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Abstract

Generalist value models play a pivotal role in scaling robotic policy learning from large-scale, mixed-
quality data. Mathematically, accurate value estimation demands deep temporal understanding,
requiring models to both ground the current belief using historical context and plan over future
outcomes. However, most existing robotic value models are built on Vision-Language Model
(VLM) backbones that are pretrained primarily on static or temporally sparse visual observations,
lacking the requisite temporal modeling capabilities for value estimation. Unlike VLMs, world
models naturally excel at temporal modeling and future planning, making them ideal foundations
for learning generalizable value functions. Driven by this insight, we marry world models with
value estimation to construct a new generalist robotic value model, World Value Model (WVM),
that offers accurate task progressions to assess data quality. On standard benchmarks, WVM
delivers state-of-the-art (SOTA) Value-Order Correlation (VOC) results. Complementing standard
evaluation suites that contains only expert data, we further introduce Suboptimal-Value-Bench, a
multi-embodiment benchmark consisting of 800 suboptimal trajectories with high-fidelity, human-
labeled frame annotations. Our evaluations show that WVM maintains its SOTA performance on
Suboptimal-Value-Bench, establishing its robustness in handling both expert and suboptimal data.
When deployed for policy learning, WVM improves manipulation performance across various policy
extraction approaches in both simulated and real-world deployment, providing robust guidance for
learning from mixed-quality data.
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Figure 1: Overview of World Value Models and Suboptimal-Value-Bench. WVM leverages the world models to
estimate temporally grounded task progress from videos, enabling the reliable detection of suboptimal behaviors such as
hesitation and retry. Evaluated on Suboptimal-Value-Bench, our new 800-trajectory multi-embodiment benchmark, WVM
significantly enhances both high-fidelity value estimation and downstream policy learning.
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1 Introduction

Generalist value models serve as a cornerstone for scaling robotic policy learning from vast and heterogeneous
datasets [7, 15, 28, 75, 76|, providing learning signals for large scale real-world RL systems [30, 49, 69] as well
as offline data filters [19, 21]. At its core, accurate value estimation requires a dual capability: a thorough
comprehension of past temporal contexts [14, 22, 23, 67], combined with prospective forward-looking planning
over long-term future outcomes [13, 46, 57, 59]. However, merging these temporal dimensions into a single
value estimator remains a formidable challenge in practice [2, 4, 18, 50, 55].

Existing value models, despite their notable promise, struggle to deliver high-fidelity progress estimations
because they are hindered by three primary bottlenecks: (1) inefficiencies in value learning due to a heavy
dependence on scalar value supervision [61, 73], (2) limited generalization resulting from narrow, task-specific
customization [19, 30, 39, 69], and (3) impaired temporal understanding and future planning capabilities, a
direct consequence of the sparse visual modeling characteristic of underlying VLMs [6, 26, 43, 61, 73].

World models have achieved notable success in modeling temporal dynamics and forecasting future states across
both video generation [38, 58, 64] and robotic manipulation [29, 48, 71], demonstrating strong capabilities
in spatial and temporal understanding. Consequently, they inherently possess the dual properties required
by a generalist value estimator. Driven by this, our key insight is that the spatiotemporal priors embedded
in world models can be repurposed as a powerful foundation for value learning. We introduce WVM, a
World Value Model engineered to inherit rich spatial-temporal priors from a pretrained video world model.
Specifically, WVM couples the video stream with a lightweight value Diffusion-Transformer (DiT) [52] via
a Mixture-of-Transformers (MoT) [33] architecture. This design allows value tokens to selectively attend
to structural video latents while minimizing representation interference with the video generation stream
during training. To achieve comprehensive value learning over large-scale data corpus, WVM formulates
the value function as a distributional value chunk trained by flow matching [34]. This formulation provides
dense training signals and enhanced expressiveness, thereby yielding superior value estimation performance
compared to traditional scalar supervision and conventional categorical distributions [3, 10]. Finally, a suite
of augmentations, including video rewinding [74] and value prefix randomization, are applied during training,
empowering WVM to robust prediction both optimal and suboptimal task progress during inference.

When evaluating generalist value models, current practices mainly rely either on qualitative human visual
comparisons or on non-scalable downstream policy performance. Another common choice is VOC [43], but it
can only reflect value models’ task progress awareness on optimal trajectories. To address these limitations, we
introduce Suboptimal-Value-Bench, a multi-embodiment benchmark comprising 800 trajectories paired with
human-annotated ground-truth task progress. Featuring two prevalent suboptimal behavioral modes—retries
and hesitations—Suboptimal-Value-Bench enables a comprehensive evaluation of generalist value models that
extends far beyond the scope of existing metrics.

Experiments show that WVM can generate values with higher qualities than value-model baselines on both
Suboptimal-Value-Bench and expert VOC. Also the ablations validate the necessity of our world-model prior
and core architectural choices. Beyond standalone value quality evaluation, integrating WVM into downstream
policy learning yields substantial performance gains with only noisy-data in both simulation and real-world
manipulation tasks. We will make WVM and Suboptimal-Value-Bench available to support the community.

Our main contributions are threefold:

(1) We repurpose world models as foundational backbones for robotic value learning, leveraging their rich
spatiotemporal priors to overcome the limitations of standard VLMs.

(2) WVM is the first large-scale value flow model that formulates value functions as distributional chunks.
Complemented by simple-yet-effective design choices, WVM achieves SOTA performance across diverse
benchmarks and proven to be effective for policy improvement.



(3) We introduce Suboptimal-Value-Bench, a new evaluation suite featuring dense, human-labeled suboptimal
trajectories tailored for value model evaluations.

2 Related Work

Value models for robotic manipulation. Existing robotic value models face three persistent bottlenecks
as generalist progress estimators. First, scalar value regression on high-dimensional observations provides a
sparse, low-information supervision signal, yielding sample-inefficient training and brittle predictions when
scaled to heterogeneous video corpora [61, 73]. Second, many value models [19, 30, 69] are tightly tailored
to a single task and thus cannot serve as a generalist progress estimator. Third, generalist value estimators
built on pretrained VLM backbones [6, 26, 31, 43, 61, 73] inherit a representation optimized for static or
temporally sparse images, and thus cannot capture dense temporal dynamics. While ViVa [39] represents
the closest attempt to ours by building upon video models, it is confined to single-task settings and remains
fundamentally restricted to action-annotated data. To address these limitations, WVM reformulates value
estimation as a distributional chunk, enabling scalable, multi-task learning across massive, action-free video
datasets by leveraging expressive visual-physical priors from a pretrained video world model.

World models for robotic manipulation. World models [1, 8, 12] have recently gained prominent
traction in robotic manipulation through the emergence of World Action Models (WAMSs) [65, 71], which
jointly model action-conditioned visual dynamics. Prior works [25, 29, 40, 48, 62, 70, 71] demonstrate that
such video priors significantly boost learning efficiency by leveraging the world model’s innate capacities for
both temporal reasoning and forward prediction. Building upon this, Fast-WAM [72] illustrates that operating
future predictions entirely within the latent space retains these representational benefits without the need
for explicit pixel-level decoding [36, 44]. Shifting away from these predominantly policy-centric deployments,
WVM repurposes latent video priors for value estimation. Through a MoT design, our framework preserves
the backbone’s intrinsic video-modeling capacity while successfully deriving robust value predictions from its
latent temporal features.

Evaluation of robotic value models. Quantifying the performance of robotic value models remains
a critical challenge [31, 43]. Early works [27, 41, 42, 45] rely on qualitative curve inspection, which does
not scale to systematic comparison. Another line of work [61, 73] measures value quality indirectly through
downstream policy success, entangling value fidelity with policy choice and incurring substantial computational
overhead. GVL [43] proposes Value-Order Correlation (VOC), but its monotonicity criterion only applies
to expert trajectories, and thus lacks assessment for suboptimal segments. Complementing all three, our
Suboptimal-Value-Bench evaluates value models on human-annotated hesitation and retry trajectories, directly
reflecting their ability to flag suboptimal segments.

3 Method

3.1 Problem Formulation

We formulate value estimation as a chunk-wise prediction problem. Given an h-frame observation sequence
ot—n+1:¢+ and a language instruction [, the value model defines a conditional distribution over a length-h
sequence of per-frame values:

pw(@t7h+1:t | Ot—h+41:t5 l)7 (1)

where ¥t_p41:+ € [0, 1]h. Here, v; = t/T denotes the normalized task progress, where T is the total trajectory
length. Modeling the full length-A chunk instead of an isolated scalar enables the value model to capture
local progress profiles—such as plateaus and regressions—that are pivotal for tracking temporal dynamics.
Classically, a value function in reinforcement learning (RL) is defined as the expected discounted sum of

future rewards [56, 60]:
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Figure 2 WVM'’s architecture, prefix randomization and chunk overlapping scheme.

where 7,/ is the step-level reward and v € (0, 1] is the discount factor. Under the canonical sparse-reward
setting where 7 = —1 for non-terminal steps and 0 at task completion, V' (0;) reduces to the negative expected
distance-to-goal, rendering value estimation equivalent to task-progress prediction. By construction, the value
function thereby intrinsically focuses on future outcomes [11]. This perspective naturally motivates utilizing a
video world model M, as a rich feature extractor for value estimation:

Doy (Op—ht1:t | Ot—hg1:t5 1) = Doy (Os—hg1:t | Mo (04—nt1:t, 1)). (3)

3.2 WVM Architecture

As illustrated in Fig. 2, WVM instantiates Eq. 3 via a video DiT, a value DiT, and Multi-model self attention
to enable the value stream capitalize temporal video features.

Video stream. WVM uses the video VAE and video DiT of Wan2.2 [64] as the world-modeling stream. For
a value chunk anchored at the time window [t — h + 1,t], we first feed the video VAE a clean video clip with
length (2h + 1) consisting of one prefix frame, the current observation frames, and the target future frames:

Ot—h I ot—nsre | Ot41t4n - (4)
—— ———
1-frame prefix h current frames h future frames

The VAE encodes the clip into three temporal latents: we discard the prefix latent, keep the current latent as
context, and corrupt the future latent for video-generation denoising.

Value stream and MoT coupling. The value stream is a lightweight DiT that mirrors the architecture
of the video DiT with substantially fewer parameters. It predicts the value chunk o;_p 1.4 from noisy value
tokens while attending to intermediate video-DiT features through MoT multi-modal self-attention. We adopt
an asymmetric attention mask: value tokens attend to current video tokens but video tokens never attend to
value tokens [72].

3.3 Training

Training objective. We apply flow matching [34, 35, 37] to the supervised video and value tokens. Let y
denote either the future video latents & 1.1y or the value chunk v;_p 1.+, and let fy, denote the corresponding
velocity predictor. We sample noise € ~ A(0,T) and a time step 7 € (0, 1), construct the interpolated sample
yr =7y + (1 — 7)€, and train fy to predict the velocity field y — e:

Lev(y) = Ey e - [ | foyr, 75 0t—ns1ies 1) — (y — e)||§} . (5)

Instantiating Eq. 5 on the value chunk v;_p11.+ and the future video latents £;41.445 gives

Evalue - EFM(vt—h+1:t)a Evideo - £FM (§t+1:t+h)- (6)
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Figure 3 Setup of Suboptimal-Value-Bench, and blue arrows ( ) schematically illustrate the per-frame human-
annotated value curve under suboptimal modes (hesitation and retry).

The overall objective is
L = Lvalue + A Evideo: (7)

where A controls the weight of video co-training; see Appendix A for details.

Prefix randomization. Inference with value chunk overlapping improves chunk continuity but can introduce
a shortcut, allowing the value stream to extrapolate from this prefix without visual evidence. To prevent
this behavior, we apply prefix randomization during training, analogous to the conditioning dropout in
classifier-free guidance (CFG) [16, 32]: with probability p, the prefix value is replaced by a random scalar
sampled uniformly from [0, 1]; otherwise, the prefix is retained. The loss is applied only to the remaining
value tokens [5]. Mixing clean and randomized prefixes preserves inter-chunk continuity while preventing the
value stream from taking the prefix as a shortcut. We ablate p in Section 5.3.

Video rewinding. Expert trajectories provide solely monotonic progress labels, offering limited supervision
for plateaus or regressions. Following ReWiND [74], we apply chunk-level rewind augmentation: for each
window o;_p41:¢, we sample one of three temporal patterns over the h frames—rising, plateau or descending—
by preserving, repeating or reversing the frames, with v;_p4 1.+ relabeled accordingly. This exposes the value
stream to local progress profiles associated with smooth advancement, hesitation and retry.

4 Suboptimal-Value-Bench

Real robot datasets commonly exhibit suboptimal segments (e.g., hesitation and retry) that are pivotal for
practical value estimation. We present Suboptimal-Value-Bench, a benchmark consisting of 800 human-
annotated trajectories across three embodiments and 15 tasks, with each frame augmented by a dense value
curve focusing on hesitation and retry (Figure 3). We refer the reader to Appendix B for comprehensive
dataset details.

4.1 Hesitation Segments

During a hesitation segment, the robot either remains stationary or executes task-irrelevant micro-movements
rather than advancing the task progress. This behavior typically arises from teleoperator cognitive pauses (e.g.,
searching for a visual target) or physical hardware constraints (e.g., deceleration near joint limits). Therefore
the task progress remains invariant throughout the segment. Because the standard VOC metric is ill-defined
for invariant target trajectories [51], we evaluate hesitation segments using the Root Mean Squared Error:

Hesitation-RMSE = (A — )2, (8)
|H| o

where H denotes the set of frames within a hesitation segment, and v; represents the constant ground-truth
value over that interval. This metric explicitly penalizes prediction drift; a model that maintains a constant,



Hesitation RMSE| GVL VLAC Robometer TopReward WVM

Suboptimal-AgileX 0.11 0.47 0.13 0.36 0.12 0.41 0.07
Suboptimal-ARX 0.14 0.50 0.12 0.24 0.17 0.52 0.05
Suboptimal-RoboSuite  0.16 0.54 0.16 0.33 0.31 0.51 0.04
Average 0.14 051 0.14 0.31 0.21 0.49 0.05

Table 1 Evaluation of Hesitation-RMSE on Suboptimal-Value-Bench.

accurate prediction achieves an error of zero, whereas fluctuating predictions incur a higher RMSE proportional
to their tracking deviation.

4.2 Retry Segments

A retry episode is characterized by a failed manipulation attempt—such as an unsuccessful grasp—followed
by a release and retraction phase prior to the subsequent attempt. Since capturing the resulting drop in
value is paramount to identifying retries, our evaluation isolates temporal windows that exhibit monotonically
decreasing ground-truth progress. We assess a value model’s capacity to track this downward trend by
restricting the VOC calculation exclusively to these windows, reporting the metric as Retry-VOC. A perfectly
tracking, monotonically decreasing prediction yields a maximum score of +1, whereas an inverse, monotonically
increasing prediction receives the worst-case score of —1.

5 Experiments

We first analyze the quality of value predictions across both Suboptimal-Value-Bench and standard expert
trajectories (Section 5.1). We then investigate whether WVM can facilitate downstream policy acquisition
(Section 5.2). Finally, we conduct comprehensive ablation studies to dissect the contributions of our key
design choices (Section 5.3).

5.1 Value Estimation Quality

Benchmarks and baselines. We evaluate value estimation performance on both Suboptimal-Value-Bench
and standard VOC benchmarks. We compare our approach against six competitive baselines: GVL [43],
VLAC [73], Robometer [31], TopReward [6], RoboReward [26], and Robo-Dopamine [61]. Detailed standard
VOC dataset settings and baseline implementation details are provided in Appendix C and Appendix D,
respectively.

Performance on Suboptimal-Value-Bench. As shown in Table 1, WVM consistently achieves the lowest
Hesitation-RMSE across all three embodiments. Crucially, it reduces the average error to 0.05, outperforming
the strongest baselines, GVL and Robometer (both 0.14), by a substantial margin. These findings validate
that WVM provides superior value estimation stability, effectively mitigating prediction drift during periods
of task-invariant stagnation. Similarly, Table 2 reveals a comparable performance advantage for WVM within
retry phases. Specifically, our method secures the top Retry-VOC score across all embodiments, boosting the
average metric from 0.62 to 0.78. Finally, qualitative comparisons in Figure 4 show that the hesitation and

Retry VOC 1 GVL VLAC Robometer TopReward WVM
Suboptimal-AgileX 0.73 -0.37 0.32 0.15 0.79
Suboptimal-ARX 0.76 /t -0.27 -0.19 0.79
Suboptimal-RoboSuite 0.43 / -0.37 0.00 0.75
Average 0.62 -0.37 -0.16 0.00 0.78

Table 2 Evaluation of Retry-VOC on Suboptimal-Value-Bench.

14/ marks an ill-defined VOC, which holds consistently for RoboReward and Robo-Dopamine.
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Figure 4 Qualitative value comparison results. From top to bottom: (a) Hesitation: gripper pauses before catching
the doll; (b) Retry: gripper backtracks after an unsuccessful grasp; (c) Expert: gripper successfully catches the doll
and puts it on the box.

Expert VOC 1 GVL VLAC Robometer TopReward RoboReward Robo-Dopamine WVM
OXE 0.67 0.48 0.63 0.19 0.92 0.72 0.94
RoboCOIN 0.70 0.60 0.77 0.47 0.85 0.75 0.95
EgoDex 0.82 0.62 0.86 0.37 0.95 0.88 0.92

Self-collected (3 embodiments) 0.93  0.50 0.93 0.58 0.84 0.76 0.99
Average 0.78 0.59 0.81 0.42 0.88 0.82 0.95

Table 3 Value-Order Correlation on expert demonstrations.

retry segments flagged by WVM align closely with human intuition, consistent with its superior performance
on Suboptimal-Value-Bench.

Performance on Expert-VOC. As shown in Table 3, WVM also leads on clean expert trajectories,
achieving the highest average VOC score of 0.95 versus 0.88 for the strongest baseline and ranking first on five
of the six datasets. It exceeds 0.99 on all three self-collected datasets, confirming strong monotonic tracking
on clean demonstrations. The sole exception is EgoDex, where RoboReward slightly outperforms WVM (0.95
vs. 0.92), exposing limitations of Expert-VOC as a metric for value models that we revisit in Section 5.3.

5.2 Downstream Policy Learning

Experimental setup. We evaluate downstream policy learning across three simulated RoboSuite tasks and
three real-world AgileX bimanual manipulation tasks, with their experimental setups illustrated in Figure 5.
We employ 7 5-base [20] as our foundational policy. For policy finetuning, we exclusively utilize suboptimal
data, consisting of only 10 trajectories for each simulated task and 50 trajectories for each real-world task.
Additional implementation details are provided in Appendix E.

Policy improvement. Building upon vanilla Behavioral Cloning (BC), we evaluate Advantage Weighted
Regression (AWR) [53, 54] alongside two variants of Filtered BC: a binary filter that exclusively retains

-

(a) Stack cubes (b) Put cereal in tray  (c) Put milk in tray (d) Put mouse in box (e) Put shrimp in pot (f) Put marker in holder

Figure 5 Task setups for downstream policy learning experiments.
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Figure 6 Policy improvement results by combining WVM with AWR and Filtered BC.
. Video DiT variants Prefix rand. Value head
Metric Ours
w/0 Lyideo  scratch  frozen  p=0 p=1  HL-Gaussian
Hesitation-RMSE |  0.05 0.08 0.08 0.12 0.09 0.05 0.06
Retry-VOC 1 0.78 0.68 0.62 0.45 0.67 0.75 0.59
Expert-VOC 1 0.95 0.95 0.96 0.92 098 0.91 0.87

Table 4 Ablation results of WVM’s design choices.

trajectory segments with positive advantages [30], and a percentile filter that preserves the top 70% of segments
ranked by WVM values [19]. As demonstrated in Figure 6, all three WVM-guided variants consistently
outperform the vanilla BC baseline across both simulated and physical environments. These experimental
results validate that WVM can truly distinguish genuine task progress from suboptimal behaviors, thereby
enabling the downstream policy to leverage imperfect data more effectively.

5.3 Ablation Study

To evaluate key design choices of WV M, we conduct ablation studies and summarize results in Table 4. Unless
specified otherwise, other components maintain the default configurations.

Video co-training (). Omitting the video co-training objective (Lyideo) consistently degrades performance
across all Suboptimal-Value-Bench metrics. Specifically, Hesitation-RMSE increases from 0.05 to 0.08 and
Retry-VOC drops from 0.78 to 0.68, even though the pretrained video DiT continues to be optimized via the
value-gradient pathway. Furthermore, training the video stream from random initialization reduces Retry-VOC
to 0.62, whereas completely freezing the video weights yields the most severe performance degradation (0.12
Hesitation-RMSE and 0.45 Retry-VOC). These empirical findings underscore that explicit video co-training is
indispensable for the value model to capture underlying temporal dynamics, thereby validating the central

premise of WVM: a continuously co-trained video world model serves as a principled and effective backbone
for value estimation.

Prefix randomization (p). The prefix randomization ratio p manages the trade-off between temporal
shortcut suppression and inter-chunk continuity. Without randomization (p=0), Hesitation-RMSE worsens
to 0.09 and Retry-VOC drops to 0.67, whereas Expert-VOC increases to 0.98. This divergence exposes a
pathological over-reliance on prefixes as a causal shortcut, confirming Expert-VOC is an insufficient standalone
metric for value models. Conversely, full masking (p=1) recovers retry detection (0.75) but drops Expert-VOC
to 0.91 due to disrupted cross-chunk consistency. WVM’s p=0.5 achieves the optimal balance, maximizing
robustness on Suboptimal-Value-Bench and expert trajectories.



Value head design. Distributional value heads are widely adopted in value learning [3, 10, 19, 30]. Replacing
our flow-matching head with an HL-Gaussian alternative (Appendix F) degrades all metrics, with a marginal
increase in Hesitation-RMSE (0.05 — 0.06) and a sharp decline in discriminative scores. This underscores a
core limitation of categorical heads: their fixed, pre-specified bin support preserves the conditional mean but
discards the fine-grained density variations needed by ordinal metrics. Conversely, our flow-matching head
captures a continuous return density without bounding the support or resolution, retaining the local value
differentials critical for ranking temporally adjacent chunks [9].

6 Conclusion

We introduce WVM, a generalist robotic value flow model rooted in the predictive capabilities of a pretrained
world model. Inheriting its native strengths in historical grounding and future planning, WVM delivers
SOTA results across both standard benchmarks and our new Suboptimal-Value-Bench —a multi-embodiment
suite of 800 high-fidelity suboptimal trajectories with frame-level human annotations, complementing expert-
only evaluations. Downstream deployments in simulation and reality confirm that this world-model-derived
architecture offers robust and effective guidance for learning from mixed-quality data.

7 Limitations

While WVM demonstrates strong performance, several limitations remain. First, due to computational
constraints, our training dataset is currently limited in scale; consequently, WVM exhibits restricted zero-shot
capacity when confronted with entirely unseen tasks and scenes. Second, although Suboptimal-Value-Bench
broadens evaluation beyond expert-only demonstrations, its scope is primarily focused on pick-and-place tasks.
Expanding the benchmark to more dexterous [30, 76] and long-horizon manipulations [63, 66] is a critical
next step. We plan to scale up both training mixture and evaluation diversity in future work.



Appendix

A Implementation Details

Architecture. We build the video stream of WVM upon the publicly released WAN2.2-TI12V-5B check-
point [64]. The accompanying Wan2.2-VAE compresses input videos by a factor of 4 x 16 x 16 along the
temporal and spatial axes, yielding a 48-channel spatiotemporal latent. This latent is further patchified with a
patch size of (1,2,2) before entering the transformer. The video DiT is a 30-layer Diffusion Transformer with
a hidden dimension of 3072 (24 attention heads, head dimension 128) and an FFN width of 14336, totaling
approximately 5.0B parameters. The value DiT shares the same depth but operates at a reduced hidden width
of 512, configured with 8 self/cross-attention heads (head dimension 64) and a matching FFN width of 14336.
At each layer, the two streams are coupled via Mixture-of-Transformers (MoT) self-attention: video tokens
retain the inherited Wan2.2 query/key/value projections, whereas value tokens are linearly projected from 512
to the shared attention width of 3072 (24 heads, head dimension 128) to participate in joint attention, before
being projected back to 512 at the layer output. Crucially, the MoT attention mask is asymmetric, enabling
value tokens to attend to the video latents while ensuring the video stream remains completely unaffected by
the value stream. The additional value-side components (projections, cross-attention, FFN, adaptive-norm
tables, and input/output heads) contribute roughly 0.7B trainable parameters, bringing the full two-stream
transformer to approximately 5.7B parameters. During training, both streams are optimized jointly, while the
Wan2.2-VAE is frozen as a tokenizer and the T5 text encoder is executed offline to precompute static text
embeddings.

Training. The complete set of hyperparameters used for the main WVM run is summarised in Table A.1.

Category Setting

Hardware 32x NVIDIA A100-SXM4-40 GB
Wall-clock training time ~ 40 hours

Optimizer AdamW

B1 0.9

B2 0.95

Weight decay 0

Gradient clipping (max norm) 1.0

Peak learning rate 1x10~4

LR schedule Cosine decay to 0.1x peak
‘Warm-up steps 500

Global batch size 1024

Total training steps 30,000

Mixed precision bfloat16 (bf16)

Prefix randomization ratio p 0.5

Rewind ratio 0.5

Rewind plateau ratio 0.1

Value chunk length h 4

Latent target FPS 2.0 (3.0 for AgileX / ARX self-collected data)
Video co-training weight A 1.0

Table A.1 Training hyperparameters used for the main WVM run.

Inference. At test time, WVM denoises the value chunk with an explicit Euler solver applied to the learned
flow-matching velocity field, and we use only a single denoising step for all reported results. Empirically, using
more denoising steps does not yield measurable gains on either Suboptimal-Value-Bench or Expert-VOC. We
attribute this to the regime in which WVM operates: relative to its model capacity, the training corpus is
moderate in size, so the learned velocity field is sufficiently smooth that one Euler step already lands close to
the ground-truth value chunk, and additional refinement provides no further signal. Inference is performed
with a chunk size of h=4 and the overlapping-window averaging scheme described in Section 3.2.
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Training dataset mixture. The composition of the training mixture used to pre-train WVM is summarised
in Table A.2. We report each source along two granularities: “Subsets” counts the distinct subsets enumerated
within the source, while “Trajectories” counts demonstrations. The semantics of a subset depends on the
source: for the four self-collected sources (RoboSuite, AgileX single-arm, AgileX dual-arm, ARX) , one
subset corresponds to exactly one task; for RoboCOIN, EgoDex, and RoboReward, one subset may bundle
one or several tasks—specifically, a scene-language pair for RoboCOIN, a top-level task category covering
many distinct language instructions for EgoDex, and a constituent sub-dataset for RoboReward. The same
convention applies to Table C.4.

Data source Type Subsets Trajectories Hours FPS
RoboCOIN [68]? Real-world 432 98,171 673.80 30, 50
EgoDex [17] Real-world 111 299,100 688.56 30
RoboReward [26]3 Real-world 29 7,428 36.01 10
RoboSuite (ours) Simulation 6 1,865 11.32 10
AgileX single-arm (ours) Real-world 4 160 0.39 15
AgileX dual-arm (ours) Real-world 3 120 0.26 15
ARX (ours) Real-world 5 242 0.50 15
Total — 590 407,086 1,410.83 —

Table A.2 Composition of the training mixture used to pre-train WVM. “Subsets” uses the source-specific semantics
defined in the surrounding text. “FPS” lists the native frame rates available in each source before resampling.

B Suboptimal-Value-Bench Details

Per-task statistics. Suboptimal-Value-Bench covers three embodiments (AgileX, ARX, RoboSuite) and 15
manipulation tasks, with each task instantiated as two trajectory groups corresponding to the two suboptimal
modes (hesitation and retry). The full per-task breakdown is provided in Table B.3.

Annotation tool. Manually labelling every frame of 800 trajectories is prohibitively expensive. To accelerate
annotation while preserving label quality, we adopt a two-stage pipeline. In the first stage, each trajectory is
fed to a proprietary large vision-language model through its public API to obtain an initial coarse segmentation
of non-progress intervals. Frames are sampled at a downsampled frame rate, prefixed with their index, and
submitted together with the natural-language task description using the following prompt:

Below are frames sampled from a {fps:.0f}fps robot manipulation video
(total {frames[-1][0]} frames). Each frame is preceded by its frame
index label [frame=N].

{frames_block}
The task is: "{task_description}".

Please analyze the full trajectory and identify segments where the

robot is NOT making forward progress toward completing the task.

A segment is "not forward progress" if during that time the task

state is stalled or regressing, for example:

- The robot is stuck, hesitating, or repeating a motion without
advancing the task.

- The task state is going backwards (e.g. an object was dropped,
knocked away, or released unnecessarily).

- The robot is performing motions that do not bring it closer to
task completion.

Do NOT flag segments where the robot is actively and successfully

2We use the snapshot of all RoboCOIN data available as of 2026-01-12.

3We use the train split of the RoboReward open-source release and retain only the successful demonstrations with the
maximum reward label of 5. For the DROID portion, which provides both left- and right-camera views, we keep only the left
view.
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Embodiment Task Arm Hesitation Retry Total Duration (min)

carrot off plate single 25 25 50 9.9
carrot on plate single 25 25 50 10.1
AgileX (real) mickey box dual 25 25 50 11.1
sausage pot dual 25 25 50 11.0
Subtotal — 100 100 200 42.0
flip bottles dual 15 15 30 5.1
open box dual 20 20 40 7.4
li .
ARX (real) split cups dual 15 15 30 5.9
stack bowls dual 50 50 100 16.3
stack cups dual 50 50 100 16.6
Subtotal — 150 150 300 51.8
lift single 25 25 50 14.0
pick & place bread single 25 25 50 20.4
pick & place can single 25 25 50 23.3
RoboSuite (sim) pick & place cereal single 25 25 50 23.3
pick & place milk single 25 25 50 21.3
stack single 25 25 50 17.6
Subtotal — 150 150 300 119.9
Total — — 400 400 800 213.2

Table B.3 Per-task composition of Suboptimal-Value-Bench. Each task contributes two trajectory groups, one per
suboptimal mode (hesitation and retry); the columns “Hesitation” and “Retry” report the trajectory count in each
group.

advancing toward the goal, even if the motion is slow.

Output a JSON object with the following format (NO extra text
outside the JSON):
{
"non_progress_segments": [
{
"start_frame": <int>,
"end_frame": <int>,
"description": "<brief description of why this segment is
not forward progress>"
¥
1,
"task_completed": <true or false>,
"summary": "<one-sentence summary>"

}

If the entire trajectory is efficient with no wasted time, return
an empty non_progress_segments list.

The model returns, for every trajectory, a set of candidate non-progress intervals together with a one-sentence
rationale. In the second stage, human annotators inspect each candidate interval in a custom labelling interface
(Figure B.1), correct its boundaries at frame-level resolution. The interface displays the trajectory video
together with a frame-aligned timeline of the VLM-proposed segments, and allows annotators to drag segment
endpoints, split or merge intervals, and re-play any sub-clip. Trajectories whose VLM proposal is empty are
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still presented to annotators in full to avoid silent omissions. This pre-segmentation step substantially reduces
the search effort of human labellers while leaving all final boundaries and labels under human control.

Figure B.1 Human verification interface used to refine the VLM-proposed non-progress intervals. Annotators can
replay the trajectory video, adjust segment boundaries at frame-level resolution.

Per-frame label to ground-truth value. For every trajectory the human annotation provides a suboptimal
type (hesitation or retry) together with three integers: the inclusive endpoints m,n (0 <m <n <T —1) of
the suboptimal segment and the total trajectory length 7. We then construct the per-frame ground-truth
value v; € [0, 1] as a four-point piecewise-linear curve through the control points

(0,0), (m,vn), (n,v,), (T—1,1), (B.1)

with v; obtained by linear interpolation between adjacent control points (frames outside [0, T — 1] are clamped
to 0 or 1). Let x = n — m denote the length of the suboptimal segment. The values v,,, v, are chosen so that
the resulting curve reflects the semantics of each suboptimal mode:

Hesitation. During [m,n] the robot does not advance the task—it either remains stationary or executes
task-irrelevant micro-movements—and then resumes at the same effective speed, so the segment is a plateau
in progress space and the remaining T'— 1 — x effective frames evenly cover the unit progress:
m
Uy = Uy = ——. B.2
m n T_1_g ( )
The three slopes become ﬁ, 0, and ﬁ, giving a piecewise curve that advances at a constant effective
rate before and after the plateau.

Retry. We model the retry as a uniform-speed retraction: during [m,n] the robot moves backward at the
same per-frame rate r at which it normally advances forward, an assumption we find well supported by the
retry trajectories in our data. Out of the T trajectory frames, x are spent retracting and a further x forward
frames are needed to re-earn the lost progress, leaving only 1" — 2x frames of net forward motion to cover the
unit interval; hence r = 1/(T — 2z). Concretely,

U = v, = max{0, ==L ). B.3
T—2x

13



When the retry happens late enough that n < 2m, the three segments share the same absolute slope ﬁ
with the middle segment negative, producing a symmetric “V” over the retry interval. When the retry is
unusually long (n > 2m), v,, would otherwise be negative and is clamped to 0, so the curve drops linearly
from vy, to 0 and then re-climbs to 1 over the remaining (7' — 1 — n) frames; this preserves the semantics that
progress cannot fall below zero.

We use these piecewise-linear curves as the ground truth for both the Hesitation-RMSE and Retry-VOC
metrics in Section 4.

C Expert VOC Dataset Composition

The composition of the evaluation set used for Expert-VOC is summarised in Table C.4. It covers three public
corpora (OXE, RoboCOIN, EgoDex) and four self-collected expert sets that match the embodiments used in
Suboptimal-Value-Bench. All trajectories are held out from the WVM training mixture in Table A.2 at the
trajectory level to avoid leakage.

Data source Type Subsets Trajectories Hours FPS
RoboCOIN [68] Real-world 318 641 3.02 30
EgoDex [17] Real-world 13 588 1.04 30
OXE [47] Real-world 10 146 0.58 10
AgileX single-arm (ours) Real-world 4 40 0.10 15
AgileX dual-arm (ours) Real-world 3 30 0.07 15
ARX (ours) Real-world 5 61 0.13 15
RoboSuite (ours) Simulation 6 99 0.60 10
Total — 359 1,605 5.52 —

Table C.4 Composition of the evaluation set used for Expert-VOC. “Subsets” follows the same source-specific semantics
as in Table A.2 (see the “Training dataset mixture” paragraph for the per-source definition). The four self-collected
sources cover the same three embodiments (AgileX, ARX, RoboSuite) used by Suboptimal-Value-Bench, and are
reported as a single “Self-collected (3 embodiments)” row in the main paper (Table 3).

Overall protocol. Unless stated otherwise, the Expert-VOC pool for each data source is obtained by
uniformly sampling 5% of its trajectories at random; the remaining 95% are retained in the WVM training
mixture (Table A.2), so the two splits are disjoint at the trajectory level and the held-out set is never seen
during training. The source-specific deviations from this default are detailed below.

OXE [47]. Our OXE trajectories are drawn from the RoboReward [26] open-source release rather than
the raw OXE distribution; concretely, we re-use exactly the same filtered pool (train split, reward = 5
successes, DROID left view only) described in the footnote of Table A.2, and the per-source selection protocol
below operates on top of that pool. OXE itself aggregates many sub-datasets whose trajectory quality varies
substantially, so a uniform random 5% sample over this pool would still pull low-quality trajectories into the
expert set. We adopt the per-dataset VOC ranking reported by GVL [43] as a quality proxy. GVL observes
that several large sub-datasets, most notably DROID [24], are ranked very low, consistent with prior reports
that removing DROID from large action-model training improves final performance; on inspection of the
low-VOC DROID clips, GVL attributes the low scores to poor camera placement that fails to capture the
robot’s motion and to heavy occlusions of the arm and the manipulated object, both of which would directly
bias an expert-progress evaluator. We therefore restrict OXE to the ten sub-datasets with the highest VOC
scores reported by GVL, and then apply the default 5% random sample within those sub-datasets, yielding
the 146 expert trajectories listed in Table C.4.

AgileX and ARX (ours). The self-collected AgileX (single-arm and dual-arm) and ARX trajectories
are teleoperated by trained operators and are uniformly of high quality, so no additional quality filtering is
needed. To obtain a sufficiently large Expert-VOC pool for stable per-embodiment estimates given the small
absolute size of these sources, we raise the sampling ratio from the default 5% to 20% for all three subsets.
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RoboSuite (ours). RoboSuite trajectories are generated by a scripted oracle policy and are uniformly
expert, so no quality filtering is required either. Because RoboSuite already contributes a large number of
trajectories, the default 5% random sample alone produces a sufficiently large expert pool (99 trajectories),
and we apply no additional adjustment.

RoboCOIN [68]. RoboCOIN provides multiple successful demonstrations per language instruction and
the per-demonstration execution speed varies substantially. Following the common heuristic that, among
successful demonstrations of the same instruction, the faster ones tend to be closer to expert behaviour,
we enumerate the distinct language instructions in RoboCOIN and, for each instruction, keep the single
shortest-duration trajectory as the Expert-VOC sample (rather than using the default random 5%).

EgoDex [17]. EgoDex covers a wide range of egocentric human activities, many of which are unrelated
to robotic manipulation. We therefore first shortlist the EgoDex task categories that correspond to basic
pick-and-place manipulation, since these are the activities most directly relevant to manipulation-oriented
value estimation. Within each shortlisted category we then enumerate the distinct language instructions and,
for each instruction, keep the single shortest demonstration, using the same speed-as-expertise heuristic as for
RoboCOIN.

D Value Model Baseline Reproduction

All six baselines are evaluated under a unified video-sampling pipeline: each trajectory is first downsampled
to a common target frame rate (2fps, or 3 fps for the AgileX and ARX datasets to keep per-trajectory frame
counts comparable across embodiments), and we then evaluate each baseline using its officially recommended
sampling protocol (multi-anchor prefix evaluation for Robometer and RoboReward; single-pass full-trajectory
evaluation for the remaining four). Our evaluation harness directly builds on the public Robometer [31]
codebase.

GVL [43]. GVL casts value estimation as autoregressive completion-percentage prediction over shuffled
video frames, where a close-source VLM is prompted with a task description together with a sequence of
frame—index pairs and asked to output a task-progress percentage for each frame. We use the public API of
gpt-5.4 as the backbone, with a per-call frame budget of 32 frames.

VLAC [73]. VLAC fine-tunes an InternVL backbone into a unified action—critic model that, given a
pair of image observations and a language goal, autoregressively emits a signed progress delta together
with a task-completion (done) signal, providing dense rewards for downstream RL. We use the public
checkpoint InternRobotics/VLAC in single-pass mode with 32 frames per trajectory and the default decoding
configuration (temperature 0.5, batch size 32); we keep the original frame_skip schedule and disable the
auxiliary image branch (use_images=false).

Robometer [31]. Robometer fine-tunes Qwen3-VL-4B with a composite objective combining a frame-level
progress loss, a per-frame success loss, and an inter-trajectory preference loss, enabling it to learn from
both expert and suboptimal/failed trajectories and to emit dense per-frame progress estimates over short
prefix clips. We use the public checkpoint robometer/Robometer-4B with the official multi-anchor evaluation:
5 uniformly spaced anchors per trajectory, 8 frames per anchor (max_frames=8, use_frame_steps=true,
subsample_n_frames=5), and a model batch size of 32.

RoboReward [26]. RoboReward fine-tunes Qwen3-VL at the 4B and 8B scales to predict a discrete end-
of-episode progress score in {1,...,5} from a task description and a full rollout video; following the original
setup, dense per-frame rewards are obtained by re-querying the model on partial-trajectory prefixes. We use
the public checkpoint teetone/RoboReward-4B with the same multi-anchor protocol as Robometer (5 anchors,
use_frame_steps=true, subsample_n_frames=5) but raise max_frames to 32 and cap the generation length
at 128 tokens, matching the original setup.
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TopReward [6]. TopReward turns a frozen video VLM into a zero-shot temporal value function by reading
off the log-probability that the model assigns to an affirmative completion token (e.g., True) when asked
whether a video prefix has completed the instruction; in our setup, we follow the official protocol and
mean-aggregate this score over K prefix samples per trajectory. We use Quen/Qwen3-VL-8B-Instruct as
the backbone with K = 15 prefix samples, mean reduction, the official chat template, and a 2 fps temporal
sampling; each trajectory is consumed once with max_frames=32.

Robo-Dopamine [61]. Robo-Dopamine is a 3B-parameter step-aware generative process reward model
(the GRM in the Robo-Dopamine framework) that, conditioned on a task description and multi-view
“before”/“after” frames, predicts a discretised relative progress hop and supports an incremental infer-
ence mode that emits a per-frame progress signal as frames are streamed in. We use the public check-
point tanhuajie2001/Robo-Dopamine-GRM-3B in incremental mode (eval_mode="incremental", frame_-
interval=1, batch size 1) and feed up to 32 uniformly sampled frames per trajectory in a single pass.

E Downstream Policy Learning Details

The hyperparameters used for all downstream policy-learning experiments in Section 5.2 are summarised in
Table E.5.

Chunk-level advantage proxy. All weighting schemes operate on the same chunk-level advantage proxy
derived from WVM. For a sample anchored at frame ¢ with action-chunk length H, let t"*®d = ¢ and
t@l = min(t + H — 1, T — 1), and let V(-) € [0, 1] denote the per-frame value emitted by WVM. We define

A = V) - v, (E4)

which approximates the value improvement contributed by the action chunk and plays the role of an advantage
estimate in the weighting schemes below. Given per-sample BC losses ¢; (e.g. flow-matching loss for g 5-base)
and weights w;, the weighted-BC objective used throughout this section is

B
ic Wil

E =
Zib;l (o + €

,  e=10"° (E.5)

Filtered BC. The two Filtered-BC variants in Section 5.2 both use a hard-threshold indicator on A;:

The binary variant uses x = 0.0, which simply discards chunks on which the value does not improve. The
percentile variant retains the top 70% of chunks ranked by A; over the training set; the corresponding threshold
k is reported per task suite in Table E.5.

Advantage-Weighted Regression (AWR). AWR replaces the hard indicator with a clipped exponential
weight on the same advantage proxy:

w; = min(eXp(T . Ai)7 (5). (E.7)

This recovers the standard AWR/AWAC weighting [53, 54] with temperature 1/5 =7, advantage A=A,
and clipping ceiling M =§. We fix § = 2.0 across both task suites and adjust the temperature 7 per suite
(see Table E.5) to match the empirical scale of A; at each suite’s action-chunk length H. The clip caps the
highest-advantage chunks at 2x their baseline contribution, preventing a few high-advantage outliers from
dominating the gradient. We further renormalise the per-batch weights so that % >, w; = 1, keeping the
gradient scale aligned with vanilla BC and allowing us to reuse the same learning rate and weight decay as
the BC baseline.

For evaluation, each RoboSuite task is rolled out for 50 trials, while each real-world AgileX task is rolled out
for 30 trials, and we report the average success rate over these trials.
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Category Setting

Shared

Base policy T0.5-base

Hardware 16x NVIDIA A100-SXM4-40 GB
Optimizer AdamW

61 0.9

B2 0.95

Peak learning rate 2.5x1075

Global batch size 256

AWR clip ceiling 6 2.0

Filtered-BC (binary) threshold s 0.0

Task-suite specific (RoboSuite / AgileX)

Control mode EEF / Joint
Total training steps 5,000 / 10,000
Wall-clock training time ~4.5h / ~9h
Action-chunk length H 10 / 50

AWR temperature 7 10 / 2

Filtered-BC (top-70%) threshold x  0.02 / 0.06

Table E.5 Hyperparameters used for downstream policy fine-tuning in Section 5.2. The action-chunk length, AWR
temperature, and top-70% Filtered-BC threshold are set per task suite to account for the different per-frame value-
change scales induced by different chunk lengths.

F HL-Gaussian Value Head Details

The HL-Gaussian ablation in Section 5.3 replaces WVM’s flow-matching value head with a discrete distribu-
tional head [10] that reformulates per-frame value regression as classification over K fixed bins. All non-head
components (video stream, value stream, MoT coupling, prefix randomization, video rewinding) are kept
identical to WVM, so the only varying factor is the value head itself.

Bin support and soft targets. We discretise the support [0, 1] with K = 51 equally-spaced bin centres
e, =(k—-1)/(K—1)for k=1,..., K. Given a ground-truth value v € [0, 1], the soft target distribution is a
Gaussian-smoothed one-hot over the bins:

exp(—(v — cx)?/20%) 1

v) = , o= —=—. F.8
P >y exp(—(v = ¢;)?/207) K—1 )

We set o to one bin width by default, which gives smooth-but-locally-peaked targets; values within 106 of
the endpoints 0 or 1 are snapped to a hard one-hot at bin 1 or bin K to avoid leaking probability mass onto
neighbouring bins at the boundaries.

Training objective. The value DiT outputs K logits = € RX at every (frame, sub-step) token. We train it
with a token-level soft cross-entropy against the encoded target distribution, which is equivalent to minimising
the KL divergence up to a constant entropy term:

K
cHLG — | —Zpk(v) log softmax(z)y | - (F.9)

value
k=1

This replaces the flow-matching loss Lyae in Eq. 5; the video co-training loss Lyiqeo and the overall objective
weight A are kept unchanged from WVM.

Inference. Unlike the flow-matching head, the HL-Gaussian head does not require any iterative denoising:
a single transformer forward yields K logits per (frame, sub-step) token, and we decode the predicted scalar
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as the expectation of the softmax distribution over the bin centres:

K

v = Zsoftmax(z)k - C- (F.10)
k=1

We then apply the same overlapping-window averaging scheme described in Section 3.2 to assemble per-frame
value predictions across adjacent chunks.
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