patch, compatible with existingSIM 2REAL adaptation

methods that ensuresSIM 2REAL adapted models makeaccurate(measured via adaptation perfor-
mance),calibrated(measured via calibration error) andreliable (measured via con�dence guided
misclassi�cation detection) predictions.
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