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Abstract

Despite rapid advances in video generative models, ro-
bust metrics for evaluating visual and temporal correct-
ness of complex human actions remain elusive. Critically,
existing pure-vision encoders and Multimodal Large Lan-
guage Models (MLLMs) are strongly appearance-biased,
lack temporal understanding, and thus struggle to discern
intricate motion dynamics and anatomical implausibilities
in generated videos. We tackle this gap by introducing a
novel evaluation metric derived from a learned latent space
of real-world human actions. Through extensive experi-
ments, we show that our metric achieves substantial im-
provement of more than 68% compared to existing state-
of-the-art methods on our benchmark.

1. Introduction

How do humans learn the right way to perform an action,
like walking or making a toast? Since infancy, we learn
by implicitly observing and explicitly being taught by oth-
ers, grasping the flow of events and the physical laws gov-
erning human motions and actions [2]. This intuitive un-
derstanding allows humans to effortlessly recognize mo-
tion inconsistencies even in today’s highly photorealistic
generated videos [31, 36, 41]. Current metrics for judg-
ing generated videos, such as pixel-level similarity [19, 43],
perceptual quality [39, 47], or text-to-video prompt align-
ment [17, 26], as well as recent approaches that use MLLMs
as judges [0, 15], do not accurately capture the complex mo-
tion physics of human actions [11, 37]. A core contribution
of our work is to bridge this gap by building a robust as-
sessment tool that moves beyond superficial statistics and
bakes in the critical awareness of physical and anatomical-
consistency of human motion.

Our key idea is to learn a latent manifold of natural hu-
man motion, built from semantic features that measure the
consistency of human anatomy, motion physics, and visual
appearance in a video. To evaluate a new video, we project
its embeddings into this manifold and systematically mea-
sure the deviations and discern telltale signs of poor action
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Figure 1. What are the telltale signs of a generative action video? We an-
swer this by learning a robust manifold based on appearance and anatomi-
cal coherence exhibited by humans performing actions across several real-
world videos. This manifold serves as anchors against which we project
the features of a generated video in question and assess its realism.

correctness and coherence. While several benchmarks ex-
ist [26, 48] for evaluating video generative models, they fail
to adequately probe for the fine-grained temporal correct-
ness and coherence of human actions. We identify this as a
critical limitation and create an open-source benchmark we
call the “Telltale Action Generation Bench” (TAG-Bench),
evaluating videos on: (a) whether the generated video cap-
tures the intended action, and (b) the temporal smoothness
and anatomical plausibility of the perceived action.

2. Related Work

Video quality metrics. Metrics such as FVD [39] capture
coarse spatiotemporal alignment but miss fine-grained se-
mantic or physical accuracy. Frame-level measures includ-
ing PSNR [19], SSIM [43], and LPIPS [47] assess visual
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similarity to reference frames but ignore temporal coher-
ence. CLIPScore [17] only captures single-frame seman-
tics, lacking motion or physical plausibility. More recent
MLLMs-based methods like VideoScore [15] and Video-
Phy [6] predict human ratings or assess physical laws, but
neither captures human motion or action correctness, under-
scoring the need for our proposed metric.

3. Approach

We posit the “realism” of human actions in generated
videos as the distance between real and generated samples
within a learned representation space, where real human ac-
tions cluster into a compact region of natural, physically
plausible movements (Fig. 1).

3.1. Human-centric feature representations

We capture the complexity of human motion leveraging
multiple human-centric features encompassing appearance,
skeletal geometry, and motion dynamics.

(i) 3D features. We employ SMPL [27], a standard 3D
body representation deformed by pose (), body shape (3),
and global orientation (go). To infer these features from 2D
video frames, we rely on human mesh recovery (HMR) [20]
models. SMPL features are invariant to appearance and
scene context, focusing specifically on body geometry,
making them powerful ingredients to assess whether gen-
erated humans follow real-world physical dynamics. (ii)
2D features. SMPL is trained on real human data [27],
constraining its parameters to anatomically plausible con-
figurations, potentially overlooking anomalies such as elon-
gated limbs common in generated videos. Thus, we also
incorporate 2D joint keypoints [9] (kp2p), which comple-
ment the 3D features by revealing anatomical distortions
that SMPL might overlook. (iii) Visual appearance fea-
tures. To complement the appearance-invariant 3D and 2D
features, we extract visual appearance features (f,;s) using
pre-trained image-based visual backbones (e.g., ViT [13]),
capturing cues such as clothing, color, and action-relevant
objects. (iv) First-order temporal coherence. We refer to
the above features (S = {6, 8, go, kpap, fvis }) as static, as
they capture body state at a single frame. We additionally
compute their first-order temporal derivatives, yielding mo-
tion features (U = {mg, mg, Mgo, Mip,,,, My, }), mak-
ing the manifold sensitive to artifacts such as sudden body
shape changes, jitter, or implausible pose transitions.

3.2. Learning a manifold of real-world actions

Our goal is to learn a compact human-centric latent repre-
sentation where physically plausible actions occupy com-
pact regions, while anatomically distorted or temporally in-
consistent actions lie farther apart. We train an encoder
to distinguish physically plausible motion from implausible
human actions, described next.
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Figure 2. Architectural overview of the encoder we train to learn the
real-world action manifold. We extract per-frame static human-centric
and temporal motion features (Fig. (a)) (Sec. 3.1), and aggregate them,
yielding one embedding for each frame (Fig. (b)) (Sec. 3.2.1). We prepend
a [CLS] token to the per-frame tokens and pass as input to a 4-layer trans-
former encoder (Fig. (c)) (Sec. 3.2.1). Our aim is to encourage the encoder
to group diverse videos pertaining to a given action closer together. We also
ensure that temporally incoherent videos lie farther apart.

3.2.1. Encoder architecture and training

Constructing temporal windows: We represent each
video as a sequence of fixed-length temporal windows of T’
consecutive frames, extracting human-centric features from
Sec. 3.1 for each frame. The model operates in three stages:
(i) encode each input feature independently, (ii) fuse per-
input representations per frame, and (iii) temporally aggre-
gate frame-level representations over the window.

(i) Per-input encoding: We define two pathways for szatic
(S) and motion (U) features, processed via separate 1D tem-
poral convolution blocks ¢* . and ¢F Static and mo-

static motion*
tion encodings are combined via element-wise addition:

€kt = ¢§;atic(5k,t) + (rbr];otion(uki) (1)

(ii) Per-frame feature fusion: We aggregate encoded fea-
tures ey ; into a single frame-level representation (f;) via
learned a learned attention mechanism:

-
q Wgept
f; = Zak,t ert, Q¢ = softmaxy ()
k Vd o

(iii) Temporal aggregation: We prepend a learnable [CLS]
token [8] and process the sequence with a Transformer en-
coder (Fig. 2), yielding a compact window-level embedding
zcLs and per-frame embeddings {z;}7_;.

3.2.2. Training objective

We train with a multi-loss objective combining two goals:
(i) Action semantics: A supervised contrastive loss
(Lsupcon) [5] clusters window-level embeddings (zcrs) from
the same action class while pushing apart those from differ-
ent classes. (ii) Temporal coherence: We simulate tempo-
rally distorted variants of real videos by shuffling frames,
repeating the first frame, or reversing frame order. A hard-
negative 10ss (Lhard-negative) Pushes embeddings of distorted
windows away from their coherent counterparts, teaching
the model to recognize plausible motion dynamics. The
overall loss is:

L= Esupcon + )\‘Chard—negative (3)
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3.3. Quantitative Metrics

From this learned embedding space, we derive two quantita-
tive measures based on key observations: real videos of the
same action form compact action consistent clusters, and
frame-level embeddings of a real video evolve smoothly,
measuring temporal coherence.

To measure action consistency (Scons), We compute
an action-specific centroid c; by averaging window-level
embeddings across all real videos of class k. For a gen-
erated video, we similarly average its [CLS] embeddings
across temporal windows to obtain zj;, . Lower distance
Seons = Hz%f;eo —ci H2 indicates closer alignment with real
action distributions.

To evaluate temporal coherence (Stemp), We measure
the smoothness of frame trajectories within the learned em-
bedding space:

T—1
1
Stemp = 71 ;HZtJrl — Z¢|2. 4)

Lower scores correspond to gradual, physically consistent
transitions, while higher scores indicate abrupt or implausi-
ble temporal changes.

4. Telltale Action Generation (TAG)-Bench

Dataset construction: We select 10 action classes from
UCF-101 [35] featuring a single visible person depicting
diverse whole-body movements: BodyWeightSquats, Hu-
laHoop, JumpingJack, PullUps, PushUps, Shotput, Soc-
cerJuggling, TennisSwing, ThrowDiscus, and WallPushups.
For each action, we sample 6 videos and extract their
first frame as input to image-to-video (I2V) models —
Wan2.1 [41], Wan2.2 [41], Hunyuan [21], Opensora [49],
and Runway Gen-4 [36] — with the prompt “A person is
doing {action},” yielding 300 generated videos. We focus
on 12V to isolate differences in motion generation without
confounding factors like scene layout or appearance.
Video annotation setup: We recruit 246 participants
through Amazon Mechanical Turk [4] to rate videos on a
1-10 scale along two axes: (1) Action Consistency, how ac-
curately the video depicts the intended action, and (2) Tem-
poral Coherence, how physically plausible and temporally
smooth the motion appears. After subject rejection, inter-
rater correlation reached 0.716 for Action Consistency and
0.710 for Temporal Coherence.

5. Experiments

5.1. Implementation details

Features. @ We extract SMPL parameters using To-
kenHMR [14] and 2D keypoints using DWPose [46]. Visual
appearance features are obtained from the frozen ViT-H/16

Corr. with Action
Consistency 1

Corr. with Temporal

Method Coherence

Random | -0.07 0.1
Feature-based automatic metrics
PIQUE [40] 0.19 0.13
BRISQUE [30] 0.04 0.01
CLIP-sim [34] 0.03 0.16
DINO-sim [10] 0.08 021
SSIM-sim [43] -0.08 0.04
MSE-dyn [42] -0.15 -0.08
SSIM-dyn [42] -0.06 -0.03
CLIP-Score [17] 0.08 0.00
X-CLIP-Score [29] 0.00 -0.07
TRAJAN [3] 0.12 0.12
VideoMAE(UCF101)-classification 0.18 0.17
VBench-2.0 [48] (Human Anatomy) -0.40 0.02
VBench-2.0 [48] (Human Identity) 0.06 0.02
VBench-2.0 [48] (Human Clothes) 0.12 0.11
MLLM-based fine-tuned metrics
o VideoScore [15] (Visual Quality) -0.12 -0.06
& VideoScore [15] (Temporal Consistency) -0.09 -0.04
o VideoScore [15] (Dynamic Degree) -0.19 -0.16
o VideoScore [15] (T2V Alignment) -0.07 0.04
& VideoScore [15] (Factual Consistency) -0.14 -0.08
o VideoScore2 [16] (Visual Quality) 0.14 0.16
& VideoScore2 [16] (T2V Alignment) 0.17 0.09
o VideoScore2 [16] (Physical Consistency) 0.18 0.17
o VideoPhy-2 [7] (Semantic Adherence) 0.19 0.16
& VideoPhy-2 [7] (Physical Commonsense) 0.28 037
MLLM Prompting
o LLaVA-1.5-7B [24] 0.17 0.14
& LLaVA-v1.6-mistral-7b-hf [25] -0.10 0.18
o Idefics2-8B [23] -0.05 -0.06
w Qwen3-VL-8B-Instruct [45] 034 028
& Gemini-2.5-Flash [12] 0.40 025
& Gemini-2.5-Pro [12] 031 0.26
& GPT-4o (1] 034 031
& GPT-5[33] 045 0.38
Ours

Action Consistency Scons (Ours) ‘ 0.61 0.45

Temporal Coherence Siemp (Outs) 053 0.64

A over best baseline +0.16 +026

Relative improvement (%) over best baseline +35.6% +684%
Inter-rater agreement

Human vs Human | 0.72 071

Table 1. Correlation (Spearman’s p) between model predictions and
human scores for Action Consistency and Temporal Coherence. (Higher
is better). ‘VideoMAE(UCF101)-classification’ uses the confidence score
[38] as the predicted scores. s denotes open-source models, while @ de-
notes closed-source models. We observe that the proposed Scons outper-
forms all methods for Action Consistency, and Stemp for Temporal Coher-
ence. The next best performing metric is underlined. Details in Appendix.

backbone of TokenHMR. Motion features are computed as
frame-to-frame differences: relative rotations for pose and
global orientation, and /5 distances for appearance, shape,
and keypoint features. All features are flattened and nor-
malized prior to being passed to the model.

Model details. Each feature is processed by a 1D temporal
convolution block with three layers (kernel size 5, dilation
{1,2,4}) and residual connections, outputting a 256-D em-
bedding (Fig. 2(a)). These are fused via attention into a
single 256-D per-frame representation (Fig. 2(b)). A learn-
able [CLS] token with sinusoidal positional embeddings is
prepended and processed by a 4-layer Transformer encoder
(8 heads), yielding ¢5-normalized zcr s and {z; } (Fig. 2(c)).
Training. We train on real videos of the same 10 UCF-101
action categories as TAG-Bench, using the default setting of
320x 240 resolution videos at 25 FPS divided into windows
of T'=32 frames and overlap of 8 frames between windows.
Videos used for TAG-Bench generation (Sec. 4) or contain-
ing multiple people are excluded, with the remainder split
80/20 for training/validation. We train for 90 epochs using
AdamW [28] (Ir 3x 1074, weight decay 1x 10~%, batch size
256, A=10 (Eqn. 3)) on a single A100 GPU.

Evaluation. We report Spearman’s rank correlation (p) be-
tween metrics and human ratings [15].
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5.2. Comparison to automatic metrics and MLLMs

We evaluate a diverse set of automatic video quality metrics
on TAG-Bench, assessing alignment with human ratings of
action correctness and motion quality (Table 1).

Prior methods. Frame-level metrics like CLIP-Score [17]
fail to capture motion dynamics, correlating poorly with
human ratings (< 0.22), while TRAJAN [3] and VBench-
2.0 [48] metrics also underperform (< 0.11), indicating
that scene coherence and per-frame anatomical evaluation
do not imply accurate action. MLLM-based evaluators like
VideoScore [15, 16] and VideoPhy-2 [7] target general cri-
teria such as visual fidelity or object-level physics rather
than fine-grained human motion, achieving only 0.28 on Ac-
tion Consistency and 0.37 on Temporal Coherence.
Prompting MLLMs. Directly using raw video inputs
proved unreliable, as MLLMs often fail to capture fine-
grained temporal details [44]. For instance, Gemini-2.5-
Pro [12] shows low correlations of 0.25 for Action Con-
sistency and 0.22 for Temporal Coherence when passed as
videos. To mitigate this, we uniformly sample 40 frames
from each video arranged into 4x10 grid panels, preserv-
ing both temporal progression and spatial structure. This
improves alignment: Gemini-2.5-Pro’s correlations rise to
0.31 on Action Consistency and 0.26 on Temporal Coher-
ence. Among MLLMs, GPT-5 achieves the highest align-
ment of 0.45 for Action Consistency and 0.38 for Temporal
Coherence (Table 1).

Proposed metrics. Our metrics (Sec. 3.3) show stronger
alignment with human perception (Table 1): Action Con-
sistency (Scons) achieves 0.61 and Temporal Coherence
(Stemp) achieves 0.64, outperforming GPT-5 by +35.6%
and +-68.4% in relative gains respectively.

5.3. Performance on external benchmarks

We evaluate on the Human Anatomy subset of VBench-
2.0 [48], which compares videos from four fext-to-video
models (Sora-480p [32], Kling [22], Hunyuan [21], and
CogVideo [18]) via pairwise human preference compar-
isons. We evaluate only videos with a single visible per-
son and compute win ratios [48], ranking models by the
fraction of pairwise comparisons they win. Since VBench-
2.0 prompts do not correspond to our 10 training classes,
we evaluate using only Siemp, as Scons requires a corre-
sponding action centroid. We find that Siemp produces the
same ranking of models as human raters, despite being eval-
uated on text-to-video models with unseen action prompts,
demonstrating that the learned embedding generalizes be-
yond training.

5.4. Analysis

Effect of loss terms. Removing Lgpcon Causes a steep
drop in Action Consistency (0.61 — 0.26) and Tempo-
ral Coherence (0.64 — 0.38) (Table 2), validating that

Lsupecon  Lhardneg  Action Consistency Temporal Coherence
v v 0.61 0.64
X v 0.26 0.38
v X 0.54 0.57

Table 2. Effect of the loss terms Lsupcon and Lhard-neg- Both terms jointly
improve action consistency and temporal coherence; removing either hurts.

Body Global Visual Action Temporal

Pose | shape | orientation | Keypoints | features | Motion | Consistency | Coherence
v v v v v v 0.61 0.64
X v v v v v 0.56 0.57
v X v v v v 0.54 0.57
v v X v v v 0.57 0.57
v v v X v v 0.61 0.57
v v v v X v 0.56 0.59
v v v v v X 0.46 0.50

Table 3. Effect of each input feature. We report Spearman’s correla-
tion (p) with human scores after zeroing each input feature independently.
Models are retrained from scratch for each setting. “Motion” denotes tem-
poral derivatives of all inputs (Sec. 3.1). Removing motion causes the
largest degradation.

action semantics are essential for learning plausible mo-
tion. Adding Lhard-negaiive further improves both scores
(Action Consistency : 0.54 — 0.61, Temporal Coherence :
0.57 — 0.64), confirming that both losses are essential.
Ablation on input features. Zeroing out (while retain-
ing full dimensionality of the input) any single feature de-
creases performance (Table 3); masking 3D pose drops Ac-
tion Consistency from 0.61 — 0.56, while masking all mo-
tion features causes the largest drop (Action Consistency :
0.61 — 0.46), highlighting the necessity of our multi-
feature representation.

Extending TAG-Bench to more action classes. We extend
TAG-Bench from 10 to 23 classes by incorporating 13 addi-
tional UCF-101 [35] actions (Bowling, Clean&Jerk, Golf-
Swing, HammerThrow, Hammering, HandStandPushup,
JugglingBalls, JumpRope, Lunges, PlayingGuitar, Rock-
ClimbingIndoor, RopeClimbing, and Surfing), following the
same evaluation protocol as Sec. 4. Our model continues to
outperform, achieving Action Consistency: 0.59 and Tem-
poral Coherence: 0.56, compared to GPT-5’s Action Con-
sistency: 0.46 and Temporal Coherence: 0.39.

6. Discussion and Future Work

We present a framework for evaluating human actions in
generated videos by decomposing the task into two as-
pects: action consistency against real videos and the tem-
poral smoothness of human motion. We demonstrate strong
alignment with human perceptual judgment and generaliz-
ability across diverse generation models. While our main
study is conducted on 10 action classes, it offers a proof-
of-concept for the utility of the proposed features. Sec. 5.4
shows the extensibility of the framework to more actions.
Future work will extend this framework to more actions,
longer-form videos, and in-depth exploration of integrating
human-physics-based features with modern MLLM:s.
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