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A COMPREHENSIVE QUALITY ASSESSMENT FRAMEWORK FOR A
SYNTHETIC VIDEO DATA IN ACTION RECOGNITION SYSTEMS

D.M. Galstyan

National Polytechnic University of Armenia

Synthetic video generation has become essential for training action recognition
systems when real data is scarce. However, evaluating whether generated videos are actual-
ly useful for training remains challenging. Current methods rely on metrics like Fréchet
Video Distance (FVD), which only measure distribution similarity and miss critical aspects
like physical realism, temporal consistency, and actual performance improvement. This
research presents a multi-dimensional quality assessment framework designed specifically
for synthetic action videos. The framework evaluates six dimensions: perceptual quality,
temporal consistency, motion realism, semantic correctness, diversity, and downstream task
utility. It has been tested on over 50,000 synthetic videos generated by GANSs, diffusion
models, and flow-based approaches across UCF-101, HMDB-51, and Kinetics-400. Results
show strong correlation with human expert judgments (0.91 Spearman) and accurately pre-
dict model performance improvements (0.89 Pearson). Most importantly, temporal con-
sistency and motion realism are far better predictors of usefulness than perceptual quality,
challenging current practices. The framework successfully identifies specific failures-
temporal jitter, physics violations, semantic drift-that traditional metrics miss, providing
actionable insights for improving the synthetic data quality.

Keywords: synthetic video quality, action recognition, video generation evalua-
tion, temporal consistency, motion realism.

Introduction. Synthetic video generation has become critical for action
recognition when real data are expensive or scarce. Recent advances in GANs, dif-
fusion models, and flow-based approaches can create increasingly realistic se-
guences. These synthetic videos are routinely used to augment training datasets,
balance class distributions, and preserve privacy. But here's the problem-nobody
really knows how to properly evaluate whether these generated videos actually
help train better models. Current evaluation borrowed metrics from image genera-
tion, particularly FVD and Inception Score. While these tell us something about
distribution similarity, they miss what actually matters for action recognition. A
video might score excellently on FVD while showing physically impossible
movements or temporal glitches. Conversely, a video with minor visual artifacts
might be highly effective if it preserves essential action characteristics. The limita-
tions are obvious. Temporal coherence is not properly checked-existing metrics
don't verify smooth, realistic motion. Semantic correctness remains unverified-a
"running” video might gradually drift toward "walking." Physical plausibility is
ignored-movements may violate biomechanical constraints. Diversity is poorly
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measured-generators might produce high-quality but overly similar videos. Most
critically, existing metrics show weak correlation with what matters: does synthetic
data improve model performance? This research addresses these issues with a
comprehensive framework built specifically for synthetic action videos (Fig.).

Traditional Approach Proposed Framework

Distribution Similarity Only e

Fig. Traditional single-metric evaluation versus proposed a framework with six quality
dimensions

Literature review. Recent advances in synthetic video quality assessment
have evolved from simple perceptual metrics to more sophisticated approaches,
though major gaps remain.

Video generation methods. GANs pioneered temporal modeling through
VideoGAN and TGAN architectures. Work [1] demonstrates that GAN-based syn-
thetic data augmentation can substantially enhance classification performance us-
ing transfer learning, achieving notable improvements over traditional methods.
This establishes key principles for evaluating synthetic data quality. More recent
architectures like MoCoGAN and DVD-GAN achieved impressive visual quality
but still struggle with long-term temporal coherence, particularly for complex ac-
tion sequences. Diffusion models represent a newer paradigm with remarkable
promise. In [2], the authors introduce Lumiere, a space-time diffusion model gen-
erating entire sequences in one pass, avoiding temporal consistency issues. Their
Space-Time U-Net demonstrates superior temporal coherence, though evaluation
remains limited to perceptual metrics. Work in [3] proposes Diffusion Forcing,
combining next-token prediction with diffusion for flexible generation while main-
taining temporal structure. Flow-based models offer explicit motion modeling,
conditioning generation on motion representations for more controllable synthesis.
However, comprehensive evaluation specifically for action recognition remains
limited.

Quality Assessment Gaps. Traditional video quality assessment relies on
perceptual metrics from image evaluation. FVD extends Fréchet Inception Distance
to videos by computing feature statistics from 3D CNNs [4]. While FVD became
standard, it has significant limitations-weak correlation with human perception and
failure to detect temporal artifacts humans readily spot a more recent work propos-
es video-specific metrics. Researchers introduce temporal coherence metrics based
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on optical flow consistency, showing that flow-based evaluation better captures
motion artifacts than frame-level metrics. Others propose action-specific quality
metrics, though requiring manual annotation limits practical applicability.

Evaluation for Action Recognition. Work [5] examines how augmentation
techniques affect recognition performance, finding that preserving motion patterns
matters more than perceptual quality. Their analysis suggests traditional metrics
poorly predict downstream utility. The survey in [6] examines imbalanced learning,
highlighting that quality assessment must consider per-class effectiveness, particu-
larly for rare actions. Human perception studies are crucial. Large-scale research in
[7] establishes that humans prioritize temporal consistency over spatial resolution
when assessing video quality, contradicting many computational metrics' emphasis.
Domain expertise significantly affects perception-motion experts detect biome-
chanical violations general viewers miss. Despite progress, significant gaps remain.
No existing framework comprehensively evaluates all dimensions relevant to ac-
tion recognition-temporal consistency, motion realism, semantic correctness, diver-
sity, and downstream utility together. Most metrics target general video rather than
action recognition training data specifically. This research fills these gaps with a
unified framework integrating multiple dimensions while maintaining strong corre-
lation with both human perception and downstream performance.

Methodology. This framework integrates six evaluation modules, each tar-
geting distinct quality aspects critical for action recognition.

Datasets and Setup. UCF-101 was used (101 action categories), HMDB-
51 (51 classes with high intra-class variation), and Kinetics-400 (400 categories for
large-scale evaluation). Synthetic videos come from three methods: GAN-based
with 3D discriminators, diffusion-based with motion conditioning, and flow-based
with temporal constraints. Each method generated 10,000 videos, totaling 50,000+
samples.

Framework Components. The framework evaluates six dimensions. Per-
ceptual quality measures visual fidelity through PSNR, SSIM, and LPIPS. Tem-
poral consistency analyzes motion smoothness using optical flow coherence and
frame interpolation prediction error. Motion realism verifies biomechanical plau-
sibility through pose estimation and physics constraints on joint angles, velocities,
and accelerations. Semantic correctness ensures the action characteristics are pre-
served using embeddings from pre-trained recognition models. Diversity prevents
mode collapse by measuring feature space variation and temporal pattern differ-
ences. Downstream utility predicts model performance improvement without ex-
pensive training. Each module produces normalized scores (0-1 range), enabling
direct comparison. The composite score integrates these through learned weighted
combinations.

Composite Scoring. The key innovation integrates all dimensions through
learned weighted combination:

Q: Ydwd . Qd + Ed,d' Wd’d' . Qd . Qd" (1)
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where wd represents dimension weights and wd,d' captures interaction effects between di-
mensions. Weights are optimized for correlation with human judgment and downstream
performance, enabling both holistic assessment and targeted diagnosis of failures.

Implementation. The framework processes a 5-second video (150 frames,
224x224) in 2.3 seconds on NVIDIA RTX 3090. Perceptual analysis takes 0.4s, temporal
consistency 0.8s, physics constraints 0.5s, semantic verification 0.4s, diversity 0.2s. Down-
stream utility prediction adds only 0.1s per video once calibrated. Calibration requires train-
ing on 1,000 samples, taking about 2 hours but needed only once per architecture.

Results. The framework was validated through comprehensive experiments covering
human perception, downstream utility, and generation method comparison.

Human Perception Correlation. Fifty expert annotators evaluated 2,000 videos
using standardized protocols. Each received ratings across six dimensions on 1-5 scales.
The framework achieves 0.91 Spearman correlation with human judgments, substantially
exceeding FVD (0.62), Inception Score (0.48), and LPIPS (0.71). Dimension-specific cor-
relations show temporal consistency (0.89) and motion realism (0.92) have the highest cor-
relation, confirming evaluators prioritize these over visual quality.

Performance Prediction. Three architectures were trained (13D, SlowFast, X3D)
on real and synthetic data combinations across 20 action categories. The composite score
strongly predicts accuracy improvements (Pearson r=0.89) with only 1.8 percentage point
error. Temporal consistency (r=0.84) and semantic correctness (r=0.82) are much stronger
predictors than perceptual quality (r=0.64), challenging conventional emphasis on visual
metrics.

Method Comparison. The framework enables systematic comparison across gener-
ation approaches(Table).

Table
Quality Assessment Across Generation Methods
Method Perceptual | Temporal | Physics | Semantic | Composite | Accuracy
Real Data 1.000 1.000 1.000 1.000 1.000 +0.0%
GAN 0.847 0.763 0.691 0.812 0.768 +4.2%
Diffusion 0.892 0.881 0.847 0.869 0.856 +7.8%
Flow-Based | 0.824 0.924 0.786 0.838 0.823 +5.9%

Diffusion methods achieve the highest overall quality (0.856) with strengths in
perceptual quality and temporal consistency, but weakness in diversity (0.792) suggests
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mode-seeking behavior. Flow-based approaches excel at temporal consistency (0.924) due
to explicit motion modeling but lag in perceptual quality (0.824).

Failure Detection. Diagnostic capabilities tested using controlled defects: tem-
poral jitter, physics violations, semantic drift, and reduced diversity. Specialized modules
effectively detect targeted defects-temporal metrics achieve 0.94 accuracy for jitter, physics
constraints reach 0.96 for violations, semantic verification attains 0.93 for drift. Traditional
metrics show substantially lower sensitivity (0.31-0.67). The composite score maintains
robust performance across all failure modes (0.84-0.92).

Action Category Analysis. Quality varies significantly across action types. Fine-
grained actions requiring precise hand movements show lower physics satisfaction (0.73
average) compared to whole-body actions (0.91). Actions with complex object interactions
exhibit reduced semantic correctness (0.76) versus simple locomotion (0.94). Short-
duration actions achieve higher temporal consistency (0.89) than extended activities (0.74).

Conclusion. This work introduces a comprehensive quality assessment framework
for synthetic action videos. By integrating six dimensions-perceptual quality, temporal con-
sistency, motion realism, semantic correctness, diversity, and downstream utility-the
framework provides assessment that strongly correlates with both human perception (0.91
Spearman) and practical effectiveness (0.89 Pearson). The most important finding: tem-
poral consistency and motion realism matter far more than perceptual quality for determin-
ing whether synthetic data help train better models. This challenges current practices priori-
tizing making videos "look good" over making them "work well." Validation on 50,000+
videos demonstrates generalizability, while computational efficiency (2.3 seconds per vid-
eo0) makes it practical for large-scale evaluation. This toolkit enables systematic comparison
of generation methods and provides actionable insights for improving synthetic data quality
in action recognition.
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T.U. Gupuwmjw

Uhtupbwhy  Jhntin  qtubpwghwu  nwpdbp £ Guplnpwgnyu  gnpdhp
gnpdnnnipniuutph dwuwsdwt  hwdwlwpgbph nwnigdwt  hwdwp, hwnwwbu  Bpp
hpwlwu wndwiutpp uwlwy Gu: Uunuwdbuwjuhy, gbubipwgyws wnbuwuinyetiph npwlyh
quwhwwindp' wprynp npwup ppwlwund pwdwpwp Bu nwungdwu hwdwp, dunwd k&
hhduwywtu dwpwnwhpwybin: Lbpywihu dbpnnubipp dbdwwbiu hhdugnwd Gu wjuwhup
swihnpnohsubiph pw, huswhupu b Fréchet Video Distance (FVD), npp dhwju swithnud k
pwofudwlt udwuneniup b pwg b pnnunud Jupunp wuwbunubpp, huswyhupp Gu
Phghljwywu  phpwwbuwywunyeniup,  dwdwuwlwihu  hGnbnnuywunyeniup b
Yuwuwwpnnuwunyjwu hpwywu pwpbjwyndp: Uu hGunwgnuinigyniup ubiplujwgunud
pwquwswih npwlp quwhwndwtu hwdwluwpg, npp hwwndy Jwyjwsd £ uhupbnpy
gnpdnnniniutbph whuwunyebph hwdwp: <wdwlwpgp quwhwwnd £ Jbg swihndubp'
puywinnuywu npwy, dwdwuwwyhu htinnbnnuywuniyejniu, ownpddwu
hpwwnbuwywunyeniu,  hdwuinwiht  Gouineynit,  pwqdwquuneiniu b hGnwaguw
wnwownpwuph oguwlwpneniu: Pnpdwnlb) Gup wiu wybjh pwu 50,000 uhupbtinpy
gyhntnubph Jpw, npnup gbubpwgyws Gu GAN-ubpny, nhdnighnt dnnbjubpn L
owywhlwYywu hnuph Yypw hpdudws dninbgnudutipny UCF-101, HMDB-51 L Kinetics-400
ptuwmbph Yypw: Uprynitupubipp gnyg Gu wwihu nidtin Ynpbywghw dwpn-thnpdwgbnubiph
quwhwwnwlwuubph hGn  (Uwhpdup 0.91) L 62gppn Ywujuwwmbund  Gu  dnnbih
Ywwwpnqulwunypjwu pwpbwynwp (Mppunup 0.89): Udbuwlywplnpp' dwdwuwlwihu
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htununnwywuniginiup b pwpddwt  ppwwnbuwlwunyeyniup wwn wykh  Jwy
Ywuluwwbunnutip  Gu  oguwlwpniyjwu  hwdwp, pwu  puluinnuiwu  npwyp,
dwpwwhpwybn wnwowgubing ubiplwihu ypwynhunw: <wdwlwngp hwonnnipjudp
pwgwhuwynnd £ Ynuypbnn  Swfjunnnuiubpp'  dwdwuwlwihu  nnnbpp,  $hahlwgh
fuwfunnuiubpp, hdwuwwiht 2Gnnwip, npnup wjwunwlwu swihnpnohsubpp pwg Gu
pnnunut’ nmpwdwnpbiny gnpduwlwt wnwowpynieyniuubp uhtuebnhy wdjwubph npwyh
pwpbjwydwu hwdwp:

Unwugpuyhti pwnbp. upbpbtipply Jphnbn npwl, qnpénnnipinibtibph Guitiwsnid,
ypnbin  qlbbpwgdwt  quwhwipnd, dwdwbwlughti  hGipunnwlwbnyenit,  pwpddwb
hpwipbuwlwniyenib:

KOMILJIEKCHASI CHCTEMA OLIEHKH KAYECTBA
CUHTETUYECKUX BUJIEOJAHHBIX IS CACTEM
PACIHIO3HABAHMS JEMCTBUI

J.M. T'ajctan

I'eHepanusi CHHTETHUECKUX BHJIEO CTaja BaKHBIM MHCTPYMEHTOM JUIl OOydeHHS
CHCTEM paclo3HaBaHMsA ACHCTBHM, OCOOCHHO KOrja peajibHble JaHHbIE penku. OgHaKo
OLICHKA TOTO, NEHCTBUTEIHHO JIM CT€HEPHPOBAHHbBIC BH/IEO MOJE3HBI AT 00ydeHHs, OcTa-
eTcs cloxkHoi 3amaueii. CoBpeMeHHbIE METOJbI OIMPAIOTCS Ha METPHUKH, TaKue Kak pac-
crosiaue Opernre ans Bugeo (FVD), koTopeie M3MEPSIOT TOJIBKO CXOACTBO pacIpeeIeHIH
U yIyCKalOT KPUTHYECKHE aCTeKThl, & UIMEHHO - (M3MYecKasi pealuCTUYHOCTh, BpeMEHHast
COTJIACOBAHHOCTh M (DPaKTHUYECKOE YIy4IICHHE MPOM3BOAUTENBHOCTH. J[aHHOE HccienoBa-
HHE NPEeJICTaBIIsIeT MHOTOMEPHYIO CHCTEMY OIIEHKH KauecTBa, CIEIMaIbHO Pa3paboTaHHYIO
JUISl CHHTETHYeCKnX BujeonelcTBuil. CrucreMa OIEHMBAET IIECTh N3MEPEHMH: MepIenTHB-
HOE Ka4decTBO, BPEMEHHYIO COTJIACOBAaHHOCTb, PEATHCTHYHOCTH JIBMXXECHUH, CEeMaHTHYe-
CKYI0 KOPPEKTHOCTb, Pa3HOOOpa3ue W MOJE3HOCTh IUIS IOCIEYIOINX 3ajad, KOTOpbIe
6putH mpoTecTupoBaHbl Ha Gomee yem 50 000 cHHTETHYECKHX BUAEO, CTEHEpHUPOBaHHBIX
GAN, mnddy3nOHHBIMA MOJICIISIMA M METOAaMH Ha OCHOBE ONTHYECKOTO IOTOKa Ha HA0o-
pax UCF-101, HMDB-51 u Kinetics-400. Pe3ysbpTaThl M0Ka3bIBaIOT CHIBHYIO KOPPEISAIIHIO
¢ cyxaenusimu skcrieptos (0,91 o CrnmpMeHy) ¥ TOYHO HPEACKa3bIBAIOT YIIyUIICHHE TPO-
n3pogutensHoctr Moaenu (0,89 mo IMupcony). Camoe rnaBHOE, BpEMEHHAs! COTJIACOBAH-
HOCTh U PEAJUCTHUYHOCTb JABMXEHUHN SBISIIOTCS IOpas3io JIyYIIMMU NPEeAUKTOpaMU MOJe3-
HOCTH, Y€M IIEePIENTUBHOE KaueCTBO, YTO OpOCaeT BBI30B COBPEMEHHOM mpakTuke. Cucre-
Ma YCIICITHO BBISBIISIET KOHKPETHBIE COOM - BPEMEHHbIE MCKaKEHUS, HApyIIeHUs (DU3UKH,
CEMaHTHYECKUH Apeid, KOTopble TpaIUuIOHHbIE METPUKH YIIYCKAIOT, IPEIOCTaBIII MPaK-
TUYECKUE PEKOMEHALNH M0 YIy4LIIEHUIO Ka4eCTBA CHHTETUYECKUX JTaHHBIX.

Knroueswvie cnosa: xauecTBO CHHTETHIECKOTO BHJICO, PACIIO3HABAHHE ACHCTBUIHA,

OLIEHKA IeHepaIiy BUJE0, BDEMEHHAs COINIACOBAHHOCTb, PEATUCTHUHOCTD JIBUKEHUI.
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