








TABLE I: Evaluation of Ensemble and baselines on the YCBV dataset.

ADD-S ADD-S (AUC) Coffee Can Sugar Box Tuna Can Wood Block Scissors Large Clamp

RKN (Real) 0.90 0.65 0.14 0.16 0.62 0.50 0.05 0.18 0.01 0.16 0.12 0.23
CosyPose (Real) 0.83 0.63 1.00 0.81 0.93 0.70 0.27 0.29 0.22 0.28 0.86 0.67
Self6D++ (SSL) 0.25 0.29 0.36 0.43 0.32 0.33 0.26 0.25 0.11 0.14 0.38 0.32
Ensemble (SSL) 1.00 0.77 0.99 0.79 1.00 0.76 0.98 0.69 0.96 0.73 0.97 0.78

Ensemble (SSL, oc = 1 ) 1.00 0.78 1.00 0.83 1.00 0.79 1.00 0.74 1.00 0.77 0.97 0.78

TABLE II: Evaluation of Ensemble and baselines on the T-LESS dataset.

ADD-S ADD-S (AUC) obj_000004 obj_000010 obj_000013 obj_000024 obj_000026 obj_000030

RKN (Real) 0.19 0.32 0.62 0.52 0.46 0.48 0.31 0.39 0.40 0.47 0.79 0.58
CosyPose (Real) 0.41 0.38 0.84 0.63 0.51 0.42 0.62 0.50 0.83 0.64 0.93 0.71
Ensemble (SSL) 0.38 0.42 0.74 0.56 0.43 0.46 0.66 0.52 0.53 0.52 0.97 0.73

Ensemble (SSL, oc = 1 ) 0.85 0.65 0.99 0.73 0.79 0.59 0.98 0.69 1.00 0.72 1.00 0.75

TABLE III: Effects of the robust corrector on closing the sim-
to-real gap for both CosyPose and RKN.

ADD-S Synth. Synth. with Robust Corrector Real

CosyPose 0.41 0.69 0.85
RKN 0.17 0.36 0.36

Fig. 10: Average percentage increase in the number of in-
stances with (oc 3D = 1) and (oc 2D = 1) , after ensemble self-
training. Results are for the RKN branch, and two variations
of the CosyPose branch, namely, CosyPose (Coarse) and
CosyPose (Re�ne).

self-training, compared to CosyPose (Coarse). Therefore, in
the baseline comparisons we only show CosyPose (Re�ne).

C. List of Hyper-Parameters

The proposed ensemble self-training used stochastic gradi-
ent descent optimizer with a learning rate of 2� 10� 2 for RKN
and 3 � 10� 4 for CosyPose. The momentum and weight decay
was set to 0:9 and 1 � 10� 5, respectively, and a batch size
of 20 was used during the ensemble self-training. The clamp
threshold �c in the robust corrector (eq. (6) in the main paper)
and the loss function (eq. (14) in the main paper) was set to
10% of the object diameter. The � oc 3D and � oc 2D , used in the
3D and 2D certi�cates (eqs. (11)-(12) in the main paper), were
tuned manually for different objects. For YCBV, � oc 3D was set
to 4% of the object diameter, whereas � oc 2D was chosen to be
the best among: 50%, 60%, and 95% of the object diameter.
For TLESS, � oc 2D was set to 90% of the object diameter,
whereas � oc 3D was chosen to be the best among: 4%, 6%, and
8% of the object diameter. We had to be lenient in the choice

of � oc 2D because of the inaccuracies in the detected masks.
Table IV lists them for all the YCBV and TLESS objects.

D. Additional Visualization

Figure 11 shows some examples of pose estimates resulting
from the proposed Ensemble and other baseline methods.
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