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Abstract

Video world models can generate synthetic training data for
robot manipulation, but standard metrics (FVD, FID) miss
the failure modes that determine whether policies trained
on that data succeed. VLM-based holistic judges are a nat-
ural alternative, but no single VLM reliably predicts task
completion: judges exhibit opposing biases that do not can-
cel under ensembling. We introduce WFM-Eval, a multi-
dimensional evaluation framework that decomposes video
quality into three axes (task completion, object hallucina-
tion, and temporal consistency) with structured object-level
diagnostics that bypass holistic judgment. We benchmark
five video world models (Cosmos Predict2, Predict2.5, Veo
3.1, HunyuanVideo 1.5, Wan2.2) on GR1 and AgiBot. We
find that (1) object hallucination is the dominant model-
discriminative failure mode, and (2) model rankings reverse
between datasets: the GR1 leader is last on AgiBot and the
AgiBot leader is mid-pack on GR1, so single-dataset bench-
marks mislead. As supporting evidence, the framework’s
hallucination ranking aligns with downstream policy suc-
cess on LIBERO, where Predict2 outperforms Predict2.5 by
8.75 points. We release WFM-Eval as an open toolkit.

1. Introduction

Video world models [1, 2] offer a path to scalable robot
learning: rather than collecting expensive teleoperated
demonstrations, a world model can imagine task execution
from a single image and a language instruction, synthesiz-
ing video that is then distilled into robot policies via inverse
dynamics models [7, 24]. The pipeline has shown early suc-
cess across embodiments from tabletop manipulators to hu-
manoid robots.

The promise rests on a largely unexamined assumption:
that generated videos are faithful enough to teach correct
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behavior. Standard metrics such as Fréchet Video Distance
(FVD) [34], Fréchet Inception Distance (FID) [21], and
CLIP-Score [20] measure distributional realism and coarse
semantic alignment, but are blind to the failure modes that
corrupt downstream policy learning. A generated video
may depict the wrong manipulation, hallucinate objects into
or out of the scene, or teleport them between frames. These
failures have distinct downstream consequences that a sin-
gle scalar conflates.

A natural alternative is to use a VLM as a holistic judge
of task completion. We test this and find it unreliable:
judges exhibit opposing failure modes (Qwen3-VL [4] and
InternVL3.5-14B [36] over-predict success with high recall
and moderate precision, Qwen2.5-VL [5] over-predicts fail-
ure, Cosmos-Reason1 [3] sits closer to balanced but under-
performs, and even the best single judge Kimi-K2.5 [33]
reaches only 69.5% F1) and ensembling does not cancel
them. These findings echo known VLM limitations on
physical and temporal reasoning [9, 13, 25, 26]. Holistic
judgment alone is too coarse to ground a benchmark.

We therefore introduce WFM-Eval, a multi-dimensional
evaluation framework inspired by TIDE [8] that decom-
poses video quality along three complementary axes:
whether the instructed task was completed, whether ob-
jects are hallucinated or lost, and whether the video is
temporally consistent. Each axis targets a distinct mech-
anism by which generated data can corrupt a downstream
policy. We benchmark five video world models (Cosmos
Predict2 [30], Predict2.5 [2], Veo 3.1 [15], HunyuanVideo
1.5 [37], Wan2.2 [35]) on GR1 and AgiBot, and validate the
framework downstream by training LIBERO [27] policies.

Our contributions are: (1) a structured error taxon-
omy with three evaluation dimensions and four fine-grained
event subtypes, paired with an automated pipeline using
VLM grounding for object-level diagnosis; (2) a cross-
family empirical study showing that model rankings reverse
between datasets, and that domain-specific training trades
generalization for in-distribution peak performance; and
(3) downstream validation on LIBERO showing the frame-
work’s hallucination ranking aligns with policy success.



2. Related Work
Video World Models for Robotics. World models have
evolved from latent-space predictors [16–18] to pixel-space
video generators. Recent methods adapt video diffusion
models into world models that produce robotic rollout
videos for navigation [14, 22] and manipulation [7, 24].
Foundation-scale models such as Cosmos-Predict [1, 2] and
Genie2 [31] demonstrate that generated videos paired with
inverse dynamics models can yield training data compet-
itive with real teleoperation. General-purpose video gen-
erators (Veo [15], HunyuanVideo [37], Wan [35]) are also
being adapted to robotic settings, raising the question of
whether domain-specific or general-purpose priors trans-
fer better. Whether generated rollouts are task-faithful and
physically grounded, rather than merely visually plausible,
remains open across both classes.

Video Generation Evaluation. Early approaches relied
on distribution-based metrics (FVD [34], FID [21]) and
semantic metrics (CLIP-Score [20]), which provide lim-
ited insight into real-world faithfulness. Multi-dimensional
benchmarks such as VBench [23] and EvalCrafter [28]
broaden evaluation using specialist models, while follow-
up efforts [6, 29] leverage VLMs to reason about physical
law violations. Embodied benchmarks [12, 38, 39] tailor
evaluation to robot world models but assess individual di-
mensions in isolation, and few report whether their metrics
align with downstream policy performance. WFM-Eval ad-
dresses this gap with a robotics-aware taxonomy that de-
composes generation quality into task incompletion, object
hallucination, and physically implausible dynamics, and
validates the framework against policy success on LIBERO.

VLMs as Evaluators. VLMs have been increasingly
used as automated judges for video quality [19], yet
physics-centered benchmarks [9, 25] report near-chance
VLM performance on object permanence, continuity, and
solidity. Complementary work on causal reasoning and hal-
lucination [13, 26] further exposes weaknesses in the capa-
bilities required for task-level evaluation. Our cross-judge
analysis (§4.2) confirms these limitations in the robotics
setting: opposing biases across judges do not cancel un-
der ensembling. WFM-Eval complements VLM scoring
with structured, per-object hallucination and temporal con-
sistency diagnostics.

3. WFM-Eval Framework
3.1. Error Taxonomy
We define a three-level error taxonomy. Each dimension
targets a distinct failure mode that can corrupt downstream
policy learning.
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Figure 1. Schematic of the four error event types in WFM-
Eval. Top row: presence events, (a) phantom appearance and
(b) phantom disappearance. Bottom row: spatial events, (c) po-
sition drift and (d) frame jump.

Dimension 1: Task Completion (Etask). Does the gener-
ated video depict successful execution of the instructed ma-
nipulation? A visually plausible video that teaches incorrect
behavior is the highest-level failure.
Dimension 2: Object Hallucination (Ehall). Do objects in
the generated video match those in the GT initial frame?
Policies trained on hallucinated objects may reach for tar-
gets that do not exist. We distinguish Phantom Appear-
ance (E2a), where an object is detected with no GT counter-
part, and Phantom Disappearance (E2b), where a GT object
ceases to be detected.
Dimension 3: Temporal Consistency (Etemp). Is the gen-
erated video temporally coherent? We distinguish Position
Drift (E3a), where an object’s position diverges from GT
beyond δdrift, and Frame Jump (E3b), where instantaneous
displacement exceeds δjump with no corresponding GT mo-
tion. Figure 1 illustrates all four types.

3.2. Evaluation Pipeline
Let V̂ = {f̂1, . . . , f̂M} denote the generated video, V ∗ =
{f∗

1 , . . . , f
∗
N} the GT reference, T the language instruction,

and O the set of tracked objects with K = |O|. WFM-Eval
runs two parallel tracks.
Track A: Task Completion. A VLM judges fVLM :
(V̂ , T )→{0, 1} where 1 indicates success. Predictions are
compared against human annotations to compute accuracy,
precision, recall, and F1.
Track B: Object Hallucination & Temporal Consistency.
For each object ok at frame t, Molmo [11] returns a point
detection dtk = (xt

k, y
t
k) ∈ R2 or ∅ (absent). Biases in

this single grounding model propagate to all downstream
metrics, partially mitigated by step (2).

(1) Frame alignment. When generated and GT videos
differ in length, we map each generated frame index to its



Table 1. Dataset overview. Six datasets with diverse robot manip-
ulation scenarios.

Dataset Samples Robot Description

AgiBot [10] 210 Bimanual Kitchen manipulation
RigVid [32] 40 Tabletop Rigid object handling
GR1-100 [24] 92 Humanoid Pick-and-place
EVAL-175-Obj [24] 50 Humanoid Object variations
EVAL-175-Beh [24] 47 Humanoid Behavior variations
EVAL-175-Env [24] 29 Humanoid Environment variations

Total 468

nearest GT counterpart via linear interpolation.
(2) Temporal filtering. We apply a voting filter (µ=3 de-

tections within window W=5) and a velocity filter (reject-
ing physically implausible motion).

(3) Per-object event detection. Phantom events are trig-
gered when presence transitions in the generated video have
no corresponding GT transition within tolerance τ . Spatial
events are flagged when positional error exceeds δdrift or
inter-frame displacement exceeds δjump without matching
GT motion.

(4) Aggregate metrics. Let E denote detected events with
counts npa, npd, ndr, njp. We define:

OHR =
npa+npd

M , PAR =
ndr+njp

M , TCS = 1− njp

MK .
(1)

HSS = min
(
1,

∑
e∈E w(e)

MK

)
, (2)

with weights w(e): phantom appearance = 10, disappear-
ance = 8, jump = 5, drift = 3, ranked by relative down-
stream harm. Per-axis metrics (OHR, PAR) are reported
alongside HSS so conclusions do not rest on the exact
weighting. Lower HSS is better; HSS=0 indicates no hal-
lucinations.

4. Experiments
4.1. Setup
Datasets. We evaluate on six robotic manipulation datasets
(Tab. 1) spanning diverse embodiments, tasks, and environ-
ments: AgiBot [10] (210 bimanual kitchen manipulation
clips), RigVid [32] (40 rigid object clips), GR1-100 [24]
(92 humanoid pick-and-place clips), and three EVAL-175
splits [24] covering object (50), behavior (47), and environ-
ment (29) variations.
Models. We evaluate two robotics-specific video world
models, Cosmos Predict2 (2B) [30] and Predict2.5
(2B) [2], against three general-purpose video genera-
tors: Veo 3.1 [15], HunyuanVideo 1.5 (13B) [37],
and Wan2.2 (14B) [35]. Predict2 is evaluated across
four resolution×framerate combinations (480p/720p ×
10/16 fps); other models at their available configurations.
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Figure 2. VLM judge F1 by dataset. Kimi-K2.5 (teal) leads on
four of six datasets, trails Cosmos-Reason1-7B by ∼2 F1 points
on RigVid, and trails InternVL3.5-14B by ∼3 F1 points on EVAL-
175-Env; among the remaining judges no single model dominates
uniformly, with each exhibiting distinct dataset-specific biases.

Scope. Track A uses all 468 samples across the six datasets.
Cross-family hallucination analysis (§4.3) is run on GR1
and AgiBot, the two datasets for which all five model fami-
lies have generated rollouts.
VLM judges and detectors. Task completion judges
include Qwen2.5-VL-7B [5], Qwen3-VL-8B [4],
InternVL3.5-8B/14B [36], Cosmos-Reason1-7B [3],
and Kimi-K2.5 [33]. Molmo-7B [11] serves as the object
detector. Human binary annotations provide ground truth
for all 468 samples.

4.2. Task completion (Track A)
No VLM reliably judges task completion (Fig. 2). The
best single judge (Kimi-K2.5) achieves 74.4% accuracy
and 69.5% F1 (micro-averaged), with weak, non-significant
correlation to human completion rates (Pearson r=0.287,
p=0.248). Models fail in distinct, consistent ways: Qwen3-
VL and InternVL3.5-14B over-predict success (high re-
call, moderate precision), Qwen2.5-VL over-predicts fail-
ure, and Cosmos-Reason1 lands closer to balanced but still
below the threshold for benchmark use. Ensembling does
not resolve these opposing biases. These findings echo
known VLM limitations on physical and temporal reason-
ing [9, 13, 25, 26], motivating Track B’s structured per-
object diagnostics.

4.3. Cross-family object hallucination
We compare five model families on GR1 (n=92) and Ag-
iBot (n=210): the robotics-specific Cosmos Predict2 and
Predict2.5, and three general-purpose generators (Veo 3.1,



Table 2. Cross-family hallucination on GR1 and AgiBot. Each
model at its best configuration per dataset; lower HSS is better.

Rank is by HSS within each dataset; 1st and 5th highlighted.
Predict2 collapses from rank 1 on GR1 to rank 5 on AgiBot, while
Hunyuan rises 3→1, so single-dataset benchmarks mislead. P2.5
= Cosmos Predict2.5; Hunyuan = HunyuanVideo 1.5.

GR1 AgiBot

Model Rank HSS OHR PAR Rank HSS OHR PAR

Predict2 1 .396 .108 .067 5 .699 .341 .128

Veo 3.1 2 .436 .171 .050 2 .630 .274 .131

Hunyuan 3 .482 .200 .048 1 .596 .256 .128

P2.5 4 .501 .210 .049 4 .682 .322 .128

Wan2.2 5 .518 .207 .058 3 .661 .301 .145

HunyuanVideo 1.5, Wan2.2). Each family is reported at its
best configuration per dataset.

Rankings reverse across datasets. Tab. 2 shows model
rankings on GR1 against AgiBot. Predict2 leads on GR1
(HSS=0.396) but drops to last on AgiBot (0.699). Hunyuan
follows the opposite trajectory, rising from rank 3 to rank
1 (0.482→0.596). Veo 3.1 is the only family that holds
rank across both datasets. The same model can therefore
be best-in-class or worst-in-class depending on the embod-
iment, and single-dataset benchmarks mislead.

Domain training trades generalization for peak perfor-
mance. Predict2’s HSS degrades by 81% from GR1 to Ag-
iBot, against 19% for Hunyuan and 44% for Veo 3.1. The
robotics-specific prior helps inside its training distribution
and hurts outside it. Parameter count does not explain the
pattern: 2B Predict2 beats 14B Wan2.2 by 32% on GR1,
while 13B Hunyuan beats 2B Predict2 by 17% on AgiBot.

Predict2.5 regresses on GR1. At matched configu-
ration (720p, 16 fps), Predict2.5 raises HSS by +0.095
over Predict2 (0.406→0.501) and OHR by +0.102
(10.9%→21.0%). Position Anomaly Rate decreases
(0.066→0.049): Predict2.5 invents more objects but places
them more stably. A 52% increase in phantom appearances
per frame-object drives the regression, and the same ranking
shows up downstream (§4.4).

Bimodal severity hides in the mean. Figure 3 shows per-
clip severity distributions. On AgiBot the two distributions
overlap tightly (KS p=0.817). On GR1 they diverge: Pre-
dict2.5 introduces a spike at severity 1.0 absent under Pre-
dict2, with 56 of 92 clips scoring worse under Predict2.5
and the regressions concentrated among clips Predict2 han-
dles cleanly (severity < 0.3). A small subset of catastrophic
failures coexists with broad parity, hidden by the mean.

Figure 3. Hallucination severity distribution: P2 vs. P2.5. His-
tograms for AgiBot (left) and GR1 (right). On AgiBot the distri-
butions nearly coincide (KS p=0.817). On GR1, Predict2 carries
more mass in the clean range while Predict2.5 introduces a spike
at severity 1.0, indicating catastrophic failures on a subset of clips.

4.4. Downstream validation on LIBERO
To check whether WFM-Eval’s verdicts track downstream
utility, we evaluate Predict2 and Predict2.5 on LIBERO [27]
across its spatial, object, goal, and long-horizon suites.
Setup. Each model is fine-tuned on in-domain LIBERO
data and adapted for action prediction following [24]. A
single multitask policy is trained over the four suites with
50 demonstrations per task and evaluated under the standard
protocol (3 seeds × 50 episodes).
Results. Predict2 outperforms Predict2.5 on every suite.
The gap is largest on LIBERO-Long (89.6% vs. 69.4%),
and Predict2 averages 95.45% success against 86.70% for
Predict2.5.
Validation. The downstream ranking matches WFM-Eval
on the discriminative axes: at matched configuration (720p,
16 fps) on GR1, Predict2 has lower HSS (0.406 vs. 0.501)
and lower OHR (10.9% vs. 21.0%). The 52% increase in
phantom appearances behind Predict2.5’s regression (§4.3)
is consistent with the policy drop: a generator that invents
objects produces training rollouts that mislead the policy.
This is a single-pair test, not a correlation study, but it ties
the framework’s diagnostics to end-task performance.

5. Conclusion

We presented WFM-Eval, an evaluation framework that de-
composes video quality into task completion, object hallu-
cination, and temporal consistency with fine-grained event
subtypes, providing per-axis diagnostics that aggregate met-
rics cannot. Benchmarking five model families on GR1 and
AgiBot, we find that (1) object hallucination is the domi-
nant discriminative failure mode, with Predict2.5’s regres-
sion on GR1 driven by a 52% increase in phantom appear-
ances; (2) rankings reverse across datasets (Predict2 leads
on GR1 but trails on AgiBot; Hunyuan does the opposite),
so single-dataset benchmarks mislead; and (3) the halluci-
nation ranking transfers to LIBERO, where Predict2 outper-
forms Predict2.5 by 8.75 points. We release WFM-Eval as
an open toolkit.
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