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Abstract: Real-world reinforcement learning (RL) is a promising approach for
advancing robotic manipulation, but how to obtain informative and robust reward
signals remains a central challenge. Recent works have explored reward models
trained on real robotic data to enable efficient real-world RL. However, this for-
mulation can be expensive and infeasible due to the high-dimensional state space
and its dependence on real-world expert data. In this paper, we address this limita-
tion with Value Sim-to-Real (VSR), a novel framework that leverages simulation-
trained value functions to define informative, high-quality reward functions for
efficient real-world RL. We evaluate our method with both sim-to-sim and sim-
to-real experiments on several vision-based contact-rich tasks. We show that VSR
learns a smooth value function that strongly correlates with task progress and im-
proves the performance and sample efficiency of downstream RL with its induced
reward function.
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1 Introduction

Real-world Reinforcement Learning (RL) allows robots to master complex manipulation skills on
their own, bypassing the limitations of imperfect human demonstrations [1, 2, 3, 4, 5]. This approach
optimizes policies through real-world trial and error by maximizing cumulative task rewards. How-
ever, designing these reward functions remains a major bottleneck. Manually defining rewards is
challenging, often requiring complex systems engineering (such as detecting precise object states)
and risking unintended reward-hacking behaviors.

To address this challenge, recent works have explored data-driven reward models trained on real-
world robotics datasets [6, 7, 8, 9, 10, 11]. The core paradigm relies on collecting extensive expert
robot trajectories or video demonstrations to learn a progress-based model that outputs task-progress
signals, which subsequently serve as the reward signal. Nevertheless, this paradigm faces fundamen-
tal limitations. First, robot manipulation tasks have large state spaces that span numerous combina-
tions of object poses. For N objects in the state space, there are at least 6V independent state di-
mensions, and real-world data collection for reward training can only cover a very low-dimensional
subset. Due to this, a progress-based reward model trained on real-world data often struggles to
generalize to unseen object states, where it may produce noisy or even erroneous guidance. More-
over, some critical states (e.g., stuck objects) are difficult to deliberately capture during real-world
data collection, further exacerbating this issue. Second, training a reliable reward model assumes
access to high-quality trajectory supervision. This requires near-optimal demonstrations or careful
post-hoc manual progress labeling, an assumption that is often expensive and impractical. Without
such careful curation, the progress signal can also become noisy or suboptimal, which harms the
final policy learning outcome as a result.
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Figure 1: Comparisons of Different Reward Modeling Frameworks. (Left) Existing works di-
rectly collect real world videos or robot trajectories for learning a progress reward. However, this
suffers from several issues including noisy progress labeling and low state space coverage, and the
OOD critical states can not be guided effectively. (Right) Therefore, we propose to learn reward
function from simulation. This formulation overcomes the drawback of prior methods.

Inspired by recent progress in scalable sim-to-real learning [12, 13], we propose Value Sim-to-
Real (VSR), a framework that transfers simulation-trained value functions to provide dense reward
guidance for real-world RL. Since all value-model training data are collected in simulation, we ob-
tain substantially broader state coverage through iterative state expansion, mitigating data challenges
arising from high dimensionality and rare critical states. Furthermore, by rolling out well-trained
simulation policies, we obtain automatically computed, fine-grained progress supervision, avoiding
the noise and ambiguity of manually annotated progress labels in real-world datasets. Therefore,
this simulation-based framework can help to overcome the limitations of existing reward models.

A key challenge in implementing this framework is exhaustively searching over task-relevant states
and determining their associated progress or value. We address this by developing a systematic data
generation pipeline that iteratively expands a set of feasible states while optimizing the simulation
policy on the evolving state distribution. Using the expanded states and trained policy, we construct
a value-learning dataset and distill it into a point-cloud value function for transfer to the real world.
Across three real-world tasks, VSR outperforms real-world RL baselines using alternative rewards
by at least 14.0 percentage points on average. Both quantitative and qualitative evaluations further
show that the transferred value function reliably reflects real-world task progress. In sim-to-sim
experiments, VSR also achieves the highest average final success rate across the three tasks.

2 Related Work

Learning Reward Models. Early attempts to learn rather than hand-design rewards center on in-
verse RL and generative adversarial imitation [14, 15, 16, 17]. However, their recovered rewards are
often just non-stationary byproducts of distribution matching and cannot be reused for downstream
RL. More recently, large vision-language models have made it possible to elicit rewards zero-shot
from pretrained models without task-specific data [18, 19, 20], yet these signals are weakly grounded
in physical dynamics and often too coarse or noisy for precise manipulation. The most prevalent
paradigm trains progress- or value-based reward models on large-scale real-robot and human tra-
jectories, yielding dense, task-grounded rewards for real-world RL [6, 7, 8, 9, 10, 11]. However,
real-world data covers only a low-dimensional slice of the manipulation state space and rarely in-
cludes critical states such as stuck objects, so these models generalize poorly off-distribution. They
also presuppose near-optimal demonstrations or careful progress labeling. Although recent meth-
ods reduce this dependence via trajectory preferences or in-context transfer [9, 10], the resulting
supervision remains noisy and the quality bottleneck persists [21]. In contrast, VSR sources its re-
ward from simulation, which provides both broad state coverage and precise, fine-grained progress
supervision, thereby alleviating both bottlenecks at once.

Sim-to-Real for Robotic Manipulation. Sim-to-real transfer leverages large-scale, low-cost simu-
lation to acquire knowledge for real-world deployment, and existing methods differ mainly in what
they transfer. The most common target is the policy itself, typically transferred via domain and
dynamics randomization [22, 23], which has enabled tasks ranging from generalizable grasping and
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Figure 2: Overview of iterative state expansion and policy optimization. Green boundary indi-
cates the current coverage of the state buffer. Starting from the initial reset range, simulation policy
Tsim €Xplores novel states by noisy rollouts. Accepted states are added to the state buffer and used to
further optimize 7, forming an iterative loop between state expansion and policy improvement.

pick-and-place across diverse objects and embodiments [12, 24, 25, 26] to contact-rich dexterous
manipulation [27, 28, 29, 30, 31]. As direct policy transfer is brittle under unmodeled contacts
and dynamics mismatch, another line transfers auxiliary structure to bootstrap real-world learning,
including exploration priors [32, 33], latent action spaces [34], and world models [35].

Our work is most closely related to SGFT [36] and SimDist [37], which likewise transfer a value
learned in simulation to guide real-world learning. VSR differs from them in two main ways. (1)
SGFT trains its value on the task’s default state distribution and SimDist diversifies its data by
perturbing actions along policy rollouts. In contrast, VSR starts from the task’s initial states and
iteratively expands the set of states it trains on, co-training a proficient policy over them, so the
value stays reliable across the broad range of states a real-world policy might reach. (2) SimDist’s
value is built on a perception encoder that must bridge the visual appearance gap and SGFT’s is built
on a low-dimensional state that requires real-world state estimation, whereas VSR defines the value
over segmentation-labeled point clouds, a geometry-centric representation that sidesteps both.

Real World RL. Reinforcement learning lets robots surpass demonstration performance, discov-
ering faster and more reliable behaviors through real-robot practice. A first line studies the RL
algorithm itself [38, 4, 39] or how to fine-tune pretrained policies through online RL, including
offline-RL policies [40] and large-scale VLAs [41, 42, 3, 5]. Another thread introduces a human-in-
the-loop setting, where operator interventions during autonomous execution make real-world train-
ing safe and sample-efficient [1, 2]. From another angle, RLFP focuses on the source of guiding
priors rather than the RL mechanism itself, deriving policy, value, and reward priors from pretrained
foundation models [43]. We share this perspective but derive value signals from simulation, which
offers broader state coverage and more task-grounded guidance than internet-pretrained priors.

3 Method

Learning a reliable value model for real-world reward guidance requires broad coverage of task-
relevant states and informative value supervision. VSR first alternates state expansion with policy
optimization to build a diverse state buffer and train a simulation policy over this expanding distri-
bution (Sec. 3.1.1). We then refine the policy under a sparse task-completion objective and use its
rollout returns to supervise a vision-based value model (Sec. 3.1.2). Finally, we transfer the learned
value model to shape rewardsfor real-world RL (Sec. 3.2).

3.1 Learning Value Model in Simulation

Problem formulation. We formulate robotic manipulation as a Markov decision process (MDP)
M = (S8, A, P,r,7v,G,S), where S and A denote the state and action spaces, and P(s'|s,a)
the transition dynamics. The reward function r provides the objective for RL policy training in
simulation, and v € [0,1) is the discount factor. Let G C S denote the set of task-success states,
and Sp C S the set of initial states constructed to mirror the configurations from which the real-
world task might start. In simulation, S corresponds to privileged simulator states, which are fully
observable and serve as the basis for both our state expansion and the input to the simulation policy.



3.1.1 [Iterative State Expansion and Policy Optimization

Overview. We maintain a feasible-state buffer B, initialized from S0, and a policy 7sim trained from
states in the buffer. The procedure proceeds in repeated expand-then-optimize cycles, as shown in
Fig. 2. Atcycle i, we first use the current policy ws(ilrl to explore from states in B(*) and add accepted

candidate states to obtain an expanded buffer B("*1). We then update the policy with PPO using

initial states partially from B¢+1), producing ws(ii:lrl). Details are shown in Appendix Algorithm 1.

Expanding the buffer. As generating an arbitrary yet valid simulation state is hard, our idea is
to explore novel states by starting from states already in B. Concretely, we sample a seed state
Sseed from BB and, starting from it, roll out g, with added Gaussian noise A(0, 1) to each action
dimension for a random number of steps; we take the resulting final state as a candidate s¢ynq. To
avoid accumulating near-duplicates, we add sc,ng to 3 only when its k-nearest-neighbor distance
to existing states based on object and end-effector poses in the privileged state space exceeds a
threshold. We also discard candidates with task objects outside a predefined 3D workspace whose
horizontal bounds approximately match the reachable range of the robot end effector, preventing the
buffer from being dominated by extreme states from which task completion is unlikely. Additionally,
to prevent expanding from states that are too hard or unrealistic for the current policy, we require
that 74, has a non-zero success rate from Sgeeq.

Optimizing the policy. We train 7, with PPO [44]. To facilitate policy learning during state
expansion, we use r = T'qense, a task-specific dense reward function consisting of stage-dependent
terms (e.g., reaching, goal-directed movement, and task completion) with pose/contact penalties.

Instead of sampling initial states uniformly from the entire buffer, we use a balanced reset distribu-
tion. Let B™Y denote the states added in the most recent expansion round, and let Bd — B \ Brew
denote the previously collected states. During PPO training, half of the rollouts are initialized
from B"Y and the other half from B°9. In other words, the initial state distribution is defined as:
pg = $Unif(B"¥) 4+ 1Unif (B°). The policy is optimized to maximize the expected discounted
return under this reset distribution:

oo
J(ﬂ'sim) = Esowpg, Tsim [Z ’Ytrdense(sta at)]

t=0

This balanced sampling emphasizes adaptation to newly discovered states while maintaining training
coverage of previously collected states.

The two steps reinforce each other. The progressively expanding 5 acts as a natural curriculum for
Tgim: rather than confronting RL with the full range of states at once, 7y, is trained on a gradually
widening state distribution, which facilitates policy learning [45]. The balanced reset sampling
further emphasizes newly added states while retaining coverage of older states, which stabilizes
policy optimization. Conversely, 7y, biases state expansion toward task-relevant regions of the
state space. Through this loop, B grows broadly while 7, becomes a strong rollout policy for value
labeling in the next stage. Details are provided in the Appendix Sec. A.1.

3.1.2 Value Labeling and Distillation

To formalize the value labels, we consider an undiscounted shortest-path MDP with the same state
space, action spaces and transition dynamics defined above, and with goal set G. Its reward rsparse
is —1 at every step, and the episode terminates upon reaching the success set G. The optimal value
V*(s) hence measures the negative expected number of transitions before completion under an
optimal policy. We aim to approximate V*(s) with our value network.

To this end, we further fine-tune 7, with PPO using rgparse and v = 1, initializing episodes from
the expanded state buffer B. We then roll out the refined policy from each s € B and use the
accumulated undiscounted reward as its label y(s). These returns estimate V™= (s), which serves
as a practical approximation to V*(s). Failed rollouts within horizon H are clipped to y(s) = —H.



Then, we distill these values into a vision-based value function V;;,. Denoting the corresponding
observation of s as o, we train Vy, to predict y(s) from o,. To reduce the visual sim-to-real gap, o,
is represented as a point cloud augmented with per-point object segmentation labels, obtained from
a segmentation tracker [46]. Rather than regressing a scalar value directly, we adopt distributional
value prediction [47]: the target range is partitioned into K uniform bins, the network outputs a
categorical distribution over them and is trained by minimizing the cross-entropy loss. The scalar
estimate is taken as the expectation over the bin centers. The resulting V,, transfers to the real world,
where it guides downstream RL (Section 3.2). Details are provided in the Appendix Sec. A.2.

3.2 Real-world Reinforcement Learning

In the real world, we assume only a sparse binary task signal, provided in practice by a human
operator: every step receives Thinary = —1, and the episode terminates when the operator marks
success. Used alone, this signal makes credit assignment difficult. Similar to the additive reward
formulation used in Robometer [10], we augment the task reward with the learned value function
Vi1 at each step, the shaped reward is 7rea(0) = Vi (0) + & Tpinary, Where Vi, (0) is normalized to
[—1,0], and « is a trade-off coefficient.

We instantiate online RL with DSRL [39], which keeps a pretrained base diffusion policy frozen
and trains a steering policy to bias its sampling. The real-world policies take RGB images and the
robot’s proprioception as input, while V,;, provides the value from a separate point-cloud observation.
Implementation details are provided in the Appendix Sec. A.3.

4 Experiments

We evaluate the effectiveness and efficiency of VSR on three manipulation tasks. Following the ex-
perimental setup in Section 4.1, we present real-world and sim-to-sim RL results in Section 4.2 and
assess real-world value transfer quantitatively and qualitatively in Section 4.3. Finally, Section 4.4
examines the coverage and characteristics of the expanded states and ablates key components of
state expansion to assess their impact on downstream RL performance.

4.1 Experimental Setup

We use a 7-dof xArm7 robot with a parallel-jaw
gripper. The robot is controlled by a differential
IK controller, while the action for gripper is the
absolute target position. Our perception system
consists of three Intel RealSense D435 cameras:
two fixed workspace cameras mounted on the ta-
ble and one wrist-mounted camera on the arm. Figure 3: Illustration of three real-world tasks.

(a) Push Cube  (b) Hamburger (c) Pack Cubes

We evaluate our method and the baselines on three manipulation tasks in both sim-to-real and sim-
to-sim transfer settings. The real-world tasks are shown in Fig. 3 (additional details in the Appendix
Sec. B), and the simulation environments are built in SAPIEN [48]. For real-world experiments,
the DSRL base diffusion policy is pretrained on 15, 10, and 30 demonstrations for Push Cube, Flip
Hamburger, and Pack Cubes, respectively, before further improvement via online RL.

Task 1: Push Cube. The robot must push a cube to a target cylinder using the gripper. The cube
and the target cylinder are randomized along two parallel 15 cm lines separated by 20 cm. In the
sim-to-sim setting, we calibrated the frictions in the environment to mimic sim-to-real gap.

Task 2: Flip Hamburger. The robot must use the shovel to push an initially upside-down hamburger
toward a triangular wall, flip it over the wall, and make it land upright. The hamburger is randomly
initialized within a 15 cm x 20 cm rectangular region. In the sim-to-sim setting, we adjust the height
of the wall to imitate sim-to-real gap.



Table 1: Evaluation results on 3 real-world tasks. All real-world RL methods use 150 online trajec-
tories for Push Cube and Flip Hamburger, and 120 for Pack Cubes. We report success rate (SR) and
average completion time over successful trials (CT, in seconds); for Pack Cubes, we additionally
report the phase-1 success rate (SRpnase 1). We evaluate the last two checkpoints, each with 25 trials.

Task Push Cube Flip Hamburger Pack Cubes

SR(M) CT{) SRM) CTA) SRM SRewaser (1 CT L)
Sim-to-real policy 24% 144  48% 6.2 0% 0% -
Base diffusion policy 32% 168  48% 7.6 36% 84% 16.4
DSRL + Binary rewards 46%  13.3  66% 54 74% 98% 139
DSRL + Robometer 64% 143  68% 5.6 70% 100 % 13.7
DSRL + Ours 86% 13.0 74% 5.1 84% 100 % 14.2
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Figure 4: Evaluation results on sim-to-sim tasks. For all DSRL-based methods, we report the mean

and standard error over eight random seeds. TDSRL + SGFT value is not strictly comparable to
VSR, as its value function receives privileged target-simulator states unavailable to VSR.

Task 3: Pack Cubes. The robot must pick up two 4 cm cubes and place them into a 10 cm-wide
container, with the pink cube on the right and the green cube on the left. Each cube is randomly
initialized within a 6 cm X 6 cm region. For sim-to-sim transfer, we reduce the target controller’s
stiffness and damping to create a dynamics gap.

Baselines and Metrics. We compare against: (1) A direct sim-to-real policy trained on the same
trajectories and using the same backbone as our value model, with its categorical value head re-
placed by an MLP action head; (2) The base diffusion policy trained with provided target-domain
demonstrations. (3) DSRL with binary or off-the-shelf Robometer rewards. For sim-to-sim, we
additionally include: (4) DSRL + Demo-trained Progress Model, whose progress model shares our
value-model architecture and is trained on target-simulator demonstrations; and (5) DSRL + SGFT
Value, which replaces our value function with one trained by SGFT [36] in the source simulator.
Since SGFT’s codebase does not support point-cloud inputs, its value function instead takes privi-
leged states from the target simulator as input.

For real-world experiments, we report success rate (SR) and task completion time (CT). For sim-to-
sim experiments, we report success-rate curves over 50,000 environment steps.

4.2 Real-World and Sim-to-Sim RL Results

As shown in Tab. 1, with 120-150 online trajectories per task, VSR improves the average success
rate across the three tasks by 42.7 percentage points over the base diffusion policy and reduces
successful-trial completion time by 23.0% on average. It achieves the highest success rate on all
tasks and outperforms each DSRL baseline by at least 14.0 percentage points on average. Despite
substantial sim-to-real discrepancies such as the gripper and shovel (soft in real-world and rigid in
simulation), and object friction differs between the two domains, VSR achieves strong real-world
performance, whereas direct policy transfer remains less successful. Appendix Sec. C.2 shows the
curve for real-world training.

The sim-to-sim results in Fig. 4 show that VSR maintains the highest success rates for most of train-
ing on Flip Hamburger and Pack Cubes, indicating strong sample efficiency, while remaining com-



Table 2: Quantifying value functions on real-world data. VOC is reported as mean i gundard deviation
across demonstration trajectories; terminal-outcome ranking accuracy is reported as a percentage.

VOC on demos (Pearson ) T Pairwise ranking acc. (%) 1
Method Push Cube Flip Hamburger Pack Cubes Push Cube Flip Hamburger Pack Cubes
Ours 0-97i0.01 0-78i0.17 0~86io.11 89.8 96.0 89.8
Ours (w/o state expansion)  0.78 19.30 0.6940.42 0.8340.12 58.4 93.9 81.7
Robometer 0~74i0.09 0.85i0.10 0'79i0.07 89.5 84.3 83.8
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Figure 5: Qualitative comparlson of VSR and Robometer on real-world traJectorles Green back-
grounds mark states reflecting progress toward task success, while yellow backgrounds mark ex-
ecution errors or deviations from successful execution. Across these examples, VSR tracks task
progress and responds to setbacks due to manipulation errors, whereas Robometer sometimes as-
signs high scores prematurely or fails to reflect further progress or errors.

petitive with the best baselines on Push Cube. Among these baselines, SGFT is particularly relevant
as it also transfers a source-simulation value to target-domain. Under the same DSRL framework,
VSR achieves an average final success rate that is about 13.7 percentage points higher across the
three tasks despite the SGFT baseline’s access to privileged target-simulator states, consistent with
our hypothesis that explicitly expanding state coverage can improve the quality of value guidance.

4.3 Evaluating Value Transfer to the Real World

In this section, we evaluate the quality of the transferred value function in the real world through
both quantitative metrics and qualitative trajectory analysis.

Quantitative evaluation. We report two metrics in Tab. 2. (i) VOC on human expert demonstrations
in Robometer [10]: the per-trajectory Pearson correlation (€ [—1, 1], higher is better) between pre-
dicted values and expert timestep value (i.e., negative remaining steps-to-success). We outperform
Robometer on PushCube and PackCube, while Robometer is slightly better on Hamburger.



(ii) Pairwise terminal-outcome ranking accuracy. We construct a shared evaluation set by subsam-
pling real-world training and evaluation rollouts collected with DSRL + binary rewards and the
base diffusion policy. Neither VSR nor Robometer is used to generate these rollouts, separating
evaluation-data collection from the models being compared. We evaluate only the final state of each
trajectory, assigning an outcome label of failure / success for Push Cube and Flip Hamburger, and
phase-1 unfinished / phase-1 only / full success for Pack Cubes. Only pairs with different outcome
labels are considered. Ranking accuracy is the fraction of these pairs for which the model assigns
a higher value to the state with the higher outcome label. VSR achieves comparable accuracy to
Robometer on Push Cube and higher accuracy on Flip Hamburger and Pack Cubes. Finally, remov-
ing state expansion degrades both metrics on all task, supporting that the broad simulated coverage
is also important for the reliability of the value in the real world.

Qualitative evaluation. Fig. 5 compares VSR and Robometer on representative real-world trajec-
tories. On smooth successful trajectories in Push Cube (a, left) and Flip Hamburger (b, left), VSR’s
value increases as the task progresses toward success. VSR also reflects manipulation errors and
the resulting loss of progress. In Flip Hamburger (b, right), the value drops when the hamburger is
pushed aside, while Robometer remains relatively high. VSR exhibits similar value drops when the
gripper slides past the cube or pushes it away from the target in Push Cube (a, middle and right),
and when the green cube is dropped outside the container in Pack Cubes (c, right). VSR also dis-
tinguishes task progress from gripper motion: in Pack Cubes (c, left), it stays low when the gripper
moves above the container without grasping the pink cube, whereas Robometer rises substantially.

Together, these results suggest that VSR provides informative real-world reward guidance by re-
flecting task progress and errors, helping explain the improved downstream RL performance.

4.4 Analysis of State Expansion

Here, we analyze the role of iterative state expansion through experiments in simulation. We first
examine the coverage and characteristics of the collected states, and then use controlled ablations to
evaluate how individual components contribute to downstream RL performance.

Coverage & characteristics of expanded states. On Push Cube, Appendix Fig. 7 shows that
the collected states broadly cover the task workspace, encompassing diverse combinations of cube
poses and robot arm configurations. Appendix Fig. 8 further illustrates representative states and
the performance of 7g,,, when initialized from them. Except for one state where the arm is at its
reach limit, 7g;,, achieves a 100% success rate from all other illustrated states. The average steps to
success provide reasonable dense supervision for value learning.

Controlled ablations. We compare the Table 3: State expansion ablations on three sim-to-sim
full method with variants removing: (1) tasks. We report the mean (standard error) determinis-
the kNN distance threshold; (2) the non- tic success rate (%) over eight random seeds.

zero success-rate filter on seed states,

Settin, Push Cube  Flip Hamburger Pack Cubes

(3) the balanced reset distribution, in- £ P g
. . Full method 87.4 (1.8) 86.7 27 85.2 2
stead sampling uniformly from B; (4) co-  wj/o kNN threshold 83.3 23) 87.1 a5 83.0 33
training of 7y, keeping the policy fixed w/o success filter 81.5 3 76.9 (1.9) 84.3 (1.0)
. . . w/o balanced resets 83.6 25) 86.0 2.4) 80.5 2.8)
durlng €Xpansion; and (5) state €Xpansion w/o policy co-training 80.3 3.4) 89.4 (1.0) 79.8 3.1)
entirely. For (5), we collect value-training ~ w/o state expansion 81.8 3.0 81.6 2.1 81.0 (1.6)

states along rollouts of 7, from the orig-
inal task reset distribution, matching the training-set size of the full method.

We evaluate all variants after 30,000 DSRL environment steps on Push Cube and Flip Hamburger,
and 50,000 steps on Pack Cubes in their respective target simulations. As shown in Table 3, re-
moving state expansion consistently lowers mean success rates across all three tasks, supporting
our central claim that expanding training-state coverage improves downstream RL through learned
value guidance. Individually removing any of components (1)—(4) also lowers mean success rates
on at least two tasks.



5 Conclusion

We presented VSR, a framework that learns value functions in simulation and uses them as reward
guidance for real-world reinforcement learning. By combining iterative state expansion, simula-
tion policy optimization, and point-cloud value learning, VSR provides dense task-progress signals
without requiring real-world reward-model training. Across sim-to-sim and sim-to-real experiments,
VSR improves sample efficiency and task success, showing that simulation-trained values can be an
effective reward guidance for real-world robot learning. We further discuss the limitations of the
current framework in the Appendix Sec. D.
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A Implementation Details

A.1 Iterative State Expansion and Policy Optimization

Here, we introduce the Iterative State Expansion and Policy Optimization method details in
Sec. 3.1.1 of the main paper. The pseudocode is given in Algorithm 1.

Algorithm 1 State Expansion with Policy Updates

1: Input: Policy 7y, ; Initial States Sp;
2: Qutput: Expanded State Buffer B;

4: fori =1,..., Nyounq do
5: Bhew 0;

6: for j =1,..., Nexpand do
7: Sseed < Sample(B);
8 Ngtep ~ Unif[1, T;

9: Scand — NoisyRollout(7gim, Sseed; Mstep )
10: if dunn (Scanda B) > ¢ then

11: B+ BU {Scand};

12: Bnew — Bnew U {Scand};

13: end if

14: end for

15: Bold — B \ Bnew;

16: PB — %Unif(Bncw) + %Unif(BOld);
17: Update 74;,, with PPO starting from pg.
18: end for

A.1.1 K-Nearest-Neighbor Distance Computation

We use a k-nearest-neighbor (kNN) novelty criterion to decide whether a newly generated state
should be added to the online initialization set. For all tasks, we set & = 50, unless the reference
pool contains fewer than 50 states, in which case we use all available reference states. For each
candidate simulator state s, we extract a low-dimensional geometric feature ¢(s) and compare it
against the current reference state pool R. The kNN novelty score is defined as the average distance
to the k nearest reference states:

MR =2 D dols),0(5,)

SjENk(S,R)

Here, Ny (s, R) denotes the k nearest neighbors of s in the reference pool under the task-specific
metric d(+,-). A candidate state is admitted into the initialization pool only if

n(s;R) >,

where 7 is a novelty threshold. We set the threshold so that approximately 10% of rollout samples
are added to the buffer during the first 10 rounds.

Task-specific features. For all tasks, the kNN distance is computed from compact geometric fea-
tures of the gripper/TCP and task-relevant objects. Specifically, we use their positions and orienta-
tions extracted from the privileged simulator state, and normalize each component by a predefined
task-specific range that covers the maximum variation we aim to collect during state expansion.
For Push Cube, the feature includes the TCP, cube, and target poses. For Pack Cubes, the fea-
ture includes the TCP, container, and two cube poses, with the two cubes ordered consistently. For
Flip Hamburger, the feature includes the TCP, hamburger, and wall poses. Since the hamburger is
approximately symmetric around one local axis, we ignore the corresponding rotation component
when computing the distance, so that physically similar rotations are not treated as novel states. The
final kNN novelty score is computed as the average distance to the nearest reference states in this
normalized feature space.
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A.1.2 Details of State Expansion and Policy Optimization

As described in the main paper and summarized in Algorithm 1, we start from a PPO [44] pol-
icy trained in the original reset region and iteratively alternate between state expansion and policy
optimization. The state buffer B (Algo. 1 Lines 2-3) is initialized with 1000 states sampled from
the original reset region for Push Cube and Flip Hamburger. For Pack Cubes, it is initialized with
2000 states: 1000 reset states and 1000 states at the first task milestone. At each expansion round
(Algo. 1 Lines 4-14), we sample states from the current buffer and run Nexpana = 400 noisy rollouts
(Algo. 1 Lines 7-9). Candidate states satisfying the KNN novelty criterion are added to the buffer
(Lines 10-13), yielding roughly 19, 31, and 99 new states per round on average for Push Cube, Flip
Hamburger, and Pack Cubes, respectively.

After each expansion round, we construct the balanced reset distribution pg from newly added and
older states (Algo. 1 Lines 15-16), and perform 25 PPO update iterations (Algo. 1 Line 17). Each
update uses 122880 rollout samples for Push Cube and Flip Hamburger and 153600 for Pack Cubes,
collected from 1024 parallel environments over 120 and 150 steps, respectively, with half of the
environments initialized from By, and half from Bgjq. This sampling lets the policy adapt to newly
discovered states while maintaining performance on previously covered regions.

We run up to Nyoundg = 131 expansion rounds (Algo. 1 Lines 4-18), for up to 3255 PPO update
iterations in total. For Pack Cubes, subsequent data collection uses the checkpoint at iteration 3001,
after 121 expansion rounds. The resulting state buffer contains around 3500 feasible states for Push
Cube, around 5000 for Flip Hamburger, and around 14000 for Pack Cubes.

A.2 Value Labeling and Distillation
A.2.1 Value Labeling

As described in the main paper, after completing state expansion and policy optimization, we use
the final simulation policy 7y, to generate value labels for states in the buffer B. For each state
so0 € B, we roll out gy, in simulation and record point-cloud observations along the trajectory. For
efficiency, we store observations and labels every four environment steps.

Each sampled state is labeled by its negative distance to success. If a rollout succeeds at timestep
Tsuce, then a sampled state at timestep ¢ is assigned the raw label

Gt = —(Tsuce — 1)
Thus, states closer to success receive larger values, with the success state receiving value 0. If the
rollout fails, we assign all sampled states in that trajectory the minimum raw label
Ut = —Tmax,
where T}, .« 1S the maximum episode length of the corresponding task. In our experiments, Tiax =

120 for Push Cube and Flip Hamburger, and 7}, = 150 for Pack Cubes.

To make the subsequent value distillation training numerically easier, we rescale all labels by a
constant factor of 0.04:
yr = 0.04g;.

This produces a supervised dataset
D= {(Ot7 yt)}7
where o, denotes the recorded point-cloud observation at timestep t.

A.2.2 Value Distillation

After obtaining value labels from simulation, we distill them into a vision-based value function
Vi For each simulator state s, let o, denote its corresponding observation. We train V,, to predict
the value label from o4, so that the learned value function can be used in the real world without
access to simulator states. To reduce the visual sim-to-real gap, we represent o5 as a point cloud
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augmented with per-point object segmentation labels. The segmentation labels are obtained from a
segmentation tracker.

Distributional value prediction. Rather than directly regressing a scalar value, we use distribu-
tional value prediction. Let the rescaled value range be [—C, 0], where C' = 0.047T,,,.x for each task.
We divide this range into X = 100 uniformly spaced bins with centers
j—1 .
:—C 707 :]_7...7K~
“ TR J
The network outputs a categorical distribution

py(J | 05) = softmax(fy(0s));
over these bins.

To train this distributional predictor, we convert each continuous value label y, into a target cate-
gorical distribution T (y5) over the same bins. Let s = clip(ys, —C,0). We define Ik (ys) by
linearly interpolating ¢, onto its two nearest bin centers. Specifically, let £ and u be the lower and
upper bin indices such that

z2e < Ys < Zu, u=/~{+1.
For non-boundary values, the target distribution is
Zu =Y .
u, j= 57
2y — R¢
= Ys—z .
HK(ys)j - M7 j=u,
Zy — Re
0, otherwise.

If 5 lies on the boundary of the value range, all probability mass is assigned to the corresponding
endpoint bin. We train the network with the cross-entropy loss

Evalue(w) = ]E(os,ys) [CE(HK(ys)apw(' | 05))] .

At test time, the scalar value estimate is computed as the expectation over bin centers:
K
Vw(os) = pr (.7 ‘ Os)zj'
=1

Network architecture. The input point cloud is downsampled to N = 2000 workspace-
normalized points. Each point is represented by its 3D coordinate and a one-hot object segmen-
tation label. We use a PointTokenizer to convert the point cloud into local tokens. Specifically, we
first sample 512 center points using farthest point sampling. For each center point, we group its
32 nearest neighbors using KNN. For each local group, the input feature of each neighbor is the
concatenation of its absolute coordinate, coordinate relative to the group center, and one-hot seg-
mentation label. This local feature is projected to a 384-dimensional feature, max-pooled over the
32 neighbors, and passed through another linear layer to produce a 384-dimensional token.

We add a learned position embedding to each token. The position embedding is computed from
the center coordinate through a two-layer MLP. We then prepend a learnable aggregation token,
resulting in a token sequence of length 1 + 512 = 513. The sequence is processed by a Transformer
encoder with hidden dimension 384, 6 layers, 12 attention heads, feed-forward dimension 1536, and
dropout rate 0.2.

The output corresponding to the aggregation token is used as the global point-cloud representation.
We project it to a 512-dimensional feature with a linear layer followed by layer normalization.

The value head is a four-layer MLP with hidden width 1024 and ReLU activations. It takes the
512-dimensional global point-cloud feature as input and outputs K = 100 logits, corresponding to
the 100 value bins. After applying a softmax, these logits define the categorical value distribution
py (- | 0s). The scalar value used for reward shaping is computed as the expectation over the bin
centers.
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Depth and Point-Cloud Processing. Accurate depth is essential for constructing the point-cloud
observation o, yet real-world depth estimation is inevitably noisy. We mitigate this from several
angles. First, rather than using the depth maps produced directly by the RealSense camera, we feed
the camera’s two raw IR (stereo) images into Fast-FoundationStereo [49] to recover depth, which
yields more accurate and consistent estimates. Second, we find that the depth values near object
boundaries remain particularly noisy, so during simulation training we apply a data augmentation
that adds random noise to the depth of object edges, following [50], making the value network robust
to this effect. Finally, we additionally adopt the flying point augmentation of [51], which randomly
perturbs a small fraction of points in the point cloud with large noise.

Training details. We train the value network with a batch size of 400 for 2000 epochs. Training
is performed on a single node with 8 NVIDIA A800 GPUs. Depending on the task and dataset size,
value distillation takes approximately 12—-16 hours.

A.3 Online Reinforcement Learning

We use the Noise-Aliased variant of DSRL (DSRL-NA) [39] for online reinforcement learning.

Let mq;, denote the pretrained diffusion policy, which is kept frozen throughout RL training. The
SAC [52] actor is a latent-noise steering policy: it takes three RGB images (including two third-
person camera views and one wrist-camera view), together with robot proprioception as input. The
image inputs are encoded with a compact CNN, concatenated with robot proprioception, and passed
to an MLP that parameterizes a tanh-squashed Gaussian distribution over latent-noise action chunks.
A sampled latent-noise chunk is then decoded by 7y, into a robot action chunk of length 4.

Following DSRL-NA, we use two twin-Q critics: an action-space critic Q“ (s, a) and a latent-noise-
space critic Q" (s, w). Both use the same RGB/proprioception encoder design as the actor, followed
by MLP Q-heads; Q* additionally conditions on decoded action chunks, while Q" conditions on
latent-noise chunks. Q4 is trained with temporal-difference learning on decoded actions. Q"
is trained by distilling Q* (s, map (s, w)), allowing the SAC actor to be optimized directly in the
diffusion latent-noise space. During evaluation, we use the deterministic SAC policy, i.e., the mean
action of the actor before diffusion decoding.

For VSR, we freeze the sim-to-real value function and use it to provide the dense reward signals
throughout RL training. Both VSR and Robometer combine their method-specific dense reward
with the sparse binary reward. Specifically, we rescale these dense rewards to [—1,0], and use
T = T'dense T QTbinary. We set & = 0.2 for both methods and across all tasks.

B Task Settings

We build all simulation environments in ManiSkill3 [53], with SAPIEN [48] used as the underlying
physics simulation and rendering backend.

Across all tasks, the gripper is modeled as rigid in simulation, while the real-world gripper is
soft. This introduces a dynamics gap between simulation and the real world. Despite this gap,
the simulation-trained value function remains effective when transferred to real-world experiments.

Push Cube. The cube has a side length of 4 cm. The target cylinder has a radius of 2.5 cm and a
height of 2.5 cm.

Flip Hamburger. The shovel used in the real-world setup is 3D-printed with TPU, making it
slightly compliant, whereas the simulated shovel is modeled as rigid. The wall height is 3 cm in
the standard setting. For the sim-to-sim transfer setting, we increase the wall height to 4 cm. The
hamburger has a bottom radius of approximately 5 cm and a height of approximately 8 cm. In
simulation, the hamburger is modeled as a rigid body, and its collision shape is approximated by a
convex hull. In the real world, the toy hamburger is elastic, with only the bottom part being relatively
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Push Cube

Flip Hamburger

Pack Cubes

Figure 6: Example observations for the three manipulation tasks. In the point clouds, different colors
denote different segmentation labels.

rigid. These differences create a noticeable dynamics gap, yet our value function still provides useful
guidance after transfer.

Pack Cubes. The container has a width of 10 cm along the y-axis and a length of 6 cm along the
z-axis. The base has a depth of 0.5 cm. The front and back walls have a height of 1 cm, while the
two side walls have a height of 4 cm, matching the cube height. The taller side walls are designed to
prevent a shortcut strategy in which the robot first randomly drops the first cube into the container
and then pushes it aside with the second cube to make space.

We collect a small set of expert demonstrations to train the base diffusion policy for each task.
Specifically, we use 15 demonstrations for Push Cube, 10 for Flip Hamburger, and 30 for Pack
Cubes.

We provide example observations for all three tasks in Figure 6. The DSRL policy takes the cropped
RGB images as input, while the sim-to-real value function takes the corresponding segmentation-
labeled point cloud.

C More Experiment Results

C.1 Coverage & Characteristics of Expanded States

Here, we show the visual demonstration for state expansion coverage of Push Cube task in Fig. 7,
and the representative states as well as the performance of 7g;,, when initialized from them in Fig. 8.

C.2 Real World RL Training Curves

We present the real-world RL training curves for all three tasks in Figure 9. Across all three tasks,
our method shows a consistent increase in success rate and a consistent decrease in completion time
over the course of online RL training.
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Figure 7: Spatial coverage of expanded states on Push Cube. The red rectangle marks the horizontal
projection of the task workspace used during expansion. The collected states broadly cover this
workspace.

Expanded States

Success Rate

100% 100% 100% 100% 100%
Avg, Steps To Success - 50.1 35.1 41.4 15.3 13.3

Figure 8: Representative states collected from our state expansion process. We show the success
rate and average steps to success of g, from each state. The variation in average steps to success
across these configurations provides fine-grained supervision for value learning.

D Limitations

While our real-world experiments show that the learned value function tolerates moderate sim-to-
real dynamics discrepancies, its transfer may still degrade under a large dynamics gap. When the gap
is severe, simulation can admit short-cut behaviors that are physically unrealizable in the real world,
causing the value function to give erroneous estimates that mislead downstream RL. Characterizing
which dynamics gaps most degrade transfer, and thereby delineating the capability boundary of
value sim-to-real, is an important direction for future work.
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Figure 9: Real-world RL training curves across 3 real-world tasks. The online rollout budget is split
into 10 windows, and we plot the metrics within each window. Note that these are not evaluation
results.
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