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Figure 1: Sim-and-real cotraining aims to train visuomotor policies using both simulated and real-
world robot data to maximize performance on a real-world objective.

Abstract: Cotraining with demonstrations generated both in simulation and on
real hardware has emerged as a promising recipe for scaling imitation learning
in robotics. This work seeks to elucidate basic principles of this sim-and-real
cotraining to inform simulation design, sim-and-real dataset creation, and policy
training. Our experiments confirm that cotraining with simulated data can dramat-
ically improve performance, especially when real data is limited. We show that
performance gains scale with additional simulated data until a plateau; adding
more real data can increase this performance ceiling. The results also suggest that
physical domain gaps may be more impactful than visual fidelity for contact-rich
tasks. Perhaps surprisingly, some visual gap appears to help cotraining. We inves-
tigate this nuance and other mechanisms that facilitate positive transfer between
sim-and-real. Lastly, we provide ablations for 2 alternative cotraining formula-
tions. Videos can be found here: https://sim-and-real-cotraining.github.io/.
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1 Introduction

Foundation models trained on large datasets have transformed natural language processing [1][2]
and computer vision [3]. However, this data-driven recipe has been challenging to replicate in
robotics since real-world data for imitation learning can be expensive and time-consuming to collect
[4]. Fortunately, alternative data sources, such as simulation and video, contain useful information
for robot learning. In particular, simulation is promising since it can automate robot-specific data
collection. This paper investigates the problem of cotraining policies via imitation learning with
both simulated and real-world data. Our results confirm that simulation is a powerful tool for scal-
ing imitation learning and improving performance. We also provide insights into the factors and
underlying principles that affect sim-and-real cotraining.
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Many researchers are investing in simulation for data generation in robotics [5][6][7]. Concurrently,
large consolidated datasets have made real-world data more accessible [8][9]. Both data sources are
valuable, but neither has proven sufficient on its own [4]. For instance, simulated data is scalable,
but requires sim2real transfer; real-world data does not have this issue, but it is more expensive and
time-consuming to collect. Thus, understanding how to use both data sources symbiotically could
unlock massive improvements in robot imitation learning.

Given data from simulation and the real-world, sim-and-real cotraining aims to train policies that
maximize a real-world performance objective. This is a common and important problem in robotics
[10][11][12]. Our goal is to understand the mechanisms underlying sim-and-real cotraining for imi-
tation learning. We study how various factors affect performance, such as data scale, data mixtures,
and distribution shifts. These findings can inform best practices for both sim-and-real cotraining and
simulator design for synthetic data generation.

Specifically, we investigate sim-and-real cotraining for Diffusion Policy [13] and evaluate perfor-
mance on the canonical task of planar-pushing from pixels. We provide an extensive suite of ex-
periments and ablations that spans over 50 real-world policies (evaluated on 1000+ trials) and 250
simulated policies (evaluated on 50,000+ trials). More concretely, we show:

1. Cotraining with sim data improves policy performance by up to 2-7x, but the perfor-
mance gains from scaling sim eventually plateau without more real data.

2. All sim2real gaps impact the value of synthetic data. Improving the physical accuracy of
simulators could massively increase the downstream performance of cotrained policies.

3. High-performing policies learn to distinguish sim from real since the physics of each
environment require different actions. Surprisingly, cotraining with perfectly rendered sim
data reduces performance since the policies can no longer visually discern the two domains.
In contrast, providing a one-hot encoding of the environment improves policy performance.

4. Cotraining from sim provides positive transfer to real. Simulated data can fill gaps in
the real-world data and improve the real-world test loss according to a power law.

5. Ablations for 2 alternative cotraining formulations: one that uses classifier-free guid-
ance [14] and another that modifies the loss to encourage better representation learning.

Focusing on the single canonical task of planar pushing from pixels allowed us to be exhaustive in
our investigation, but it also limits our study. Thus, this paper’s main contributions are the trends and
analysis rather than the absolute values. We hope our findings can inform larger-scale cotraining,
where thorough sweeps and analysis could be prohibitively expensive.

2 Related Work

Data Generation in Simulation: Prior works have shown that simulation can scale up data genera-
tion [5][6] and augmentation [7][15] for imitation learning. Additionally, infrastructure for synthetic
data generation is improving, with advancements in environment generation [16][17], real2sim [18],
and motion planning [19]. This paper investigates how the growing body of work in simulated data
generation can be used in conjunction with real-world datasets [8][9] for robot imitation learning.

Sim2real Transfer vs Sim-and-Real Cotraining: Sim-and-real cotraining adopts a slightly differ-
ent philosophy to policy learning than the traditional sim2real pipeline [11][20]. Instead of learning
policies in sim and applying sim2real techniques [10][21][22], robots learn from sim and real-world
data simultaneously [23]. Prior works have used sim-and-real cotraining on assembly [12] and
kitchen tasks [24]. The general problem of learning from multiple domains is ubiquitous in machine
learning [1][25][26][27]. In robotics, most works have focused on cotraining from real domains
[81[28][29]; the specific problem of cotraining from simulated domains can be seen as a special case
of cross-embodiment training worthy of focused study. We believe simulation will play a key role
in robot imitation learning given the progress in synthetic data generation and the ability to perform
large-scale reproducible testing. This work aims to provide initial insights towards this future.
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Figure 3: Real-world performance of cotrained policies at different data scales and mixing ratios. %
depicts the optimal o and m depicts the natural mixing ratio. When real data is limited, cotraining
with sim data can improve performance by 2-7x.

3 Preliminaries and Problem Formulation

We study a specific instantiation of the cotraining problem, where a behavior cloning policy is jointly
trained on simulated and real-world robot data. Let Dr = {7;} Y% and Dg = {r;}\%, be datasets
of real and sim trajectories respectively. Let |D| be the number of trajectories in D. Given Dg
and Dg, cotraining aims to learn a policy that maximizes performance on a real-world performance
objective. Here, we cotrain Diffusion Policies [13] (see Appendix C for training details) and measure
performance as the success rate on planar pushing from pixels.

Planar Pushing From Pixels: Planar pushing is a manipulation problem that requires a robot to
push an object (slider) on a flat surface with a cylindrical end effector (pusher) to a target pose (ex.
Figure 2). “From pixels” indicates that the observation space contains images as opposed to the
full system state. We emphasize that the goal of this work is not to “solve” planar pushing. Instead,
planar pushing serves as a test-bed for our investigations into cotraining. We chose this task since it is
a canonical task that captures core challenges in robotics [13][30][31], such as high-level reasoning,
visuomotor control, and contact, while still admitting methods for data generation [32][33][34].

Data Collection: A human teleoperator collects real data and an optimization-based planner [32]
generates simulated trajectories. Each sim trajectory is replayed in Drake [35] to render the observa-
tions. The simulated planner is “near-optimal” [32], whereas the teleoperator is not. This introduces
an action gap between the two datasets that will become relevant for our analysis in Section 6. The
simulation mimics the real-world setup. Both datasets are collected on a KUKA LBR iiwa 7. The
action space is the target x-y position of the pusher (the robot’s end effector); the pusher’s z-value
and orientation are fixed. The observation space includes the pusher’s pose and two RGB images
from an overhead camera and a wrist camera. Figure 1 visualizes the overhead camera view.

4 Real World Experiments

One way to cotrain from multiple domains is to reweight the datasets [26][28]. We investigate the
following questions about this simple, but common, algorithm: 1) Does cotraining with sim data
improve real-world performance (Section 4.2)? How do the size and mixing ratio of both datasets
affect performance (Section 4.3)? How does cotraining compare to finetuning (Section 4.4)?

4.1 Experimental Setup

We refer to the method above as vanilla cotraining. In vanilla cotraining, policies are trained on
D%, a mixture of the real data, Dy, and sim data, Dg. We sample from D® by sampling from
Dpr with probability « and Dg otherwise. Training on D is equivalent to minimizing Lp« =
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Figure 4: Pretraining with a cotraining mixture significantly outperforms pretraining with sim-only.

alp, + (1 — a)Lp,. Thus, o acts as a reweighting parameter. Ideally, Lp, (o = 1) is our loss;
however, when |Dg| is small, this leads to poor performance. We remedy this by adding sim data
and using « to prevent Dg from dominating the loss. Historically, many resources are used to sweep
dataset reweightings (i.e. «) since they have an outstanding effect on performance [1][28].

We cotrain policies for all combinations of |Dg| € {10,50, 150}, |Dg| € {500,2000}, and o €

{0, %, 0.25,0.5,0.75,1}. @ = 0 and o = 1 are equivalent to training solely on Dg or Dg
respectively (i.e no cotraining); o = % is the natural mixing ratio since it is equivalent to

concatenating Dy and Dg without reweighting. We evaluate each policy’s real-world success rate
and error bars according to Appendix A.

4.2 Does Cotraining Improve Performance?

Figure 3 presents the results. We refer to the three increasing values of |Dg| € {10, 50,150} as
the low, medium, and high data regimes. In the low and medium data regimes, cotraining improves
performance over the real-only baselines for all o’s. The best cotrained policy for |Dg| = 10
improved performance from 2/20 to 14/20, and the best cotrained policy for |Dg| = 50 improved
performance from 10/20 to 19/20. To achieve similar improvements with only real data, we would
have needed to increase |Dg| by several times. In the high data regime, the real-only baseline
achieved a success rate of 20/20; however, the policy is not perfect since our experiments have
variance. Thus, the performance drop from cotraining in the high-data regime is minor and within
the error margins. These findings show that simulated data generation and cotraining are promising
ways to scale up imitation learning. We verify these results at a larger-scale in Section 5.2.

4.3 The Effect of o, |Dr|, and |Ds| on Cotraining

Effect of o: Performance is sensitive to «, especially for |Dg| = 10. The optimal «’s appear to
increase with |Dg|. Intuitively, overfitting to Lp,, is less detrimental when |Dp| is large, so it is
desirable to bias the mixing ratio towards real. Performance decreases nearly discontinuously as
a "\, 0. This suggests that even a small mixture of real data can drastically improve performance.

Effect of |Dg|: Figure 3 suggests that cotraining is most effective in the low to medium data regime.
We reached the high-data regime for planar-pushing from pixels with just 150 real demos; however,
other tasks often remain in the medium data regime even with thousands of demos [36]. Thus, in
most settings, we expect the value of cotraining to be high.

Effect of |Dg|: Scaling |Dg| improved or maintained performance across the board. Scaling |Dg|
also reduced the policy’s sensitivity to «, which is highly desirable.

4.4 Finetuning Comparison

We compare cotraining with two methods for finetuning. 1) Sim-only pretraining: pretrain with Dg,
then finetune with Dg. 2) Cotraining with finetuning: cotrain with Dg, Dg, and optimal «, then
finetune with Dg. Figure 4 shows that methods that employ data mixing outperform methods that
train on sim-and-real separately. In the single-task setting, finetuning the cotrained models does not
consistently improve performance. We hypothesize that the real-world is already in distribution for
the cotrained policies; thus, finetuning could cause overfitting on a case-by-case basis.
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Figure 5: Performance of cotrained policies in simulation at different data scales and mixing ratios.
The results of the simulated experiments agree with the real-world results. Scaling up |Dg| improves
performance until a performance plateau. This plateau can be improved by adding more target data.
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Figure 6: Comparing cotraining and finetuning in simulation. The results are consistent with the
real-world experiments (Figure 4).

S Simulation Experiments

In this section, we conduct experiments in simulation on a sim-and-sim setup that mimics the sim-
and-real setup. Simulation enables experiments that would be challenging to conduct in the real-
world by providing two main advantages: 1) automated, high-confidence evaluations, 2) explicit
control over the sim2real gap between the two cotraining environments. Section 5.2 uses Advan-
tage 1 to scale up the real-world experiments. Section 5.3 uses Advantage 2 to study the effect of
distribution shifts on cotraining.

5.1 Sim-and-Sim Setup

Cotraining from sim-and-sim requires 2 distinct simulation environments. We reuse the same sim
environment from our real-world experiments and continue referring to it is as sim. We introduce
a second target sim environment as a surrogate for the real-world environment (visualized in Ap-
pendix B.1). Given data from both the sim environment and the target sim environment, we aim to
learn policies that maximize performance in the farget simulation.

To ensure our simulation experiments are informative for the real world, we designed the target
sim environment to mimic the sim2real gap along 3 different axis: visual gap, physical gap, and
action gap (see Table 2 and Figure 12). We collect data in both environments according to Section
3. Although the target sim dataset serves the same purpose as Dg, in our real-world experiments, we
denote it by D to make the distinction clear. We evaluate policies in simulation as per Appendix
B.5. Notably, we test each policy on 200 random trials instead of the 20 used in Section 4.

5.2 Single-Task Cotraining Asymptotes

We scale up the experiments from Section 4 in our sim-and-sim setup to answer the following
research questions: 1) Can we verify our real-world results with higher-confidence evaluations? 2)
How does performance scale with |Dg|?



The Effect of Distribution Shifts on Performance
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Figure 7: Performance of the best data mixture for each shift and intensity. |Dr| = 50, |Dg| = 2000.

The results in Figure 5 mostly agree with Section 4.2. We highlight key differences. First, cotraining
increased performance even in the high-data regime; but the overall improvements were lower than
Section 4. Second, the optimal a’s were lower. We hypothesize that this is because the sim2target
gap was less than the sim2real gap. The finetuning results (Figure 6) are consistent with Section 4.4.

Scaling Dg improves performance, but this trend eventually plateaus. This suggests that sim data
cannot replace real data; real data is still needed to increase the cotraining ceiling. Figure 13 com-
pares the performance plateaus at different data scales to the performance of policies trained on only
target sim data. In our specific setup, the benefits from cotraining with sim data were equivalent to
increasing our target sim dataset by roughly 2-3x.

5.3 Distribution Shift Experiments

We use our sim-and-sim setup to study how various sim2real gaps affect cotraining and their impli-
cations for simulator design and data generation. We find that larger sim2real gaps reduce perfor-
mance, but some distribution shifts are more impactful than others. This agrees with intuition and
theoretical bounds [26]. We present our methodology and highlight a few noteworthy trends.

We explored the effect of 6 different types of distribution shifts at increasing intensity levels. These 6
shifts fall under 3 categories of sim2real gap. Color mean shift, color randomization, and camera
shift are examples of visual gap; slider center-of-mass (CoM) shift is an example of a physics gap;
goal and object shift are examples of rask gap. We quantify and visualize the 4 intensity levels for
each shift in Appendix B.3. Concretely, we collect a single farget sim dataset, D, with 50 demos
and reuse it for all policies in this experiment. Distribution shifts are introduced individually by
modifying Dg. Figure 7 reports the performance of the best data mixture for each shift.

For Level 1 CoM shift, a physics gap remains since the sim and farget sim environment use different
physics models (see Table 2). Similarly, for the Level 1 visual shifts, a visual gap remains since the
target environment contains shadows while the sim environment does not (see Figure 14). To study
the effect of entirely eliminating visual or physics gaps, we collect 2 additional simulated datasets:
one with no visual gap, and one with no physics gap. We cotrain policies on these datasets and
present them in Figure 7 as well.

Performance is sensitive to task and physics shifts, and least sensitive to color mean shift.
The policy trained with no physics shift achieves 15.5% higher success rate than the policy trained
with Level 1 shift. This is a significant difference in success rate. Performance is less sensitive to
subsequent increases in the physics gap. Nonetheless, the magnitude of the initial drop suggests that
accurate simulation physics are important for contact-rich tasks. Tasks that emphasize semantic
or visual reasoning and prehensile tasks might exhibit less performance degradation.

Roughly speaking, performance improves with better rendering. This is consistent with previous
works [37][38]; but paradoxically, the policy cotrained with no visual gap is slightly weaker. This
suggests that a small amount of visual gap is desirable. Without it, the policy cannot distinguish
between the two environments. We hypothesize that this harms action prediction. This is a subtle,
but important point that deserves more discussion. We examine it more closely in Section 6.
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6 How does cotraining succeed?

We analyze factors that contributed to the success of cotraining. Section 6.1 shows that a policy’s
ability to identify its domain is crucial. High-performing policies behave distinctly more like Dg
when deployed in real, and more like Dg when deployed in sim. These findings were also true in
our simulated experiments. We remind the reader that Dg and D, contain noticeable action gap.

If cotrained policies learn distinct behaviors for each domain, then how does training from one
improve performance in the other? Section 6.2 discusses two mechanisms that facilitate this positive
transfer: 1) dataset coverage, 2) power laws on real-world performance metrics.

6.1 Sim-and-Real Discernability

Figure 8 demonstrates that the behaviors of cotrained policies in the target sim environment are
distinctly closer to Dr than Dg. Table 1 shows this is not a coincidence: binary probes on the
learned embeddings of cotrained policies can accurately classify sim and real. Unsurprisingly, the
observation embedding carries information about the environment label; however, policies choose
to preserve this information (which would otherwise be destroyed by the data processing inequal-
ity) until the final activation. In other words, cotrained policies learn that the environment label is
important for action prediction.

High-performing policies must differentiate sim from real since each environment’s physics require
different actions. Figure 9 supports this intuition. When Dg and D contain physics gap (solid lines
in Figure 9), removing visual differences between sim and target decreases success rate. Adding a
one-hot encoding for the environment recovers this performance. On the other hand, when Dg and
Dr do not contain physics gap (dotted lines), the opposite trend emerges: removing the visual gap
improves performance. This supports our claim: sim-and-real discernibility is important because
the physics between the two environments are different.

Given this analysis, we study two alternative cotraining formulations in Appendix D: one that uses
classifier-free guidance [14], and another that modifies the loss for better representation learning.

6.2 Mechanisms For Positive Transfer in Cotraining

Although cotrained policies learn different actions for each domain, learning from sim still improves
performance. We discuss mechanisms and evidence for this positive transfer.

Coverage: We hypothesize that cotraining with Dg improves performance by filling gaps in Dg. In
other words, a policy deployed in real learns most of its behavior from Dp, (see Figure 8) and relies
on Dg in states that were not covered by Dg. We illustrate this by analyzing when a policy’s output
was learned from real vs sim. We assume that predicting action A given observation O is learned
from D if more of its nearest observation-action neighbors are in D, and vice-versa for Dg?. We

’Given pairs of observation and action horizons (O1, A1) and (O2, A2), we compute their distance as
|A1 — Azll2 + 7|g(O1) — g(Oz2)||2, where g is the observation embedding.
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roll out a cotrained policy twice: once in the real-world and once in sim. Figure 10 visualizes the
percentage of the top-k nearest-neighbors from Dy, for every chunk of predicted actions.

The real-world rollout is mostly red (learned from Dpg). The opposite is true for the simulation
rollout. This result is notable since the policy was cotrained with 10x more sim data than real data;
yet the majority of the nearest neighbors from the real-world rollout were still from Dg. Figure 10
suggests that policies primarily rely on data from their deployment domain. Cotraining improves
performance by providing actions when the policy encounters missing states from the deployment
domain’s dataset. This helps explain why performance plateaus even as |Dg| grows: once missing
states in Dy, are filled, additional simulated data provides diminishing returns. It also explains why
policies cotrained with |Dg| = 10 perform poorly: simulation can fill gaps, but we need real-world
data to learn compatible high-level strategies and behaviors for the real-world physics.

Power Laws: Despite the sim2target gap, scaling Dg predictably decreases the test loss and action
mean squared error (MSE) in the target domain. This is evidence for positive transfer in cotraining.

Lopyesr o [Dg| 0% - [Dp| %%, R? = 0.95;  MSEpgetox |Dg| "% - |Dp[7%%, R?=0.98 (1)

Figure 15 visualizes the power laws in equation (1). These equations provide intuition for the relative
impact of both datasets. For example, the exponents on |Dr | are larger in magnitude than |Dg|. This
aligns with our intuition that real data is more valuable than sim data. Although (1) is specific to
our setup, the existence of power laws that accurately fit the performance is remarkable. Larger
experiments are needed to determine if (1) are also scaling laws [39]. For instance, MSEDcTest
appears to plateau for large |Dg|. This could explain the performance plateaus in Section 5.2.

7 Conclusion

We present a thorough empirical study of sim-and-real cotraining for robot imitation learning. Our
results show that scaling up simulated data generation and cotraining are effective strategies for
improving policy performance. We investigate the effects of mixing ratios, data scales, and distri-
bution shifts. Lastly, we analyze the mechanisms underlying cotraining and present results for 2
alternative formulations for cotraining in Appendix D. We hope this work offers valuable insights
for sim-and-real cotraining in robot learning.



8 Limitations

All evaluations were conducted on planar-pushing from pixels. This allows us to be thorough, but
limits the scope of our results. Nonetheless, we hope our findings are informative for cotraining. A
larger-scale evaluation would require a massively multi-task data generation pipeline. This is an ex-
citing direction for future work. Repeating the experiments with other imitation learning algorithms
[30][40] and data generation pipelines [5][6] would also be valuable.
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A Real-World Experiments

A.1 Binary Probing Experiments

We add small binary probes to different layers of the cotrained policies to determine whether the
learn representations contain information about the environment label. Concretely, each probe is
a small 3 layer MLP with ReLU activations that is trained to classify an embeddings collected
from both D and Dg. Given a new embedding (from real or from sim), the classifier is asked to
predict the probability that the embedding came from a “simulated” dataset. Table 1 shows that
binary probes can reliably discern the robot’s deployment environment from the embeddings alone,
indicating that the cotrained policies have learned to distinguish sim-and-real.

Policy Binary Probe Location
[Dr| | |Ds] a | Observation Embedding | Final Activation
50 500 | 0.75 100% 74.2%
50 | 2000 | 0.75 100% 89%
10 500 | 0.75 100% 84%
10 | 2000 | 5e-3 100% 93%

Table 1: The environment classification accuracy for binary probes at different layers of several
cotrained policies.

A.2 Evaluation

For each policy, we report the performance of the best checkpoint over the 20 initial conditions
shown in Figure 11. A trial is successful if a human teleoperator would not readjust the final slider
pose. The time limit is 90s. We plot standard error (SE) bars, calculated as y/p(1 — p)/n, where
p is the empirical success rate and n is the number of trials. Note that these error bars capture the
performance distribution of the best checkpoint, but do not capture variability due to stochasticity in
training.

(@ (b)

Figure 11: a) Initial conditions for the real-world trials. b) An overlay of the final state for the 160
successful demos. We use the same success criteria to evaluate the policy rollouts. The overlay is
fairly noiseless, illustrating the strictness of our evaluations.

B Simulation Experiments

B.1 Sim2target vs sim2real gap

Figure 12 visualizes the sim2real vs sim2farget gap. Table 2 explicitly outlines the differences
between the simulated and farget environments (which were designed to mimic the sim2real gap in
the real-world experiments).
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Figure 12: A visualization and comparison of the sim2real gap in Section 4 and the sim2target gap

in Section 5

Gap Simulation Real World Target Sim
Visual white light, camera natural light, warm light, shadows
& color offset shadows
Physics Quasistatic Real physics Drake physics
Action Motion planning Human teleop Human teleop
Table 2: The sim2target gap was designed to mimic the sim2real gap along 3 different axes.

B.2 Performance vs |Dr|

Performance of the best cotrained policies and farget-only policies improve with additional target
data. Figure 13 compares the performance scaling curves as more farget data is added. The results
show that cotraining with simulate data is equivalent to scaling the amount of targer sim data by
2-3x.

Success Rate vs Target Sim Dataset Size

1.0 3.6x

08
° Figure 13: The performance of the
So.6 best cotrained policies are equiv-
@ alent to increasing the amount of
[0] .
§ 0.4 data from the target domain by 2—
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——— Target Sim Policy
0.0

102
|Drl

10!

B.3 Distribution Shift Experiments

The 6 distribution shifts explored in Section 5.3 were partially inspired by [42]. Calibrating the
magnitude of the visual shifts with the physical shifts is difficult since their units differ, but we have
attempted to make both distributions reasonably representative. Let C = [0, 1] be the space of RGB
colors, B;(c) be a ball of radius r centered at ¢, and ¢; € C be the true color of object .

14



Color Mean Shift: Object colors are shifted as ¢; < ¢; + yu; + o;, where u;’s are unit vectors.
0; = —0.05 - 1 for the slider and 0 otherwise. We sweep vy € {0,0.05,0.2,0.5}.

Color Randomization: Object colors are sampled uniformly from B, (¢;) N C. We sweep r €
{0.025,0.1,0.5, v/3}. Note that B (c;) NC =C.

Camera Shift: We fix a frame, F', near the slider’s target pose and rotate the camera about the z-axis
ObeyﬁE{O 16’_ a_4}

Center of Mass (CoM) Shift: We generate data with incorrect CoM: ycom < YCoM + Yoffset- We
sweep Yofises € 10,3, —3, —6}cm. The slider is 16.5¢m tall.

Goal Shift: We generate demos that push the slider to the incorrect goal pose: Ygoal < Ygoal +GJoffset -
We sweep gofiset € {0, —2.5, —5, —10}cm.

Object Shift: We generate a planar pushing dataset containing 6 objects, none of which are the T.

4 Visual Shifts No Shift Level 1 Level 2 Level 3 Level 4

Color Mean
Shift
Color
Randomization
o . . . . .
\ J
4 N
Object Shift
(Single Level)
- J

Figure 14: The upper box visualizes the 3 types of visual shifts over 4 intensity levels. The bottom
box visualizes the sliders used for object shift.

B.4 Power Laws

Our results show that cotraining with data from the simulated environment reduces performance
metrics, such as test loss and test action MSE, on the target sim environment according to a power
law. These power laws are visualized in Figure 15.

B.5 Evaluation

A trial is successful if the robot returns to its default position and the slider’s pose is within 1.5cm
and 3.5° of the goal. The time limit is 75s. For each policy, we evaluate all checkpoints for up
to 200 trials. During evaluation, we periodically discard low performing checkpoints according to
a Bayesian framework to save compute. We report the performance of the best checkpoints and
compute SE bars. Both our farget sim evaluation set up and simulated data generation scripts are
available here: link redacted for anonymous review.

C Training Details
In this work, we focus our study on the Diffusion Policy [13] paradigm for behavior cloning. Diffu-

sion Policies sample future robot actions given a history of past observations to accomplish a desired
task [13]. More concretely, they learn a denoiser for the conditional action distribution p(A|O) by
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Power Laws for Test Loss Power Laws for Action MSE

Target Test Loss
Target Action MSE

102 103 102 103

|Ds| |Ds|
—— |Df|=10  ----- 4.15e-01 x~0-36 —— |Df|=10 - 4.35e-03 x™0-30
—— |Df|=50 - 1.33e-01 x~0%7 —— |Df|=50 - 9.95e-04 x~022
—— |D7|=150 - 1.11e-01 x~031 —— |D7|=150 - 5.38e-04 x~018

Figure 15: Log-log plots of the targer test loss and action MSE as a function of |Dg|. We report
values for all the checkpoints in Figure 5 that were trained with the natural mixing ratio. Note that
the plots exhibit an approximate power law.

minimizing the loss in (2). A and O are horizons of actions and observations, p; and o, are param-
eters of the noise schedule, and 6 are the parameters of the denoiser. We sample from the learned
policy, mg(A|O), by iteratively applying €y in a denoising process [43][44].

Lp(0) =E; (0,a)~D,c~n (0,0 ll€ — €0(ptA + o1, O, 1)|3] )

Our experiments train Diffusion Policies since they are a state-of-the-art algorithm for imitation
learning [13]. Policies were trained using a fork of the code provided by [13]. We re-used most
hyperparameters but performed a small sweep to select the batch size, learning rate, and number
of optimizer steps. We used their U-Net architecture with a ResNet18 backbone [45] and trained
end-to-end.

To ensure a fair comparison, we trained each model for approximately the same number of optimizer
steps and the same hyperparameters. We saved 4-5 checkpoints along the way. For our finetuning
experiments, we reduced the learning rate by 10x and reported performance for the best checkpoint.
The configuration files for all training runs are available here: link redacted for anonymous review.

D Alternative Cotraining Formulations

We explore 2 ablations inspired by our analysis: one that artifically amplifies the sim2real gap
(Section D.1), and another that reduces the sim2real gap at the representation level (Section D.2).

D.1 Classifier-Free Guidance Ablation

If high-performing policies predict different actions in real vs sim (see Section 6.1), can we improve
performance by amplifying this action gap with classifier-free guidance (CFG) [14]? To study this
question, we add a one-hot encoding of the environment to the policies and cotrain with CFG. More
concretely, we sample with the denoiser in (3) which is guided by the environment encoding, c.

g(AfJOvCa t) = (1 + w)EG(Ata O7Ca t) - weQ(At707 ®7t) (3)

CFG artificially amplifies the action gap at sampling-time; w controls the magnitude of this effect.
Note that w = 0 is equivalent to regular sampling with a one-hot encoding. Figure 16 shows
that amplifying the action gap with CFG and w > 0 does not improve performance over vanilla
cotraining. On the other hand, preformance increases for w = 0. This suggests that practitioners
should cotrain policies with a one-hot encoding of the environment and sample regularly [13].
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D.2 Alternative Cotraining Loss

We showed that smaller sim2real gaps improve performance, but high-performing policies must
distinguish sim from real. Given these observations, we explored an alternative loss for cotraining

that reduces the sim2real gap at the policy’s “representation level” [46], while maintaining its ability
to identify relevant domain-specific information.

More concretely, given a cotrained policy 7y, let pg and p be distributions over the learned embed-
dings for sim and real respectively. Our alternative loss adds a second term to the training objective,
dist (pg , pf), that penalizes the differences in the learned representations for sim and real.

min Lpe (0) + A - dist(pg, py')- )

The second term in (4) encourages the policy to ignore sim2real gaps that are irrelevant for control
(ex. differences in lighting and texture). The first term encourages the policy to retain any infor-
mation that is important for minimizing Lpe (ex. the physics of the domain). The two competing
objectives are weighted by .

We explore two choices for the dist function. Here, Lpcg is the binary cross entropy loss:

Adversarial : dist(pg, pl) = mth —Lpcr(e,0)
(5
MMD : dist(p;, p&) = MMD(p3, pf)

The adversarial formulation aims to learn a representation for both sim and real that cannot be
reliably distinguished by a classifier, dy. This objective is minimized with a GAN-like training al-
gorithm [46][47]. The MMD formulation aims to minimize the maximum mean discrepancy (MMD)
between the learned representations [48]. We use a mixutre of Gaussian kernels for the MMD kernel
and minimize (4) via differentiation. We swept the A hyperparameter for the MMD loss, but not the
adversarial loss since the latter encountered the typical GAN-like training instabilities.

The performance of policies trained with (4) on both our real-world and target sim environments
are presented in Figure 17. The alternative loss formulations do not reliably outperform vanilla
cotraining. This is consistent with our observation that sim-and-real discernability is important for
performance.

Nonetheless, we chose to present these negative results for two reasons. First, the difference in per-
formance between the adversarial and MMD formulations show that the choice of the dist function
can dramatically alter the results. Thus, there could be unexplored choices for dist that outperform
the vanilla cotraining baseline. Second, we believe the more general idea of reducing the sim2real
gap at the representation level (as opposed to the simulation level) is an interesting direction for
future work.
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Figure 17: Performance of cotrained policies trained using the vanilla cotraining loss, adversarial
loss, and MMD loss. Adding an MMD or GAN-like adversarial objective did not reliably improve
performance in our experiments.
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