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Abstract

In this paper, we examine the effectiveness of pre-
training for visuo-motor control tasks. We revisit
a simple Learning-from-Scratch (LfS) baseline
that incorporates data augmentation and a shallow
ConvNet, and find that this baseline is surprisingly
competitive with recent approaches (PVR, MVP,
R3M) that leverage frozen visual representations
trained on large-scale vision datasets — across a
variety of algorithms, task domains, and metrics
in simulation and on a real robot. Our results
demonstrate that these methods are hindered by a
significant domain gap between the pre-training
datasets and current benchmarks for visuo-motor
control, which is alleviated by finetuning. Based
on our findings, we provide recommendations
for future research in pre-training for control and
hope that our simple yet strong baseline will aid
in accurately benchmarking progress in this area.!

1. Introduction

Large-scale pre-training has delivered promising results
in computer vision (Doersch et al., 2015; He et al., 2020;
van den Oord et al., 2018; Alayrac et al., 2022) and natural
language processing (Devlin et al., 2019; Brown et al., 2020;
Radford et al., 2021; Chowdhery et al., 2022). Recent works
have extended the pre-training paradigm to visuo-motor
control by leveraging pre-trained visual representations for
policy learning (Parisi et al., 2022; Nair et al., 2022; Xiao
et al., 2022; Ze et al., 2022; Yuan et al., 2022). These works
train a visual representation using large out-of-domain vi-
sion datasets like ImageNet (Russakovsky et al., 2015) and
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Ego4D (Grauman et al., 2022), and freeze the vision model
weights for downstream policy learning. When compared
to simple Learning-from-Scratch (LfS) methods for visuo-
motor control, these works find that frozen pre-trained rep-
resentations help achieve higher sample efficiency and/or
asymptotic performance across various task domains.

However, there exists a rich body of work on strategies
to improve performance of LfS methods, such as auxil-
iary self-supervised representation learning (Srinivas et al.,
2020; Schwarzer et al., 2021) or using carefully curated
data augmentations (Laskin et al., 2020; Kostrikov et al.,
2021; Yarats et al., 2021; Raileanu et al., 2020; Hansen et al.,
2021). To gain a sharp understanding of the advantages of
visual pre-training for visuo-motor control, it is necessary
to establish strong LfS baselines.

Towards this end, we adopt the experimental setups of prior
works without modification, and implement strong LfS base-
lines that leverage shallow ConvNet encoders and random
shift data augmentation (Kostrikov et al., 2021; Yarats et al.,
2021). Surprisingly, we find that this modified LfS base-
line can achieve results competitive with prior works that
leverage frozen pre-trained visual representations. While
our contributions are incremental in nature, we believe that
our work contains must-know insights for anyone working
on pre-trained representations for visuo-motor control.

We evaluate our approach across a variety of task domains,
algorithm classes, and evaluation metrics. Specifically, we
examine 4 task domains (Adroit (Rajeswaran et al., 2018),
DMControl (Tassa et al., 2018), PixMC (Xiao et al., 2022),
and a real robot setup), 3 algorithm classes: imitation learn-
ing (behavior cloning), on-policy RL (PPO (Schulman et al.,
2017)), and off-policy RL (DrQ-v2 (Yarats et al., 2021)),
and multiple evaluation metrics including sample-efficiency,
asymptotic performance, visual robustness, and computa-
tional cost. To our surprise, our carefully designed LfS
baseline is found to be competitive with frozen pre-trained
representations across most settings and metrics, and in
some cases even outperforms them. At present, frozen pre-
trained representations are found to mostly be advantageous
in terms of computational cost.
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Figure 1.Pre-training vs. Learning-from-Scratch (LfS). Success rate (real robot, Adroit, PixMC) and normalized return (DMControl)

in each of the four task domains that we consider (aggregated across tasks). BC simulation results are averages of top-3 evaluations over
100 epochs (Parisi et al., 2022), and RL results are reported as a function of environment steps (Yarats et al., 2021; Xiao et al., 2022),
normalized to the intervgD; 1) as total steps differ between tasks. We evaluate strong yet simple LfS baselines (Yarats et al., 2021;
Hansen et al., 2021) and nd them to be competitive with recent frozen pre-trained representations. M&a¥ &isl over 5 seeds.

Real robot Adroit DMControl PixMC
Figure 2.Tasks. We consider challenging and diverse visuo-motor control tasks spadrdogiains, from left to right: a real robot setup
(manipulation), Adroit (dexterous manipulation), DMControl (locomotion, manipulation), and PixMC (manipulation). Our experimental
setups in simulation are adopted from PVR, MVP, and R3M, and our real setup is similar to that of R3M. We consider a total of 17 tasks.

We remain optimistic thabre-trained representations will Table 1.0verview of frozen pre-trained representations. We

play an important and increasingly larger roie visuo- summarize key design choices for each of the three pre-trained

motor control as the paradigm matures. At the same timé'epresentfitions proposed in prior quk, as well as which algorithm

we believe that setting a simple yet strong baseline will help€y considered in downstream tasBiter denotes whether color

accurately benchmark progress in this area. Based on of]ff€" @ugmentation was applied during pre-training; this detail

- . . . pertains to our visual robustness experiments in Section 4.
empirical ndings, we provide recommendations for future . )
. .. . . Pre-training Policy

research in pre-training for control. In particular, we conjec _

ture that current benchmark tasks are not well suited to reapMethod  Repr.  Encoder  Dataset JitterAlgo.

the bene ts of pre-trained representations, since they do not PVR  MoCo-v2 ResNet50 ImageNet ! BC

require any visual generalization. As the community builds MVP MAE VIT-S HOI % PPO

better benchmarks and harder tasks that require both visual R3M  Multi-loss ResNet50  Ego4D % BC

and policy generalization, we conjecture that pre-trained

representations will play an increasingly important role 2022)). These three visual representations were proposed

Additionally, our results indicate that current pre-trainedconcurrently and represent the present state-of-the-art in pre-

representations suffer from a substantial domain gap by préraining for visuo-motor controlWe choose to freeze the

training on large-scale real-world data and benchmarkingpre-trained representations to be consistent with their origi-

on predominantly simulated environments, which we nd nal formulations The three pre-trained representations that

can be alleviated with careful in-domain netuning based onwe consider have been shown to outperform common rep-

our LfS insights. In the following sections, we detail eachresentations such as supervised learning and MoCo-v2 (He

method, experimental setup, and results, and conclude witit al., 2020) pre-training on ImageNet (Russakovsky et al.,

a broader discussion on the implications of our ndings. 2015). In the following, we provide a more detailed de-
scription of each pre-trained representation, as well as our

2 Methods proposed Lf_S baseline. See Table 1foran ove_rview of the
three pre-trained representations that we consider.

Comparing twaparadigmsiairly is dif cult, and comparing PVR investigates the ef cacy of frozen pre-trained rep-

LfS with pre-trained representations is no exception. Toresentations for Behavior Cloning (BC) in a variety of con-

help narrow our ;cope, we focus mpresentatlve methods trol tasks, and proposes a variant of Momentum Contrast
from each paradigm: a simple Learning-from-Scratch (LfS) MoCo-v2; (He et al., 2020)) that fuses features from mul-
method that uses a shallow ConvNet and data augmentg, Iayeré Speci c,ally the PVR model is a MoCo-v2

tion, as well as threozen visual representations trained representation with a ResNet50 (He et al., 2015) backbone
on I'T\rgze(-);;aleMo\l/JltD-og-((_joma|n I\/ls;())r;gat?;el\tﬂs (,5 VR (Palr'sfrained on ImageNet (Russakovsky et al., 2015), with inter-
etal, ), (Xiao etal, ), (Nair et al., mediate layers fused together with nal output features via a
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Reach Pick
Figure 3.Real robot tasks. Sample trajectories for each of the two real robot tasks that we consédehandpick. Visualizations
correspond to raw RGB observations at key frames. Actual episode length is 50. Trajectories are generatedSigiayg) with 10 and
20 demonstrations, respectively, collected by a human teleoperator. We evaluate methods on 20 trials per task and across 2 random seeds.

second netuning stage. Combining features from early andepresentation learning for control, we include two LfS
later layers of the network encourages the PVR model tdbaselines — with and without use of data augmentation —
retain spatial granularity as well as scene-level semantic irwhich we describe in the following.

format|on.. The PVR representatmn is tralneq on |nd|V|dgaI LfS (no aug)uses a shallow ConvNet encoder that con-
frames without leveraging temporal-sequential information, . . :

: " ; . Sists of 4-6 layers (depending on the experimental setup
During pre-training, PVR applies random crop, horizontal. o . . .
. - . in which it is applied) of 2D-convolutions with ReLU ac-
ip, gray-scale, and color jitter augmentations. We use the,. . . .

4 . . . tivations. Each of our three encoder implementations are
publicly available PVR model in our experiments. . .

adopted from prior work and are widely accepted by the
MVP concurrently studies the ef cacy of frozen pre- RL community. Speci cally, the LfS encoder in our BC

trained representations for on-policy RL using Proximalexperiments is identical to that of PVR (Parisi et al., 2022),
Policy Optimization (PPO; (Schulman et al., 2017)), andthe LfS encoder that we use for off-policy RL is equivalent
propose to train a Masked Autoencoder (He et al., 2022{o that of Yarats et al. (2019); Srinivas et al. (2020); Laskin
visual representation on individual frames from a largeet al. (2020); Kostrikov et al. (2021); Yarats et al. (2021),
(700K frames) human interaction dataset (referred to aand our on-policy RL LfS baseline is identical to that of
HOI) sourced from multiple existing datasets. ConcretelyHansen et al. (2022a).
the MVP model uses a Vision Transfor_n_wer (VIT; (DO.SO_ LfS (+aug) uses an architecture identical to that ofS.
vitskiy et al., 2021)) backbone that partitions frames into g . .

S . However, it is well documented in literature on visual RL
16 16 patches. The MVP representation is trained on LT
o : . . that use of data augmentation is critical to the performance
individual frames without leveraging temporal—sequenualand visual robustness of LfS (Laskin et al., 2020; Kostrikov
information. The parameter count of the MVP encoder (ViT- ” '

S; 22M) is comparable to that of PVR and R3M. During et gl., 2021; Yarats _Et al., 2021; Hanse_n & Wang, 2021,
o . . ~ Raileanu et al., 2020; Hansen et al., 2021; Yuan et al., 2022).
pre-training, MVP applies random crop and horizontal ip

augmentations. We use the publicly available MVP model‘l’o_accurately re ect progress in LfS approaches, our main
in our experiments point of comparison is a LfS method t_hat uses rand.om shift
augmentation (Kostrikov et al., 2021) in addition to its shal-
R3M proposes to pre-train a ResNet50 backbone using bow ConvNet encoder, which has demonstrated strong em-
combination of time-contrastive learning (Sermanet et al.pirical performance on a variety of task domains. As our
2016), video-language alignment, and L1 regularization thaexperiments reveal, use of data augmentation is also sur-
encourages sparse and compact representations, on 3,50@singly effective for learning behavior cloning policies,
hours of human interaction video data from the Ego4Dalthough it is not commonly used in this setting.
dataset (Grauman et al., 2022). In contrast to PVR ancf, . . .
. he reader is referred to our respective experimental setups
MVP, R3M doesleverage the temporal-sequential nature of. . : S
: . S . in Section 3 for a per-algorithm description of our proposed
video data. During pre-training, R3M only applies random :
: . : fS baselines.
crop augmentations. We use the publicly available R3

model in our experiments.

: _ 3. Experimental setup
We evaluate these three pre-trained representations — PVR,

MVP, and R3M — against our simple yet strong LfS baselineWe propose a set of strong LfS baselines that shelasses

that uses data augmentation and a shallow ConvNet encodef. algorithms: imitation learning (behavior cloning), on-
To demonstrate the importance of data augmentation ipolicy RL (PPO (Schulman et al., 2017)), and off-policy
RL (DrQ-v2 (Yarats et al., 2021)), and consider a total

2We acknowledge that a newer set of MVP models have bee e ; ;
released concurrently with our work. While improved downstream%f 17 tasks acrosd domains: Adroit (Rajeswaran et al.,

task performance can be anticipated for the new models, we exped018) (dexterous manipulation; 2 task views), DMCon-
our main conclusions to remain unchanged. trol (Tassa et al., 2018) (locomotion and control; 5 tasks),
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PixMC (Xiao et al., 2022) (robotic manipulation; 8 tasks), Table 2.Behavior Cloning: LfS vs. frozen pre-trained visual
and a real robot setup (robotic manipulation; 2 tasks). Figureepresentations. Success rate (Adroit, real robot) and unnor-
2 shows sample tasks from each domain; see Appendix Aalized return (DMControl) of LfS and theestresult obtained
for a detailed description of all tasks. Sample trajectories fowith a pre-trained representatione.,, for each task we report
each of the two real robot tasks are shown in Figure 3. Impofaxf PVR MVP; R3Mg. A well-designed LfS method is compet-
tantly, we donot propose a new benchmark for pre-trained itive with frozen pre-trained representations across all tasks.

representations, but rather base our experiments on the pub- Method LfS LfS Best

lic implementations of PVR, MVP, and DrQ-v2, antkticu- Task (no aug (+aug) pre-training
lously follow their respective experimental setupf&e make Adroit

no changes to hyperparameters. This strict experimental 5.~ 220 40 748 50 81:3 40
setup ensures that pre-trained representations are evaluatetrg|gcate 169 35 51:4 7.7 475 26

in favorable conditions (for which they were originally pro-

posed). Our code is availablefatps:/github.com/ DMControl

Finger Spin 6476 69 6614 226 698:5 84

gemcollector/learning-from-scratch . We provide Reacher Easy 2613 276 657:4 443 615 27:0
the full details of our experimental setup in the appendices, cheetah Run 4698 300 4489 564 557:6 184
and summarize it as follows: Walker Stand 6990 es:0 875:5 20:4 8182 19:4

Behavior Cloning (BC). We consider two simulation ~_ValkerWalk 6994 152 791:6 17:8 7880 102
domains — Adroit and DMControl — used in PVR, in addi- Real robot
tion to our real robot setup. Observations 866 256 Reach 80:0 o0 850 s0  90:0 10:0
RGB images (center-cropped 224 224) with no ac- Pick 250 50 550 50 350 150
cess to proprioceptive information. In simulation, policies
are trained with BC on 100 demonstrations per task; we
use the exact demonstration dataset that PVR%sed  small VIiT (Dosovitskiy et al., 2021) encoder. We propose
Adroit demonstrations are generated by oracle (state-basetfyo improved LfS baselines for this settingl) an LfS
DAPG (Rajeswaran et al., 2018) policies, and DMControlbaseline that uses a shallow ConvNet encodemargthta
demonstrations are generated by oracle DDPG (Lillicraggugmentation, referred to akfS, and(2) an LfS baseline
et al., 2016) policies. We use 10-20 demonstrations in théhat additionally applies random shift augmentation in critic
real world depending on the task, but otherwise follow thelearning, referred to ad. fS (+aug) Following prior work
same experimental setup as in simulation. The original LfgHansen et al., 2021; Raileanu et al., 2020), we do not aug-
baseline in PVR uses a shallow ConvNet encoder; we refement value targets. In addition to (frozen) MVP, we also
to this baseline simply asLfS Our improved LfS base- compare with frozen PVR and R3M representations. Fol-
line additionally uses random shift augmentation (Kostrikovlowing the setup in MVP, we use the success rate of the
et al., 2021; Yarats et al., 2021) during learning, and wepolicy as the metric for comparison.

refer to this baseline ad fS (+aug) Data augmentationis  Off-policy RL. We reproduce the results of the state-of-
relatively underexplored in BC literature, but we nd thatit the-art LfS method DrQ-v2 on the same DMControl tasks
works surprisingly well. In addition to PVR, we also com- s used in PVR. Observations & 84 RGB images with
pare with frozen MVP and R3M representations. Consistenho access to proprioceptive information; we upsample obser-
with the experimental setup in PVR, we measure the policyations to224 224when using pre-trained representations.
performance with success rate in the case of Adroit (anghrQ-v2 uses a shallow ConvNet encoder and random shift
our real setup), and episode return in DMControl. Policiesaugmentation by default, and we refer to this baseline as
are evaluated every two epochs for a total of 100 epochs inL_fS (+aug) We compare DrQ-v2 to two alternatived)
simulation, and we report the average performance over thgot using data augmentation (simply denotédS), and

3 best epochs over the course of learning. We nd that ¥2) removing data augmentatiamd additionally replacing
epoch is suf cient for our real robot experiments, where wethe LfS encoder with a frozen pre-trained representation,
evaluate for 20 trials per method per task, across 2 randoenoted by their representation names (PVR, R3M, MVP)
seeds. respectively. Following prior work on DMControl, we use

On-policy RL. We reproduce the results of MVP on their (normalized) return as the metric for comparison.
proposed PixMC robotic manipulation benchmark. Obser-
vations are224 224 RGB images and also include pro- 4, Results

prioceptive information. The original LfS baseline uses a . .
In this section, we present a clear summary of our key

SWhile the demonstration dataset used in PVR is not publiclyexperimental results, and defer deeper discussion on the
available, the authors kindly provided us with the demonstrationgmplications of these ndings (along with practical guidance
in response to our private inquiry. We thank the authors for that. for practitioners) to Section 5. Our results are as follows:
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Figure 4.PixMC benchmark. Success rate of PPO (Schulman et al., 2017) agents on the 8 robotic manipulation tasks from PixMC (Xiao
et al., 2022). Our proposed LfS baseline performs comparably to the frozen pre-trained visual representations on most tasks. Notably, we
also observe that no single pre-trained representation is consistently better across all tasks. Results are averaged across 5 seeds.

(a) Randomized colors. (b) Video backgrounds.
Figure 5.Evaluation of robustness We quantify robustness to visual changes on two test domains from DMControl Generalization
Benchmark (Hansen & Wang, 202Irandomized color®f agent, oor, and background, and dynamideo backgroundsourced
from out-of-domain data, corresponding to ttedor _hard andvideo _easy test domains from the proposed benchmark. Sample
environments are visualized. Note that a domain gap remains between augmented observations and test environments.

Performance comparison. Our proposed Learning- Visual robustness.To probe representations for visual
from-Scratch (LfS) baselines are competitive with (and inrobustness, we evaluate trained agents on the DMControl
some casesutperforn) recent frozen pre-trained represen-Generalization Benchmark (Hansen & Wang, 2021). In this
tations for visuo-motor control across a variety of algo-evaluation, agents are trained on the original training envi-
rithms and domains in both simulation and the real worldyonments with no visual variation, and transferred zero-shot
see Figure 1 and Table 2. This indicates that, while preto test environments with visual changes. We consider two
trained representations have the potential to replace the Lf§pes of visual changesi) random colorswhere the colors
paradigm in the future, under the set of most widely usedf agent, background, and oor are randomized, &i)d
metrics, they have yet to exceed the representational poweideo backgrounde/here the background is replaced with a
of awell-designed.fS method on standard benchmarks for dynamically changing texture from out-of-domain videos;
visuo-motor control. This conclusion appears to generalizesee Figure 5 (Appendix) for a visualization of these test
to real robot tasks with simple visuals. environments. Our robustness results are shown in Figure 6.

No free lunch — yet. Our results indicate that the ef- We nd that use of data augmentation is critical to the ro-
cacy of a frozen pre-trained representation is beabk- bustness of Igarned visual rep_resentatier‘m)th vyhen LfS
dependen(see Figure 4) andlgorithm-depender(see Fig- apd wh_en using frozen p.re-tralned representat!pns. thably
ure 1): on average,MVP outperforms other pre-trained —mtheyr_ongmal formulations — PVR uses color jitter during
representations on PixMC for which it was originally pro- Pré-training whereas MVP and R3M do not. We compare ro-
posed, but performs comparably worse on the two othebustness of these_ pre-trained representations with LfS using
domains, Adroit and DMControl. However, even within Poth random shiftaugmentation and additionallyolor
a visually consistent benchmark (PixMC), no single repjitter. We nd_.that (D) pre—tra_ined re.presentat.io.ns that do
resentation convincingly comes out on top across task§0tuse color jitter augmentation during pre-trainingAVvP,
as evidenced by Figure 4. In contrast, our propode® RSM) are not more robust than thelr_ LfS counterpart to
(+aug) method produces consistently strong results acros¥Sual changes, byg) strong augmentations such aslor
all settings, presumably due to learning from task-speci clitter improves robustness bbthLfS and pre-trained repre-

data; this hypothesis is supported by our netuning resultsSentations (PVR; applied during pre-training) signi cantly.
which we return to later. For completeness, we also evaluate LfS with a different
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Figure 6.Robustness to visual changedNormalized return of methods when transferred to environments with visual changes from the
DMControl Generalization Benchmark (Hansen & Wang, 2021). We consider two visual changes: randomized colors of agent and scene,
as well as dynamic video backgrounds. Following our previous setup, BC results are averages of top-3 evaluations over 100 epochs, and
nal evaluations are reported for RL results. Mean &id6 con dence intervals over 5 seeds and 4 tasks; we &adcher Easgince it

does not support video backgrounds. LfS with strong augmentation is surprisingly robust compared to frozen pre-trained representations.

Table 3.Choice of augmentation matters.Mean normalized re-
turn of BC policies when transferred to environments with visual
changes from the DMControl Generalization Benchmark (Hansen
& Wang, 2021). We here consider LfS with two distinct choices of
strong data augmentatioecolor jitter as in Figure 6, ancandom
overlayoriginally proposed by Hansen & Wang (2021); these aug-
mentations are in addition to random image shifts. For complete-
ness, we also include obestresult obtained with a pre-trained
representatiori,e., we reportmaxf PVR; MVP; R3Mg.

Figure 7.lmproving robustness of frozen pre-trained represen- Method LfS LfS Best
tations with strong augmentation. Normalized return of methods Test set (jitter)  (overlay) pre-training
when transferred to_ enyironments with visual changes from the Random colors 531 16 393 02 372 oo
DMControl Generallzatlo_n Benchmark (Hans_t_an & Wan_g, 2021). Video background 330 32 46:6 13 92 s
We report results both with and without additionablor jitter
(strong) augmentation during policy learning, and nd that apply-
ing strong augmentation withfeozenrepresentation is ineffective. data augmentatiofrandom shift) during netuning. This
Mean and5% con dence intervals over 5 seeds and 4 tasks; weobservation indicates that data augmentation is critical to
omit Reacher Easgince it does not support video backgrounds. performance when learning on a small (by comparison) in-
domain datasetegardlessof whether the representation
choice of strong augmentationtandom overlaythat inter-  is learned from scratch or netuned. We are — to the best
polates between observations and randomly sampled images our knowledge — the rst to make this observation, and
from an out-of-domain dataset, popularized by Hansen &onjecture that this discrepancy in performance is due to
Wang (2021); results are shown in Table 3. Consistent witta domain gap between out-of-domain training data and in-
prior work, we nd that choice of augmentation in uences domain data. Given that our netuning experiments are in
robustness to different visual changes, but #ititer choice  simulation whereas the pre-training data consists of real-
beats the best pre-trained representattbat we consider.  world images, we dub this phenomenon teal-to-simgap.
Finetuning a pretrained representation. To help However, our real robot results also indicate that this gap

narrow the scope of our comparison, our study primarilyperSiStS to some extent even when evaluating in the real
considers frozen visual representations following their origWerld. Lastly, we also nd that ResNet-based representa-
inal proposalsi.e., neither PVR, MVP, or R3M netune 10nsS ( PVR, R3M)are easierto netune than VITMVP),
their representations on in-domain data. However, there jBrésumably due to known optimization challenges in ViTs
someexisting evidence that in-domain netuning of pre- (Posovitskiy etal., 2021; Chen et al., 2021; Hansen et al.,
trained representations can be bene cial (Wang et al., 20222021). We consider frozen visual representations in the re-
Ze et al., 2022; Xu et al., 2022). For completeness, wdnainder of ogre.xper}me.nts, but prowde furtr_]er Q|scus§|on
also conduct a set of netuning experiments, where pre®n the potential implications of this observation in Section
trained representationsfVR, MVP, R3M) are netuned

on demonstration data from Adroit using the task-centric Data ef ciency. A common argument in favor of
behavior cloning objective. Results for this experiment argfrozen) pre-trained representations is that they might re-
shown in Table 5. Interestingly, we nd that netuned repre- quire less task-speci ¢ data to learn a good policy (Parisi
sentations can improve over both their frozen counterpartst al., 2022; Xiao et al., 2022; Nair et al., 2022). To test
and our LfS (+aug)approach, bubnly when also using this hypothesis, we train BC policies with a variable num-
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