
Remove several clips

Relocate several 
consecutive clips

Downscale the resolution

Apply  mismatched 
artistic style transfer

Flip clips mentioning 
left/right relations

Reduce the contrast

Replace backgrounds 
with unrelated scenes

Erase prompt-specified 
objects by inpainting

Edit color-specified 
objects to different colors

Replace frames for 
motion-related clips三

Q. Which video has 
    higher quality in aspect α?

Pairwise Evaluation Framework

Main Results

SLVMEval: Synthetic Meta Evaluation Benchmark 
for Text-to-Long Video Generation

Vi
de

o-
Te

xt
 C

on
si

st
en

cy
Vi

de
o 

Q
ua

lit
y

The subject, dressed in  a dark suit, is 
positioned against a blurred background. 
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Motivation

Contribution

SLVMEval: Dataset Construction Experiments

Original
Video

Degraded 
Video

Long videos × Aspect-specific degradations for fine-grained evaluation

The video opens w ith a close-up of a book 
cover against a white background. 

They walk from  one side to the other, 
crossing a sm all yard w ith  a traditional. 

There is a rapid change to a blurry 
image of a vin tage car red.

The final fram e transitions to a w ide, 
panoram ic shot of a snow  landscape.

To the left of the desk , there's a small 
green container and a set of gray. 

• Humans achieve around 90% accuracy across all 10 aspects, 
  while the strongest model (GPT-5)  falls short of humans in 9 aspects.
• Video-Text Consistency is particulalry challenging !!

・Accuracy generally decreases as video duration increases.
・This tendency appears in most systems and most aspects.

Sensitivity to Video Duration

Output
✓ First 

(Second)

✘ Second 
(First)

✘ Second 
(First)

Degradation 
Operations〜

〜
〜 〜

〜〜 〜
〜
〜
〜〜

〜〜
〜〜

〜
〜〜 〜〜 〜

First video:

Second Video:  
{caption: The woman…}

Video Quality

---  Human 94.6% ---  Human 89.8%

Video-Text Consistency

Summary: Existing VLMs still struggle with tasks that humans find easy!!

Project Page

✘

Evaluation Systems
Humans

VLM-as-a-judge

CLIPScore
SLVMEval
dataset

Dense video
captioning
dataset

T2V evaluator

T2V model

1min 10min 2hr

Sora2

8s 25s

Qwen-3 GPT-5

FrontierSOTA
Veo3

Long video content

Prompt: 

Aesthetics

Appearance Style

Technical Quality

Background Consistency

Object Integrity

Spatial Relationship

Temporal Flow

Dynamics Degree

Comprehensiveness

Color

SLVMEval enables fine-grained meta-evaluation via 
controlled degradations across 10 aspects.

• 

• 

• 

Human-validated benchmark videos average 19 min, 
reaching a approximately  max 3 hrs.
Existing evaluators lag behind humans in 9 out of 10 
aspects, especially for video-text consistency.

As T2V models move toward long-video generation, 
reliable automatic evaluators are becoming essential 
for scalable, low-cost feedback. However, it remains 
unclear whether current evaluation systems can truly 
understand and judge long videos. To address this gap, 
we introduce SLVMEval, a fine-grained benchmark for 
meta-evaluating automatic video evaluation systems.


