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A Implementation Details and Notation Clarifications1

This appendix provides the implementation and evaluation details that are omitted from the main2

paper due to space. The goal is to make the real-robot experiments reproducible, clarify the data3

used by each component, and make explicit which information is and is not used when computing4

graph-retrieved progress (GRP). Unless otherwise stated, all policy-learning experiments use the5

cumulative offline dataset6

Dr = Ddemo ∪ D1:r
rollout, D1:r

rollout = D1:r
success-rollout ∪ D1:r

fail-rollout,

where rollouts may include human interventions. The graph is built over observed states, while the7

VLA objective remains a supervised action-chunk prediction loss.8

A.1 Real-World Setup and Task Details9

Figure 1: Real-world robot workspace used for GR-BC data
collection and evaluation.

Our real-world manipulation plat-10

form consists of a 7-DoF Flexiv Ri-11

zon 4s arm equipped with a Robo-12

tiq 2F-85 parallel gripper, a head-13

mounted RealSense L515 camera,14

two wrist-mounted RealSense D40515

cameras, one side RealSense D40516

camera, and a SpaceMouse used for17

shared-control interventions. The18

workspace and camera arrangement19

are shown in Figure 1. Although20

the hardware rig contains four RGB-21

D cameras, each task uses a fixed22

subset of three RGB views during23

data collection and training. This24

design adapts the observation geom-25

etry to the visual requirements of26

each precise manipulation task with-27

out changing the policy interface. Across all tasks, the action space is 8-dimensional, and the robot28

control loop runs at 30 Hz during both data collection and inference. All real-robot policy deploy-29

ment and online inference runs are executed on a single NVIDIA GeForce RTX 5090 GPU. We do30

not apply focal-length scaling in the reported task configurations.31

We evaluate GR-BC on four long-horizon manipulation tasks. Each task is judged by terminal32

physical success rather than dense progress labels. A rollout may therefore be labeled as failed33

even when it contains recoverable local segments, and a successful demonstration may still contain34

hesitations, small contact corrections, or local regressions.35
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Assembly Model. The robot grasps a black four-hole assembly part and inserts it into a white36

four-corner socket model. The task has broad generalization because the part can start from a large37

tabletop region. It admits two valid success modes, where the robot grasps the part from either38

the left or right side. These modes form multiple successful terminal clusters in the reachability39

graph; Appendix D.3 provides the corresponding analysis. Success requires full insertion followed40

by gripper opening.41

Graphics Card Assembly. The robot inserts a graphics card into the target PCIe slot. This task42

combines large-amplitude arm motion with precise connector alignment: the graphics card is rela-43

tively heavy, while the bottom latch and gold-finger connector must be inserted accurately. We use44

an RTX 4060 graphics-card mockup for this task. Success requires the card to be fully inserted and45

the gripper to open.46

Table 1: Configuration for Assembly Model.

Field Setting

Task instruction Pick up the black connector and

insert it into the white socket.
Camera configuration Head, left wrist, right wrist; no

focal-length scaling
Initial demonstrations 215
Mean episode length 376
Action chunk horizon N 30 frames
Graph stride k = 15 frames

Table 2: Configuration for Graphics Card.

Field Setting

Task instruction Pick up the graphics card and insert

it into the motherboard PCIe slot.
Camera configuration Head, left wrist, side; no

focal-length scaling
Initial demonstrations 125
Mean episode length 911
Action chunk horizon N 30 frames
Graph stride k = 15 frames

Screw Tightening. The robot uses a screwdriver to tighten two screws sequentially. This is a long-47

horizon and contact-rich task: before rotation, the policy must localize the small screw head and48

align the tool tip accurately. The task uses M2 screw heads. Success requires each of the two screws49

to be tightened by 90 degrees.50

Memory Stick Insertion. The robot picks up a thin memory stick from a box and inserts it into51

the target socket. The task requires generalization over randomized object poses and demands finer52

connector alignment than the graphics-card assembly task. We use a DDR4 memory stick, whose53

socket opening is approximately 1 mm wide. Success requires the memory stick to be fully inserted54

and the slot latch to lock.55

Table 3: Configuration for Screw Tightening.

Field Setting

Task instruction Pick up the screwdriver, tighten the

two screws one after the other.
Camera configuration Head, right wrist, side; no

focal-length scaling
Initial demonstrations 100
Mean episode length 1,517
Action chunk horizon N 30 frames
Graph stride k = 15 frames

Table 4: Configuration for Memory Stick.

Field Setting

Task instruction Pick up the RAM and insert it into

the motherboard RAM slot.
Camera configuration Left wrist, right wrist, side; no

focal-length scaling
Initial demonstrations 150
Mean episode length 1,008
Action chunk horizon N 30 frames
Graph stride k = 15 frames

Rollouts are collected with SpaceMouse-based shared control. During policy execution, any nonzero56

SpaceMouse input triggers human takeover. Control is returned to the policy after a short fixed57

timeout with no SpaceMouse input. The resulting trajectories interleave autonomous execution,58

failure-prone behavior, and corrective segments, making them useful for offline data analysis, policy59

post-training, and reward-model evaluation pipelines with different input requirements.60

A.2 Dataset Composition61

The initial dataset contains expert demonstrations. In each offline iteration, the current policy is62

deployed to collect additional real-world rollouts, which are retained regardless of final outcome.63

Table 5 summarizes the number of demonstration trajectories, successful and failed rollouts, and the64

mean number of rollouts collected per offline round for each task.65

A.3 Graph Construction Details66

For each task, we construct a task-conditioned reachability graph G = (V , E) over the cumula-67

tive offline dataset. Nodes are subsampled trajectory states, with all episode terminal states and all68
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Table 5: Aggregate dataset statistics.

Statistic Assembly Model Graphics Card Screw Tightening Memory Stick

Demo trajectories 215 125 100 150
Successful rollouts 85 270 160 240
Failed rollouts 100 120 80 80
Mean rollouts per round 90 120 80 100

successful terminal states retained. Each node stores synchronized multi-view visual embeddings,69

proprioception, and the binary gripper state. The visual encoder is the manipulation-centric repre-70

sentation (MCR) model [1]; we compare this choice against R3M [2] and V-JEPA2.1 variants in71

Appendix D.2.72

Table 6: Hyperparameters mentioned in the paper.

Parameter Meaning Default

k temporal subsampling interval 15 frames
K mutual KNN size per camera view 20
αedge adaptive similarity-edge threshold 1.0

ϵc stability constant for adaptive length 10−4

N action chunk horizon 30 frames
δmin minimum net progress threshold 0.002
η maximum allowed progress regres-

sion

0.03

βw progress bonus amplitude 0.5
γ progress sensitivity 20
wmin lower accepted-branch weight 0.5
wmax upper accepted-branch weight 1.5

Temporal edges encode physically executed73

transitions within a trajectory. Similarity edges74

bridge states from different trajectories when75

they pass multi-view mutual-nearest-neighbor76

retrieval, gripper-state consistency, and adap-77

tive edge-length thresholding. Proprioception78

is stored for diagnostics and policy input but79

is not used in similarity retrieval because the80

multi-view MCR features plus gripper-state fil-81

tering provided the most stable retrieval inter-82

face in our scans. Accepted similarity pairs are83

implemented as two directed edges with identical cost so that reverse shortest-path search can be run84

on a directed graph. Similarity edges are not interpreted as executable transitions; they only iden-85

tify visually/proprioceptively compatible states for potential estimation. We connect all successful86

terminal nodes to the virtual sink g⋆, then run reverse Dijkstra search [3] to compute Rrec(v), the87

minimum graph cost from v to any successful terminal state. Unless otherwise specified, we use the88

95th percentile of finite Rrec as Rmax. When converting sparse node progress to dense frame-level89

progress, we interpolate only finite node pairs; otherwise progress is set to 0.90

Figure 2 illustrates the graph construction process on the Assembly Model task using two repre-91

sentative trajectories. The left panel shows temporally connected trajectory nodes, cross-trajectory92

similarity links, the virtual sink g⋆, and the retrieved remaining-step values Rrec(v). Here R denotes93

the graph-retrieved remaining-step estimate from the current node to a successful terminal node,94

so smaller values indicate states closer to success and R = 0 corresponds to a successful terminal95

node or the virtual success sink. The right panel visualizes matched image states used to verify96

the local visual consistency of the accepted similarity edges; d denotes the MCR feature-space dis-97

tance between the two matched camera-image states, where smaller values indicate stronger visual98

or representational similarity.99

Figure 3 visualizes the resulting graphs built from the demonstration data and one rollout round100

across all four tasks.101

Figure 3: Graph overview constructed from the demonstration data and one rollout round for all four
tasks. Darker node colors indicate larger remaining-step estimates.
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Figure 2: Two-trajectory graph construction example on the Assembly Model task. Blue and or-
ange nodes denote two different trajectories, solid edges denote temporal transitions, and dashed red
edges denote zero-cost edges from successful terminal nodes to g⋆. Node colors indicate retrieved
remaining steps Rrec(v), where lower values correspond to states closer to task completion. The
right image pairs show representative matched states; R is the graph-retrieved remaining-step esti-
mate and d is the MCR feature-space distance between the matched states.

B Progress Evaluation Protocol and Additional Progress Results102

This section provides the progress-evaluation protocol used to compare GRP with learned or103

foundation-model-based progress and reward baselines, including ReWiND [4], SARM [5], Robo-104

Dopamine [6], and RoboMeter [7]. These methods differ in their intended supervision and data105

interfaces; therefore, we report both interface assumptions and fixed evaluation metrics instead of106

forcing all methods into an artificial identical training protocol.107

B.1 Baseline Implementation and Supervision108

The progress baselines are evaluated under their intended supervision settings. ReWiND uses109

language-guided reward estimation [4]; SARM learns stage-aware rewards from stage or progress110

supervision [5]; Robo-Dopamine and RoboMeter provide general-purpose process or trajectory-111

comparison reward signals [6, 7]. These learned reward baselines are therefore not supervision-112

matched to GRP: they may use progress labels, segment comparisons, or failure-derived examples113

when required by their own training interfaces. GRP instead uses terminal success information and114

graph connectivity, without dense progress labels, subtask labels, or trajectory comparisons.115

Across the four real-robot tasks, we use the same evaluation protocol and keep each learned progress116

baseline as close as possible to its intended training recipe. All progress pipelines in the baseline117

comparison are instantiated separately for each task, not only for Screw Tightening. For each task,118

progress metrics are computed on a fixed evaluation set with 30 successful rollout episodes and119

30 failed rollout episodes from that task, and the reported baseline comparisons summarize the120

four-task evaluation rather than a single Screw Tightening run. In the main-paper progress table,121

Class. SE and Class. FE are averaged over the four tasks and reported out of 30 episodes per task.122

For GRP, this primary progress table is a transductive graph diagnostic: the evaluation trajectories123

are scored within the task graph to test whether graph-retrieved progress separates known successful124

and failed trajectory structure. It should not be interpreted as held-out progress generalization. The125

held-out query setting is evaluated separately in Appendix B.3, where held-out rollouts are inserted126

only as query trajectories and their terminal outcomes are not used to define success sinks. When127
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a baseline requires task-specific training or adaptation, we train it for approximately 20 epochs128

whenever the method implementation and compute budget permit, and otherwise use the closest129

method-prescribed schedule. We avoid introducing a separate hand-tuned training protocol for each130

task; method-specific supervision, adaptation, and input-interface details are described below for131

each baseline.132

ReWiND. ReWiND trains a language-guided Transformer reward model to predict task progress133

from trajectory prefixes. It uses DINOv2 visual embeddings and MiniLM language embeddings,134

with forward progress supervision, rewound segments, and mismatched-language negatives. For135

each task, we run the ReWiND pipeline with that task’s language instruction and trajectories, using136

the official training code while preserving its language-conditioned reward-estimation interface.137

SARM. SARM learns a language-conditioned progress reward from robot trajectory videos,138

avoiding hand-designed dense rewards. For each task, we run SARM with that task’s language in-139

struction and trajectories. We use its single-stage mode, where each successful trajectory is treated140

as one continuous task stage. We intentionally use the strongest setting that does not require ex-141

tra stage annotation, rather than providing manually segmented stage labels for these long-horizon142

precise manipulation tasks. Frozen CLIP encoders extract visual and language embeddings, and a143

Transformer reward head predicts normalized task progress over temporal windows. For efficiency,144

we precompute CLIP embeddings and evaluate the model using dense per-frame progress curves.145

Robo-Dopamine. Robo-Dopamine learns a general process reward model from language instruc-146

tions and multi-view visual comparisons. Given reference start/end observations and a pair of BE-147

FORE/AFTER observations, the model predicts relative task progress or regression. For each task,148

we adapt the released Robo-Dopamine GRM checkpoint with LoRA on converted LeRobot trajec-149

tories. Each training example contains the task instruction, reference start/end images, and sampled150

BEFORE/AFTER multi-view images. Successful trajectories provide temporal progress-change su-151

pervision. We do not use failed trajectories in the Robo-Dopamine adaptation; its Failure data entry152

is therefore marked as “–” in the baseline-interface summary. These progress-change labels are part153

of the Robo-Dopamine baseline interface and are counted as additional progress supervision, not as154

information used by GRP. We freeze the multimodal backbone and train only task-specific LoRA155

adapters, and evaluate the adapted GRM by converting its predicted progress changes into dense156

per-frame progress curves.157

RoboMeter. RoboMeter is a general-purpose vision-language reward model that combines158

progress, success, and trajectory-preference prediction. It builds on a Qwen3-VL backbone with159

separate reward heads for progress, preference, and success. For each task, we fine-tune the160

RoboMeter-4B checkpoint on the corresponding processed task trajectories. Terminal rewards pro-161

vide trajectory-level success labels, while sampled trajectory segments are used to construct prefer-162

ence examples that also supervise the progress and success heads. These preference and terminal-163

success signals are part of the RoboMeter baseline interface and are counted as additional reward-164

model supervision, not as information used by GRP. In our implementation, this baseline uses the165

wrist-view camera as its visual input. We evaluate the resulting reward model using its predicted166

progress and success scores as dense per-frame reward signals.167

B.2 Metric Definitions168

For an episode τ , let p(st) ∈ [0, 1] denote the normalized progress estimate at time t. We report four169

metrics.170

∆SF. The success–failure progress gap ∆SF measures separation between successful and failed171

episodes:172

∆SF = Eτ∈SE [p(sτT )]− Eτ∈FE [p(sτT )] ,

where sτT is the terminal state of trajectory τ . Larger values indicate better final-outcome separation.173
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ρdev. We manually localize a fixed set Wdev of deviation windows that contain visible local re-174

gressions, such as teleoperation mistakes, contact misalignment, or pre-intervention deviations. The175

deviation-detection rate is176

ρdev =
1

|Wdev|

∑

(ts,te)∈Wdev

I [p(sts)− p(ste) > δdev] .

Higher ρdev indicates greater sensitivity to fine-grained local regressions.177

Deviation-window annotation protocol. The deviation windows are annotated before computing178

any method’s progress scores. For each of the four tasks, an annotator inspects that task’s fixed179

evaluation rollout videos and marks short intervals where the robot visibly moves away from task180

completion, loses contact alignment, executes an incorrect teleoperation correction, or enters the181

frames immediately preceding an intervention. The annotator uses only the raw rollout video and182

task context, not GRP scores, learned-reward scores, model predictions, or any progress curve. Each183

annotation stores the task name, episode index, start frame, end frame, and the label bad interval;184

the same frozen per-task annotation files are then used for all methods. We set δdev once on the185

normalized progress scale and do not tune it per method or task. This makes ρdev a blind, window-186

level test of whether a progress estimator decreases over human-identified local regressions, rather187

than a window set selected from a model’s output.188

Class. SE and Class. FE. Following the automated judgment logic of SARM, we classify each189

evaluation episode τ using its predicted progress sequence p(sτt ). The predicted episode label is190

defined as191

Label =

{

SE, if p(sτT ) > 0.8 ∧ 3
T

∑T
t=⌈2T/3⌉ p(s

τ
t ) > 0.6,

FE, otherwise,

Class. SE measures how many successful episodes are correctly recognized as successful, while192

Class. FE measures how many failed episodes are correctly rejected as failures.193

B.3 Demo-Only Zero-Shot Progress Evaluation194

Figure 4: Demo-only zero-shot progress evaluation on
held-out Screw Tightening rollouts.

As an additional single-task diagnostic,195

separate from the four-task baseline com-196

parison above, we evaluate a stricter zero-197

shot progress setting that approximates on-198

line rollout scoring before rollout aggrega-199

tion by using a Screw Tightening dataset.200

The base graph is built only from 100 suc-201

cessful expert demonstrations. We then re-202

serve 18 additional successful trajectories203

and 17 failed trajectories as held-out roll-204

outs. Each held-out rollout is temporarily205

inserted into the demonstration-only graph,206

scored by graph-retrieved progress (GRP), and removed before the next rollout is evaluated. Thus,207

held-out rollouts cannot exchange information with each other, and their outcomes are never used to208

define success states.209

This protocol tests whether GRP can provide a query-time progress signal for unseen online roll-210

outs before they are added to the training pool. Table 7 reports trajectory-level progress diagnostics.211

Terminal Progress is the progress value at the final sampled state of a rollout. Trajectory Avg.212

Progress averages progress over all sampled states in the rollout. Low-Progress State Ratio mea-213

sures the fraction of sampled states whose progress is below the low-progress threshold, indicating214

how often the rollout stays far from the demonstrated success manifold. Reachable State Ratio215

measures the fraction of sampled states that can reach a demonstration success node through the216
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graph. False Classification reports false negatives (FN) for held-out successful rollouts and false217

positives (FP) for failed rollouts.218

In this diagnostic split, GRP yields a large terminal-progress gap between held-out successful and219

failed rollouts. All failed trajectories receive zero terminal progress, while most held-out successful220

trajectories reach high terminal progress. This suggests that graph-retrieved progress can provide a221

useful query-time rollout score in this setting. As verified online rollouts are appended to the graph,222

the reachable state support expands, so the progress signal can become increasingly accurate without223

retraining a dense neural reward model.224

Table 7: Demo-only zero-shot progress evaluation. The graph is built from successful demon-
strations only. Held-out rollouts are inserted one at a time, scored by graph-retrieved progress, and
removed before the next rollout is evaluated. The diagnostic split yields a large terminal-progress
gap between held-out successful and failed rollouts.

Split # Traj.
Terminal
Progress

Trajectory

Avg. Progress

Low-Progress

State Ratio
Reachable
State Ratio

False
Classification

Held-out success 18 0.879 0.440 0.328 0.998 2/18 FN
Held-out failure 17 0.000 0.019 0.952 0.127 0/17 FP
Success–failure gap – 0.879 0.421 −0.624 0.871 –

Note: The demo-only base graph contains 8756 nodes, 8656 temporal edges, 9700 similarity edges, and 100 successful terminal nodes.

C Policy Improvement Evaluation Details and Single-task Backbone225

Compatibility Study226

This section provides the raw policy-evaluation protocol, baseline training details, and an additional227

controlled single-task backbone compatibility study for using GR-BC as a post-training interface228

beyond the X-VLA setting evaluated in the main four-task study.229

C.1 VLA Training Details230

The main iterative policy-learning study uses X-VLA [8] because it enables controlled multi-round231

real-robot evaluation under the same data and compute budget. The single-task backbone compati-232

bility study in Appendix C.2 additionally evaluates SmolVLA [9] and π0.5 [10]. Across backbones,233

GR-BC preserves the original supervised VLA loss and only changes the sample-level multiplier234

wt.235

C.2 Single-task Backbone Compatibility Study on Graphics Card236

The full iterative policy-learning comparison in Sec. 5.2 of the main paper uses X-VLA [8] for all237

baselines, since X-VLA allows controlled multi-round evaluation across four real-world tasks under238

the same compute and data budget. To test backbone compatibility in a controlled single-task study,239

we additionally evaluate the Graphics Card task with three different VLA backbones: SmolVLA [9],240

π0.5 [10], and X-VLA [8].241

In this study, we compare GR-BC with the DAgger-style uniform aggregation baseline under each242

backbone. The graph construction, GRP computation, transition weights, data split, and evaluation243

poses are kept fixed, while only the VLA backbone and its corresponding supervised training objec-244

tive are changed. For SmolVLA, which predicts a 50-frame action chunk, we use the same 30-frame245

GRP consequence horizon for weighting and apply the resulting sample-level weight to the full su-246

pervised chunk. This preserves a fixed graph-scoring interface while leaving the backbone-specific247

action objective unchanged. This setting supports backbone compatibility in a controlled single-task248

study, while leaving broader architecture and task coverage to future evaluation.249

As shown in Table 9 and Fig. 5, GR-BC improves over the DAgger-style baseline across all three250

VLA backbones on the Graphics Card task. The improvement is especially clear after the second and251

third post-training rounds, where graph-based consequence reweighting better exploits useful recov-252

ery and progress-making chunks from the aggregated rollout data. These results support backbone253
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Table 8: VLA post-training hyperparameters.

Parameter X-VLA SmolVLA π0.5

Input image resolution

Raw videos: 480× 640;
model inputs: 256× 256,
256× 256, 224× 224

480× 640 raw RGB videos;
padded to 512× 512

480× 640 raw RGB videos;
resized to 224× 224

Number of camera views 3 3 3

Action representation
8-D joint/gripper
command

8-D joint/gripper
command

8-D joint/gripper
command

Action chunk horizon N 30 frames 50 frames 30 frames

Hardware 4 NVIDIA H100 GPUs 4 NVIDIA H100 GPUs 4 NVIDIA H100 GPUs

Batch size
32 per GPU;
128 effective

32 per GPU;
128 effective

16 per GPU;
64 effective

Learning rate 1.0× 10−4 1.0× 10−4 2.5× 10−5

Optimizer
β = (0.9, 0.95);
wd = 1.0× 10−4

β = (0.9, 0.95);
wd = 1.0× 10−10

β = (0.9, 0.95);
wd = 1.0× 10−2

Training steps 20k 20k 40k
Training time 8h 6h 20h

Figure 5: Single-task backbone compatibility on Graphics Card. GR-BC improves over the DAgger-
style baseline across X-VLA, SmolVLA, and π0.5 in this controlled study.

compatibility in a controlled single-task study. Because GR-BC only multiplies the original super-254

vised VLA loss by the precomputed chunk weight wt, it can be applied to several supervised VLA255

objectives in this setting, including standard behavior cloning, diffusion-style action prediction [11],256

and flow-style action prediction.257

C.3 Policy Baseline Training Details258

All policy baselines start from the same BC checkpoint trained on successful demonstrations. The259

DAgger-style baseline aggregates shared-control rollout data and applies unweighted supervised260

training [12]; AWR uses action-value-derived weights [13]; RA-BC follows reward-weighted be-261

havior cloning using a learned progress or reward model such as SARM [5]; GR-BC uses graph-262

retrieved progress and does not train an extra neural reward, value, critic, or progress model. The263

AWR baseline is conceptually related to advantage-weighted and action-level off-policy VLA post-264

training methods [13, 14].265

Table 9: Single-task backbone compatibility study
on the Graphics Card task. We report success
rate (%) across behavior cloning initialization and
three iterative post-training rounds.

Backbone Method BC r = 1 r = 2 r = 3

X-VLA
DAgger-style 0 8 17 63

GR-BC 0 14 67 92

SmolVLA
DAgger-style 0 8 8 14

GR-BC 0 10 12 35

π0.5
DAgger-style 3 12 18 55

GR-BC 3 14 69 93

DAgger-style. We implement a DAgger-266

style uniform aggregation baseline inspired267

by Dataset Aggregation [12], adapted to our268

shared-control action-chunk setting. This is not269

a pure oracle-relabeling DAgger setup: we do270

not retroactively query an expert action for ev-271

ery learner-visited autonomous state. In each272

offline post-training round, rollout trajectories273

collected with SpaceMouse shared control are274

added to the dataset. Autonomous chunks use275

the action chunk actually executed by the pol-276

icy, while intervention chunks use the human277
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teleoperation or corrective action chunk. The278

new data is uniformly aggregated with the historical dataset Dr, and the policy is updated via the279

standard unweighted maximum-likelihood objective:280

LDAgger-style = E(st, g, at:t+N−1)∼Dr [LVLA(πϕ, st, g, at:t+N−1)] .

Unlike GR-BC, the DAgger-style baseline treats all aggregated transitions as equally positive su-281

pervision (wt = 1), meaning it does not evaluate the consequence of individual action chunks or282

mathematically distinguish between autonomous error segments and expert recovery segments.283

RA-BC. We implement Reward-Aligned Behavior Cloning (RA-BC) following the pipeline of284

SARM [5], which leverages a learned neural progress model to reweight imitation data. Since none285

of the compared progress pipelines uses multi-stage task segmentation, we use the same single-286

stage/single-mode setting for RA-BC: each successful trajectory is treated as one continuous stage,287

and its progress target is the normalized temporal position within that successful trajectory. We train288

Pθ(s) ∈ [0, 1] on successful demonstrations only, rather than adding rollout, failure, or intervention289

labels to the reward model. This avoids giving the learned reward baseline extra supervision beyond290

the single-stage progress interface; rollout and intervention data are still used in the downstream291

policy dataset, but not as reward-model labels. For each action chunk at:t+N−1 executed at state st,292

the trajectory impact is evaluated via the endpoint difference293

∆p̂t = Pθ(st+N )− Pθ(st).

In the LeRobot RA-BC loader, the default endpoint mode uses N frames ahead within the same294

episode, falls back to the last frame near episode end, and maps the progress delta ri = ∆p̂t into a295

sample weight using κ = 0.01 and ϵ = 10−6:296

w̃i = clip

(

ri − (µ− 2σ)

4σ + ϵ
, 0, 1

)

, wi = I[ri > κ] + I[0 ≤ ri ≤ κ]w̃i,

where µ and σ are computed over all valid progress deltas in the training split. Negative-progress297

chunks receive zero weight, missing deltas use the fallback weight 1.0, and each minibatch is renor-298

malized so the weights sum to the batch size. Because RA-BC does not retrieve dataset-supported299

remaining steps from a structural reachability graph, its continuous reward signal lacks topologi-300

cal granularity, making it prone to missing local execution errors such as slight misalignments or301

transient intra-chunk regressions.302

AWR. We implement AWR following the ALOE-style policy in our LeRobot codebase. The base-303

line has two stages. First, the actor is initialized from the same supervised VLA checkpoint and304

frozen while training an offline action-chunk critic. The critic is a Transformer over state, image to-305

kens, and the full action chunk, with hidden size 256, 6 layers, 8 attention heads, and two Q readout306

tokens; we take the minimum over the two heads as the pessimistic value Qpess. For a chunk with307

valid horizon h, the training reward is −1 per executed frame, with terminal reward 0 for successful308

episodes and −Lfail for failures, where Lfail defaults to the mean episode length for the task. The309

TD target is310

yt =

h−1
∑

j=0

γjrt+j + γh min
k

Qθ̄,k(st+h, ât+h:t+h+N−1, g),

with γ = 0.99; the bootstrap term is removed when the chunk reaches a terminal state. The next311

action chunk â is sampled from the frozen current policy and cached during replay construction. We312

optimize the critic for 50k steps with batch size 128, Adam lr 3× 10−4, cosine scheduling with 100313

warmup steps, gradient clipping at 1.0, and target-critic Polyak update weight 0.005. Second, we314

freeze the critic, score the aggregated policy-training chunks, and run a weighted behavior-cloning315

update from the same BC initialization. The critic defines the chunk advantage316

Aπ = Qpess(st, at:t+N−1, g)− V π(st, g),
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Table 10: Hyperparameters and recommended ranges for GR-BC.

Parameter Meaning Recommended range Effect

k Temporal subsampling interval 10–20 frames Controls graph density. Smaller values preserve fine

contact dynamics but increase graph size; larger values

reduce cost but may miss short regressions.

K Mutual KNN size per camera view 10–30 Controls similarity-edge recall. Larger values improve

connectivity but may introduce false visual neighbors.

αedge Adaptive similarity-edge threshold 0.8–1.2 Controls cross-trajectory stitching. Larger values im-

prove failure reachability; smaller values give more

conservative edges.

ϵc Stability constant for adaptive

length

10−5–10−3 Prevents unstable normalization when local visual scale

is very small.

Rmax Normalization scale for remaining

steps

95th percentile; 95–99th

percentile recommended

range

Maps remaining steps to normalized progress. A small

value saturates progress early; a large value compresses

progress differences.

N Action chunk horizon 20–40 frames Defines the lookahead for chunk consequence. Smaller

values give local credit; larger values capture longer ef-

fects but may mix behaviors.

δmin Minimum net progress threshold 0.001–0.005 Filters stagnant chunks caused by interpolation or visual

noise.

η Maximum allowed progress regres-

sion

0.02–0.05 Controls tolerance to transient regressions. Smaller val-

ues suppress unstable chunks; larger values keep more

recovery behavior.

βw Progress bonus amplitude 0.3–0.8 Controls the strength of reweighting among accepted

chunks.

γ Progress sensitivity 10–30 Controls how sharply weights respond to small progress

changes.

wmin Lower accepted-branch weight 0.3–0.7 Prevents accepted slow-progress chunks from being ig-

nored.

wmax Upper accepted-branch weight 1.3–2.0 Prevents a few high-progress chunks from dominating

training.

where V π is estimated by evaluating action chunks sampled from the current policy with the same317

critic. We convert the advantage into a clipped exponential weight,318

wAWR
t = exp(clip(Aπ/βAWR,−ϵclip, ϵclip)),

batch-normalize the weights to mean one, and use them to reweight the standard behavior-cloning319

objective. The temperature βAWR and clipping bound ϵclip are fixed globally for all tasks and rounds320

rather than tuned per task.321

D Graph Diagnostics, Representation Ablations, and Hyperparameter322

Analysis323

This section explains why the graph works, why MCR is used for node representation, how robust324

the method is to graph and weighting hyperparameters, and how shortest-path visualizations support325

the consequence-based weighting claim.326

D.1 Hyperparameter Analysis327

GR-BC contains three groups of hyperparameters: graph construction, progress normalization, and328

chunk-level weighting. This appendix reports diagnostic sensitivity checks on graph connectivity329

and chunk weights, followed by the default ranges used in our experiments. These checks are graph-330

level and weight-level diagnostics on the Assembly Model rollout set; they are not an exhaustive331

policy-retraining sweep over every hyperparameter.332

Table 11 reports two compact diagnostics supporting the ranges in Table 10. The left panel varies333

the temporal subsampling interval k under the same gripper-filtered graph rule. Smaller k increases334

graph size and edge count; k = 10–15 keeps high failure-rollout reachability, and k = 15 is335

our default cost–coverage tradeoff. The right panel varies the chunk-weight rule, where w = 0336

if ∆p30 ≤ δmin, otherwise w = clip(1 + βw tanh(γ∆p30), 0.5, 1.5). Increasing δmin makes the337

accepted set more selective and raises the zero-weight ratio, while larger βw and γ sharpen weight338

separation but remain bounded by wmax = 1.5.339
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Table 11: Hyperparameter sensitivity diagnostics.

Temporal subsampling

k Sim. edges Fail reach. Rmax Zero wt. High wt.

5 62,349 95.8% 125.0 26.8% 1.9%

10 30,221 97.5% 194.0 26.4% 21.7%

15 20,229 98.3% 255.0 24.6% 38.3%

Chunk weighting

δmin βw γ Accepted Zero wt. Mean wt. > 1 wt. p90 / max

0.003 0.3 10 72.7% 27.3% 0.811 72.7% 1.195 / 1.228

0.005 0.5 20 69.6% 30.4% 0.915 69.6% 1.457 / 1.482

0.010 0.5 20 63.2% 36.8% 0.845 63.2% 1.457 / 1.482

D.2 Encoder Comparison: R3M, MCR, and V-JEPA2.1340

Graph construction depends on whether the representation groups physically compatible manipula-341

tion states together. We compare MCR [1] with R3M [2] and two V-JEPA2.1 visual encoders [15].342

We focus on graph-level diagnostics, since visually plausible retrieval can still introduce harmful343

shortcuts when the retrieved states are dynamically incompatible. Figure 6 provides a qualitative344

overview of the resulting graph structure and progress behavior.345

Figure 6: Encoder comparison overview on the Assembly Model rollout dataset. The visualization
compares graph structure and progress behavior across R3M, MCR, and V-JEPA2.1 encoders under
the same graph-construction rule.

Table 12: Encoder comparison on the Assembly Model rollout dataset. All methods use stride 15,
history length 0, and the same multi-view consensus and gripper-consistency check. Arrows indicate
the preferred direction.

Encoder Sim. edges ↓ Rmax Reachable ↑ Mean regression ↓ Total variation ↓ End progress ↑ Encode time ↓

R3M 12913 145.1 96.3% 0.388 1.420 0.745 60.2s
MCR 9973 223.5 94.4% 0.437 1.289 0.713 64.3s
V-JEPA2.1-B/384 19310 129.4 96.9% 0.656 1.688 0.567 123.7s
V-JEPA2.1-L/384 18980 131.8 95.1% 0.642 1.655 0.562 176.9s

Table 12 summarizes the graph diagnostics. “Sim. edges” counts accepted non-temporal similar-346

ity edges after multi-view consensus and gripper-consistency checks. Unless otherwise specified,347

Rmax is the 95th percentile of finite shortest-path distances to success and is used for progress nor-348

malization; we recommend 95–99% as a robust range. “Reachable” measures the fraction of nodes349

connected to a success node. “Mean regression” and “Total variation” quantify backward progress350

jumps and overall progress smoothness. “End progress” is the average final episode progress, and351

“Encode time” is the feature extraction time for all sampled nodes and three camera views.352

R3M is competitive and even better on mean regression and encoding speed, while MCR yields a353

more conservative graph with lower total variation and fewer accepted similarity shortcuts. Both354

V-JEPA2.1 encoders are substantially slower and produce denser graphs with larger regression and355

variation. We choose MCR because it gives the most conservative graph among the compared356

encoders, with the lowest total variation and acceptable encoding cost.357

D.3 Multiple Successful Terminal Clusters358

We use Assembly Model as a diagnostic for multi-terminal success. The task admits multiple cor-359

rect terminal configurations, and our analysis recovers this structure directly: successful terminal360

nodes form two visually and physically distinct groups, as shown by the feature-space visualization361

and representative camera frames in Figure 7. Our graph connects all successful terminals to the362

virtual sink g⋆, so Rrec(s) is the shortest cost to the nearest reachable success mode rather than to a363
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single hand-specified goal. This supports the robustness of our pipeline under multi-modal success364

definitions.365

Figure 7: Multiple Success Modes on Assembly
Model.

The value p ∈ [0, 1] indicates the normal-366

ized trajectory progress. Labels m0 and m1367

correspond to two distinct successful execution368

modes, while fail denotes states from failed369

trajectories.370

D.4 Shortest-Path Visualization371

Figure 8 visualizes one recovered path from a372

failed state to a successful terminal state. In the373

visualization, E denotes the episode index and374

F denotes the frame index within that episode.375

The edge label T denotes a temporal transition376

within an episode, and S denotes a similarity-377

based bridge across episodes. Start and Goal378

mark the queried state and the recovered suc-379

cessful terminal state, respectively.380

This example shows that our pipeline does not381

discard failed data. Instead, failed states can be382

connected through similarity bridges to useful383

recovery segments and then routed toward suc-384

cessful terminals. Moreover, the path crosses385

different episodes and success modes, indicat-386

ing that the method can exploit shared sub-387

trajectories where different successful strategies intersect. As a result, the graph-based weight-388

ing captures reusable structure from both successful and failed demonstrations, enabling effective389

consequence-based credit assignment.390

Figure 8: Shortest-path visualization from a failed state to a successful terminal state. The path
alternates between temporal transitions and similarity bridges, showing how failed data can be routed
through reusable recovery segments.
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E Additional Progress Visualization391

Figure 9: Examples of Progress prediction on demonstration data.

Figure 10: Examples of Progress prediction on policy rollouts.
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