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Unified Sim-and-Real Scoring Methods for
Robot Policy Selection

o %' o] A A

Subin Im', Jaeseon Lee’

Abstract: Sim2Real transfer aims to deploy control policies trained in simulation onto real robots,
but discrepancies in contact dynamics, friction, and sensor noise often hinder performance. We
propose llly-Net, a hierarchical dual-stream evaluation framework that combines large-scale
domain-randomized simulation with a lightweight real-world correction module. Candidate policies
are evaluated across diverse simulated domains, yielding normalized performance vectors. A small
subset of policies is then tested on real hardware, and a Gaussian Mixture Model (GMM) is trained
to estimate real-world success likelihood based on simulation features. Using dimensionality-reduced
actor features (via PCA and AutoEncoder), Illy-Net achieves policy ranking with over 70%
reduction in on-robot trials, improving top policy success rates from 77.3% to 91.7%. Our approach
enables reliable and efficient policy selection for industrial robotic tasks under minimal data and

hardware budgets.
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[Fig. 1] Conceptual illustration of domain adaptation in feature
space. Initially, feature distributions from the source domain
(orange) and the target domain (blue) are misaligned, leading to
misclassification of target samples. Through domain adaptation,
the feature distributions become better aligned within a shared
latent space, significantly reducing—though not eliminating—
classification errors
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[Table 1] Notion Table (Symbols and Acronyms)

Symbol / Acronym Description

i i-th candidate policy

Si Simulation score vector of policy 7i

Si Min-max normalized simulation score

" Raw risk = — log-likelihood of real-world

features under GMM

Ti Z-score normalized risk

Xi Final policy score: Xi =8§i X Ti
SRR EELERERREEE LI RER Rt
e s Aoke 27| FHshs 29 A= Ag8E 74
L=

[Table 112 & =2 AR A AR H F8 7] S 5l oFol &

SEEEL

E AL A QISR lly-Net T J Y= & Tl BHA =
TFAJE}: O Object Identification — @) Grasp-Pose Estimation
— (® Grasp Execution — @ Policy Optimization — &) Illy-Net
Evaluation. 2.5 A3-2 T+ real-world grasp batchE- 7|40,

SR, 7} A= AA o9 A==t uhR] JFEs
£0]7] f15F AE upo]meEelS F/dRttt 53], vt ¢
Al A= AlEd o] dxt F A A =3 HoleE &8l 4
A0] AT FTH R Bl uFo =M Ao T HE A s
;Q__E k]l:ﬂ%— P 011:]..
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3.1.3 Grasp Execution
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3.1.4 Policy Optimization
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A, Linear, Tanh
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[Fig. 2] The actor network (green) takes the normalized state
vector s€R " as input and passes it through two fully connected
layers with 64 units each and ReLU activation, followed by a
final linear layer with tanh activation to output the action acR®.
The critic network (blue) receives both the state and the
actor-generated action as input, concatenates them, and feeds
the combined vector through two additional fully connected
ReLU layers (64 units each), followed by a final linear layer to
produce the scalar Q-value. The output of the last hidden layer
of the actor (512 dimensions) is used as a compact policy feature
vector for risk modeling in Illy-Net.

This structure enables stable value approximation while
supporting feature extraction for downstream risk evaluation
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[Fig. 3] Overview of the Illy-Net evaluation pipeline: Each
candidate policy =, is evaluated in multiple domain-randomized
simulation environments DR, , to compute a simulation score s,
which is then normalized. In parallel, both simulation and a
single batch of real-world executions are used to extract actor
feature vectors. These vectors are combined to fit a Gaussian
Mixture Model G;, and the log-likelihood of the real-world
feature under G; is computed to obtain the raw risk r;. The risk is
also normalized. The final policy score X; = 5, - r, is calculated

by multiplying the two normalized values. All candidate
policies are ranked based on their X;, and the top-ranked
policies are selected for real-world validation
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3.2.5 Hyperparameter
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[Table 2] Hyperparameter Setting

Parameter Value
Actor-Critic Learning Rate 3x10™
Mini-batch Size (B) 256
Replay Buffer (D) IM transition
OU Noise 0o 0.3—0.01
Target Update Rate (1) 0.005
GMM Components (K) 3 (300 EM iterations)
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[Fig. 4] Grasping Task Experimental Objects and Setup: Three
representative object models used in the experiments—a
cylindrical column (left), a rectangular prism (center), and a
rhomboidal prism (right)—were selected to reflect common
primitive shapes in industrial packaging. The setup illustrates
the real-world robot workspace and sensing configuration

Camera Frame

[Fig. 5] Real-World Grasping Pipeline and Execution Sequence:
The top-left image visualizes grasp candidate generation using
SAM-6D and point cloud alignment in the camera frame. The
top-right image shows the initial object capture and pose
estimation. The bottom-left depicts the UR16e robot executing a
grasping motion toward the selected candidate. The bottom-right
shows the object being lifted and moved after successful
grasping. Each step corresponds to one phase in the real-world
grasping episode
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[Table 3] Domain Configuration

Domain Object Spacing Obstacles
Actor/Critic .
Leaming Rate Wide None
Mini-batch Size (B) Narrow Single Obstacle
Replay . .
h Multipl 1
Buffer (D) Narrow with Random ultiple Obstacle
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[Fig. 6] Training Reward Curves for Domain-1, Domain-2, and
Domain-3: Across all three domain-randomized environments,
the average reward increases steadily over 200 epochs.
Domain-1 (easy) shows rapid early convergence, while
Domain-2 (medium) and Domain-3 (hard) exhibit slower
learning due to increased variability. Nevertheless, all training
curves stabilize after approximately 150 epochs, indicating
successful convergence in each domain
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[Table 4] Learning Configuration

Parameter Domainl Domain2 Domain3
Max Episode Length 200 200 200
Total Episode 10,000 10,000 10,000
Independent Seeds 5 5 5
Learning Rate 0.0003 0.003 0.003
Batch Size 64 64 128
Discount Factor 0.99 0.99 0.99
GAE 0.95 0.95 0.95
Epochs/Updates 10 10 15
Clip Range 0.2 0.2 0.15
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