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Abstract

Recent advances in vision-language models (VLMs) have
made impressive strides in understanding spatio-temporal
relationships in videos. However, when spatial information
is obscured, these models struggle to capture purely tem-
poral patterns. We introduce SpookyBench, a benchmark
where information is encoded solely in temporal sequences
of noise-like frames, mirroring natural phenomena from bi-
ological signaling to covert communication. Interestingly,
while humans can recognize shapes, text, and patterns in
these sequences with over 98% accuracy, state-of-the-art
VLMs achieve 0% accuracy. This highlights a critical limi-
tation: an over-reliance on frame-level spatial features and
an inability to extract meaning from temporal cues. Over-
coming this limitation will require novel architectures or
training paradigms that decouple spatial dependencies from
temporal processing. Our systematic analysis shows that this
issue persists across model scales and architectures. We re-
lease SpookyBench to catalyze research in temporal pattern
recognition and bridge the gap between human and machine
video understanding. Dataset and code are available on the
project website.

1. Introduction
Large multimodal models have revolutionized visual un-
derstanding in both images [5, 20, 26, 28, 51, 80] and
videos [3, 54, 84, 85, 99]. Recent Video-Vision Lan-
guage Models (Video-VLMs) demonstrate impressive ca-
pabilities across action recognition [38, 89, 100], visual
question answering [4, 58, 61, 96, 102], dense caption-
ing [13, 17, 18, 39, 63, 91, 93], and temporal ground-
ing [15, 79, 92]. Yet even in tasks labeled as temporal,
strong per-frame spatial cues often allow models to succeed
without genuinely reasoning over time [10, 25, 46]. This
paper introduces SpookyBench, a benchmark that closes
this loophole. Every stimulus is constructed so that indi-
vidual frames appear as noise; the signal exists only in the
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temporal relationship between frames. Existing temporal
benchmarks [10, 44, 47, 95] still entangle spatial and tem-
poral cues, making it difficult to diagnose where a model’s
understanding breaks down. SpookyBench eliminates this
confound entirely. In spirit it parallels ARC-AGI [23], which
uses synthetic puzzles to isolate core reasoning; here, con-
trolled stimuli isolate a single fundamental capability, ex-
tracting meaning from change over time.

Current approaches to video understanding [59, 75] typi-
cally follow a hierarchical paradigm: extract frame-level
features using ViTs [6, 29, 65], integrate these features
temporally, and fuse them with language for downstream
tasks [45, 81, 88, 98]. This paradigm has yielded significant
advances in general video understanding [31, 43, 59, 75].
However, our findings reveal a critical blind spot: when infor-
mation exists purely in the temporal domain without reliable
frame-level features, state-of-the-art models fail catastrophi-
cally (Figure 1). The inability to decode temporal patterns
has significant implications for real-world applications. In
nature, organisms such as fireflies communicate through pre-
cise temporal sequences of bioluminescence [11, 60, 66],
encoding information exclusively through timing rather than
spatial arrangements. Similarly, in medical domains, pre-
ictal EEG patterns for epileptic seizure prediction emerge
only through temporal analysis [73]. These natural exam-
ples demonstrate how temporal patterns can carry rich in-
formation even when individual observations contain min-
imal static content. Similarly, various human technologies
from Morse code to digital communication protocols rely
on temporal encoding, yet current Video-VLMs lack the
fundamental mechanisms to process such information.

The human visual system has evolved mechanisms for
processing temporal information without relying solely on
spatial cues [1, 37, 76]. Neuroscience research has revealed
that temporal processing is distributed across neural struc-
tures rather than centralized in a single area [56], and the
brain uses intrinsic network dynamics to perform temporal
computations [62]. Areas such as the parietal cortex integrate
temporal information along with spatial and numeric mag-
nitudes [8]. Our experiments confirm humans’ remarkable
temporal perception: participants achieve over 98% accuracy
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Figure 1. Illustration of the current video-language models’ limitations: over reliance on spatial visual features within individual frame.
Frame sampling results in temporal information loss, while the visual encoder exhibits a strong spatial bias. This creates a coherence gap
(×) between well-represented spatial features (objects, scene layouts) and under-represented temporal features (motion patterns, causality),
limiting video understanding capabilities.

on SpookyBench tasks without training. In stark contrast,
our evaluation of 15 state-of-the-art Video-VLMs, including
closed-source commercial systems such as GPT-4o [36], and
Gemini 2.0 Flash [27], reveals near-zero accuracy on these
same tasks.

This performance gap persists across model architectures,
parameter scales, and pre-training strategies, from compact
systems like VideoLLaMA3-2B [97] to large-scale ones
such as GPT-4o [36] and Qwen-VL [80], and extends to
models designed specifically for video understanding in-
cluding LongVLM [85], LLaVA-NeXT-Interleave [45], and
InternVideo2.5 [84]. Efforts to enhance temporal reasoning
through specialized temporal modeling [64, 68, 83] and fine-
grained temporal localization [15, 53, 79] have not addressed
the challenge of extracting meaning from purely temporal
patterns without reliable spatial features.

Our findings suggest that achieving human-like video
understanding requires rethinking how neural architectures
process temporal information. Rather than treating tem-
poral integration as secondary to spatial feature extraction,
future models may need dedicated mechanisms for tempo-
ral pattern recognition, drawing inspiration from cognitive
neuroscience research on distributed neural timing mecha-
nisms [56, 62] and specialized brain regions for temporal
processing [8, 57]. The gap between human and machine
performance on SpookyBench indicates that current archi-
tectures remain “time-blind” despite strong performance on
standard benchmarks. We release SpookyBench to catalyze
research into temporal reasoning in Video-VLMs, with ap-
plications ranging from medical diagnostics to autonomous
systems that must interpret temporal cues in complex envi-
ronments.

2. Related Work
2.1. Temporal Reasoning in Video-VLMs
Video-VLMs have advanced through several architectural
families, including LLaVA variants [43, 45, 51, 52, 54, 99],
the Qwen series [5, 80], InternVL models [20, 21, 84], dual
encoders [55], interleaved tokens [3, 103], compression tech-

niques [70], and multimodal fusion [81, 88, 98]. All of these
exhibit limited temporal reasoning, with hallucinations [44],
grounding failures [79], and reliance on linguistic short-
cuts [40] persisting across action recognition [38, 89, 100],
question answering [4, 58, 96], and captioning [13, 39, 93].
Targeted interventions such as timestamp-aware encod-
ing [68], segment-level reasoning [64], direct token process-
ing [53], temporal separation tokens [15], specialized tempo-
ral streams [79, 83], and synthetic training paradigms [59, 75,
96, 99] have not closed this gap, and dedicated video archi-
tectures like VideoGPT+ [55], TimeChat [68], LinVT [35],
LongVLM [85], and Baichuan-Omni [49] extract spatial fea-
tures first and treat temporal integration as an afterthought.

These limitations are further corroborated by temporal
understanding benchmarks; TemporalBench [10] reveals
a significant gap between model and human performance,
TVBench [25], VITATECS [47], and Fateh et al. [34] con-
firm that many datasets reward spatial analysis over tem-
poral reasoning, and targeted evaluations surface specific
failures in temporal hallucinations [44], streaming video rea-
soning [95], and temporal location, object tracking, and
anomaly detection [48]. Across these analyses, models
such as LLaVA-Video [99], Video-ChatGPT [54], Tempo-
ralVLM [34], and VidChain [42] exploit spatial shortcuts
instead of temporal reasoning [15, 40, 44, 79]. SpookyBench
addresses this by obscuring spatial information and forcing
models to extract meaning from temporal dynamics alone,
exposing a “time-blindness” that conventional benchmarks
leave undetected.

2.2. Neuroscience Insights on Temporal Processing
Human perception of temporally-defined objects relies on
the Gestalt principle of common fate [86], whereby coher-
ently moving elements are grouped together, enabling figure-
ground segregation from motion alone [37]. Tangemann et
al. [76] showed that a cortical motion energy model [71]
matches human performance on random dot segmentation
while 40 deep optical flow models fail, and relatedly, recent
works [9, 12] encode motion into structured noise for video
diffusion control. Beyond these perceptual grouping mecha-
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Model Direct Prompt CoT Params
Human Performance 98.0% ± 0.6 N/A N/A

Open-Source Models
VideoLLaMA3-7B [97] 0% ± 0.0 0% ± 0.0 7B
VideoLLaMA3-2B [97] 0% ± 0.0 0% ± 0.0 2B
TimeChat-7B [68] 0% ± 0.0 0% ± 0.0 7B
MiniGPT4-Video [3] 0% ± 0.0 0% ± 0.0 7B
MovieChat [74] 0% ± 0.0 0% ± 0.0 7B
Video-ChatGPT-7B [54] 0% ± 0.0 0% ± 0.0 7B
VideoGPT-plus-Phi3-mini-4k [55] 0% ± 0.0 0% ± 0.0 7B
VILA1.5-13b[50] 0% ± 0.0 0% ± 0.0 13B
ShareGPT4Video-8B [13] 0% ± 0.0 0% ± 0.0 8B
VideoLLaMA2-7B [22] 0% ± 0.0 0% ± 0.0 7B
Video-LLaVA [99] 0% ± 0.0 0% ± 0.0 7B
LLaVA-NeXT-Video [45] 0% ± 0.0 0% ± 0.0 8B
InternVL2-40B [20] 0% ± 0.0 0% ± 0.0 40B
InternVL2-8B [20] 0% ± 0.0 0% ± 0.0 8B
InternVL2.5-78B [19] 0% ± 0.0 0% ± 0.0 78B
InternVL2.5-8B [19] 0% ± 0.0 0% ± 0.0 8B
InternVideo2.5-Chat-8B [84] 0% ± 0.0 0% ± 0.0 8B
InternVideo2-Chat-8B [82] 0% ± 0.0 0% ± 0.0 8B
Qwen2-VL-2B-Instruct [80] 0% ± 0.0 0% ± 0.0 2B
Qwen2-VL-7B-Instruct [80] 0% ± 0.0 0% ± 0.0 7B
Qwen2-VL-72B-Instruct [80] 0% ± 0.0 0% ± 0.0 72B
Qwen2.5-VL-3B-Instruct [5] 0% ± 0.0 0% ± 0.0 3B
Qwen2.5-VL-7B-Instruct [5] 0% ± 0.0 0% ± 0.0 7B
Qwen2.5-VL-72B-Instruct [5] 0% ± 0.0 0% ± 0.0 72B
Qwen3-VL-8B-Instruct [78] 0% ± 0.0 0% ± 0.0 8B

Closed-Source Models
Gemini 2.5 Pro [24] 0% ± 0.0 0% ± 0.0 N/A
Gemini 1.5 Pro [77] 0% ± 0.0 0% ± 0.0 N/A
Gemini 2.0 Flash[27] 0% ± 0.0 0% ± 0.0 N/A
GPT-4o [36] 0% ± 0.0 0% ± 0.0 N/A

Table 1. Benchmark results comparing model performance on
SpookyBench across different prompting strategies along with
model size. Human accuracy (98.0%) is the weighted average of
accuracy across 3 different categories.

nisms, neuroscience research offers insights for addressing
temporal limitations in Video-VLMs. Mauk and Buono-
mano [56] established that temporal processing is distributed
across neural structures through intrinsic circuit properties,
contrasting with current Video-VLMs’ sequential spatial
processing. The human brain processes time at multiple
granularities, with the cerebellum handling millisecond-to-
second timing [57], the parietal cortex integrating temporal,
spatial and numerical magnitudes [8], and neural patterns
encoding time through “population clocks” [62]. Distributed
temporal representations that evolve over time [62, 87] offer
an alternative to treating temporal integration as secondary.
The performance gap on temporal tasks [10, 25, 44] and our
SpookyBench findings demonstrate that current architectures
lack mechanisms for processing purely temporal patterns, a
natural capability in humans through neural systems repre-
senting time as intrinsic dynamics.

3. SpookyBench
We introduce SpookyBench, a novel synthetic dataset
specifically designed to isolate and evaluate pure temporal
understanding in video language models. The key innova-
tion of our benchmark lies in its unique design: All mean-

ingful information is encoded exclusively in the temporal
domain through dynamic patterns of texts, images and video
depth maps, while individual frames contain only structured
noise. Our dataset is fundamentally different from the exist-
ing datasets used for training, fine-tuning, and evaluation of
video-VLMs. Many state-of-the-art video language models
employ advanced techniques, such as dynamic resolution
strategies [5, 20, 80], specialized temporal encoding meth-
ods [5, 68, 80], hierarchical token merging [84, 85], and joint
video-motion training frameworks [14] to capture temporal
dynamics. However, these methods still rely on spatial repre-
sentations extracted from individual frames, which currently
remain the only viable mechanism for inferring temporal
information. In contrast, SpookyBench forces models to
depend only on temporal cues, thereby creating the first
benchmark that exclusively evaluates a model’s ability to
process and understand pure temporal information.

3.1. Dataset Generation
Figure 2 shows our proposed data generation framework.
The dataset consists of specially designed videos that encode
three types of content - words, images, and videos - using
binary noise patterns with specific motion properties. In
this approach, content is embedded within noise patterns
such that individual frames appear as random noise, while
the content becomes perceptible only when viewed as a
temporal sequence. Our dataset encodes different types of
content (Figure 3) through temporal noise animations in the
following categories: 1) Words: Text rendered as masks in
which the background noise and foreground noise move in
opposite directions, making the text visible only through tem-
poral movement. 2)Images: Binary masks generated using
SAM2 [67] from single-object images generated using text-
to-image model Flux [41], encoded using the same content
mask animation approach as words. 3) Dynamic Scenes:
Depth maps extracted from videos in single-object track-
ing datasets LaSOT [32] and OTB2015 [90] using Video
Depth Anything [16]. These are encoded using a technique
in which pixels above a brightness threshold move while
others remain static as shown in the algorithm 2.

3.2. Temporal Encoding Framework
Our temporal encoding framework implements two distinct
motion configurations as detailed in Algorithms 1 and 2. For
words, and image masks (Algorithm 1), we employ oppos-
ing motion patterns between foreground and background.
The content is first converted to a binary mask M where
M(x, y) = 1 represents foreground pixels and M(x, y) = 0
represents background. We generate two separate noise pat-
terns Nbg and Nfg consisting of random binary values (0 or
255). During animation, foreground pixels sample from Nfg

with a positive offset that increases with time (y+vt mod h),
while background pixels sample from Nbg with a negative
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Key Principle: Opposing Noise Movement

Content Mask Background Noise Foreground Noise

Animation States: Moving vs. Paused

Moving (Content Visible)

Background Foreground

Background

Content

Down/Right Up/Left

Brain groups pixels by motion direction
Content becomes visible

Paused (Content Disappears)

Background Foreground

No motion = No content

Content Mask
(Text, Object, Shape)
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Foreground Noise
(Moves Up/Left)

Brain Perceives Content Through Motion Brain groups motion → Content becomes visible

Figure 2. Illustration of the temporal encoding framework used in SpookyBench. Left: Core mechanism showing how content becomes
visible through opposing motion patterns. A content mask defines regions where foreground noise (moving up/left) and background noise
(moving down/right) are applied. When animated, the human visual system groups pixels with similar motion, causing the content to emerge.
Right: Comparison between moving and paused states, demonstrating how content is only perceptible during animation and disappears
when static, as individual frames contain only structured noise.

Category Basic SNR (dB) Perceptual SNR Temporal Coherence Motion Contrast
Images -46.95 ± 2.40 -47.28 ± 2.28 8.00 ± 2.08 7.17 ± 5.00
Dynamic Scenes -48.95 ± 3.64 -63.43 ± 5.74 21.91 ± 5.76 -3.18 ± 10.17
Text -39.27 ± 1.58 -49.18 ± 3.31 7.84 ± 0.65 8.26 ± 6.44

Table 2. Signal-to-Noise Ratio (SNR) metrics across SpookyBench
categories.

offset (y − vt mod h). This creates the perception of oppos-
ing motion within and outside the masked regions. For video
depth maps (Algorithm 2), we employ a threshold-based ap-
proach. Using depth maps D extracted from videos, pixels
with brightness values between lower and upper thresholds
(tl ≤ d ≤ tu) are animated by sampling a noise pattern
N with a time-varying offset (y + vt mod h), while pixels
outside this range remain static. This creates the illusion that
brighter regions (typically foreground objects) are moving
while darker regions (typically background) remain static.
The noise patterns are generated using binary values (0 or
255) in square blocks of variable size. We used different
speckle sizes ranging from 1× 1 to 3× 3 pixels to investi-
gate the effect of noise granularity on perception. For each
speckle size, we also varied the noise density - the proba-
bility that a block is white versus black - using values of
10%, 30%, 50%, and 90%. These noise patterns arranged in
pixel blocks create optimal perceptual conditions for human
viewers while remaining challenging for vision language
models. To ensure seamless animation, the noise patterns are
made tileable by copying edge pixels to the opposite bound-
aries. All videos maintain consistent technical specifications:
960× 540 pixel resolution, with an average duration of 7.11
seconds (ranging from 1.0 to 35.0 seconds) and an average

of 333.5 frames per video. Text videos have a consistent
duration of around 4 seconds; however, videos of dynamic
scenes are longer, ranging up to 35 seconds. Figure 2 illus-
trates the structure of the data set and the encoding patterns
in categories. We used binary masks for the images using
SAM2 [67]. For videos, depth maps are extracted using
Depth Anything V2 [94] and Video Depth Anything [16]
from the LaSOT [32] and OTB2015 [90] datasets.

3.3. Data Statistics
SpookyBench comprises 451 videos in three distinct cate-
gories, each requiring purely temporal reasoning for content
identification. The dataset is distributed as follows: Text
(46.6%, 210 videos), Object Images (40.8%, 184 videos) and
Dynamic Scenes (12.6%, 57 videos). Although Dynamic
Scenes comprise only 12.6% of videos, they account for
42.5% of total frames due to their longer duration, balancing
the frame-level distribution across categories. This distribu-
tion ensures comprehensive coverage of different temporal
perception challenges while maintaining a natural frequency
distribution that reflects real-world scenarios. Additionally,
more dataset can be generated indefinitely through the data
generator on our project page, thus the dataset size is es-
sentially unlimited. The “Text” category contains common
English words rendered through temporal noise patterns,
enabling evaluation of models’ ability to identify linguistic
content through purely temporal cues. The “Object Images”
category presents single objects extracted from high-quality
images using segmentation techniques [67], encoded with
the same temporal animation approach. It also contains a
synthetic silhouette of simple objects generated using DALL-
E 3 [7] and flux [41].
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Figure 3. Noise generation process: (Top) masks applied for dy-
namic noise video generation, (Mid) word-specific mask, and (Bot-
tom) depth map of video frame used for constructing noise-overlaid
stimulus.

3.3.1. Analysis of Temporal Metrics
To ensure a rigorous quantification of the temporal informa-
tion present in each video, we analyzed five key 2. SNR met-
rics that capture different aspects of the complexity and per-
ceptibility of temporal patterns in SpookyBench, as shown
in Table. These metrics provide insight into why temporal
patterns might be visible to humans but challenging to detect
by computational models.

Basic SNR measures signal-to-noise ratio in decibels:

SNRB = 10 log10

(
PS

PN

)
(1)

where PS = E[∥∇F∥2] is motion boundary energy de-
rived from spatial gradients of optical flow field F(x, y) =
(Fx, Fy), and PN = Var(I0) is variance of the static frame
I0.
Perceptual SNR incorporates frequency-dependent visual
sensitivity:

SNRP = 10 log10

(
∥H(B)⊙W∥2

∥H(N)⊙W∥2

)
(2)

where B is the average motion boundary strength, N is the
static noise frame,H is the 2D Fourier transform, ⊙ denotes
element-wise multiplication, and W (f) = f · e−f/f0 is the
contrast sensitivity weighting function with peak f0 ≈ 0.1
cycles/pixel.
Temporal Coherence SNR quantifies motion consistency:

SNRT = 10 log10

(
Var(C)

E[Varlocal(C)]

)
(3)

where C = e−Varθ(F) · 1(∥F∥ > τ) is the directional coher-
ence map, Varθ computes circular variance of flow direction

angles over time, 1 is indicator function, τ is magnitude
threshold, and Varlocal computes variance over small spatial
neighborhoods.
Motion Contrast SNR measures foreground-background
motion differentiation:

SNRM = 10 log10

(
∥µM − µB∥2
1
2 (σ

2
M + σ2

B)

)
(4)

where µM = E[F | M ] and µB = E[F | ¬M ] are mean
flow vectors within mask region M and background region
¬M respectively, σ2

M = E[∥F − µM∥2 | M ] and σ2
B =

E[∥F − µB∥2 | ¬M ] are corresponding motion variances.
The mask M is estimated from the motion boundaries.

The distribution of these metrics reveals why current vi-
sion models struggle with SpookyBench: they lack mech-
anisms to leverage temporal coherence (particularly high
in Dynamic Scenes, 21.91 ± 5.76 dB) and motion contrast
(negative for Dynamic Scenes, -2.20 and -3.18 dB), while
text stimuli benefit from higher basic SNR (-39.27 ± 1.58
dB), explaining the observed performance gap.

3.3.2. Binary SNR Threshold Effect in Detection
Our analysis shows a binary threshold phenomenon in de-
tecting text within dynamic noise videos. The words shows
negligible detection (∼0%) below 2.5dB SNR, but jumped
to 85.7% accuracy above this threshold, displaying an abrupt
rather than gradual transition as show in figure 5. Similar
threshold behavior appears for images (inflection at 6.0 dB)
and dynamic scenes (9.0 dB). Prompts performed best (40%
accuracy), with Chain-of-Thought reasoning improving gen-
eral identification tasks compared to direct prompting. This
phenomenon parallels medical imaging diagnostics, where
pathologies like microcalcifications in mammography be-
come either entirely visible or invisible based on specific
SNR thresholds [69]. The implications are significant: un-
like perceptual phenomena that degrade gradually with noise,
text detection functions as a step function, creating vulner-
abilities in safety-critical applications. Just as radiologists
cannot diagnose what remains invisible, language models
cannot identify text below certain noise thresholds, leading
to false certainties and potential catastrophic performance
drops with minimal noise increases. This characteristic cre-
ates particular concerns for autonomous vehicles reading
road signs or medical systems interpreting labels, while also
exposing systems to adversarial attacks where slight SNR
manipulations could render text completely undetectable.

4. Experiments
4.1. Experimental Setup
Models. We evaluate SpookyBench on both open source
models (Video-LLaVA [99], LLaVA-NeXT-Video [45],
TimeChat [68], InternVL2 [20], Qwen2-VL [80], Qwen2.5-
VL [5] etc.) and closed source models (GPT-4o [36], Gemini
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Algorithm 1 Content Mask Animation

1: Input: Content mask M , velocity v
2: Output: Animated frame Ft

3: Generate noise patterns Nbg , Nfg

4: for each pixel (x, y) do
▷ Check pixel’s mask status

5: if M(x, y) then
6: Ft(x, y)← Nfg(x, y + vt mod h)

▷ Foreground
7: else
8: Ft(x, y)← Nbg(x, y − vt mod h)

▷ Background
9: end if

10: end for

Algorithm 2 Video Depth Map Animation

1: Input: Depth map D, thresholds (tl, tu), velocity v
2: Output: Animated frame Ft

3: Generate noise pattern N
4: for each pixel (x, y) do
5: d← brightness from D(x, y)
6: if tl ≤ d ≤ tu then
7: Ft(x, y)← N(x, y + vt mod h)

▷ Moving noise
8: else
9: Ft(x, y)← N(x, y)

▷ Static noise
10: end if
11: end for

2.0 Flash [27], and Gemini 1.5 Pro [77]. We design different
prompts for each category. All the prompts are included in
the Appendix. All prompts instruct models to respond with
only 1-5 words identifying the content. We input sequences
of multiple video frames simultaneously for models that do
not directly support video input.
Setup. We evaluate model performance using exact match
accuracy. For Text, each video has a single correct label
yi. For Object Images and Dynamic Scenes, we define a set
of acceptable labels Yi = {yi1, yi2, . . . , yin} to account for
semantic ambiguity (e.g., a video showing “a man playing
basketball” accepts “playing basketball”, “man”, “human”,
or “woman playing basketball”). Accuracy is computed as
Accuracy = 1

N

∑N
i=1 1(ri ∈ Li), where Li = yi for Text

and Li = Yi for the other categories. We also verified all
responses manually and with LLM-as-a-judge evaluation,
a standard practice in VLM evaluation pipelines [30]; both
yield identical 0% performance (details in Appendix). De-
spite this flexible protocol, no model produced responses
matching any acceptable option.

4.2. Human Evaluation

To evaluate human performance against our benchmark, we
designed and conducted a controlled experiment involving
human participants. We recruited a total of six human partici-
pants for this study, each independently evaluating all videos.
Participants were instructed to view each video carefully
and subsequently record their responses on an anonymized
website in the following structured form: 1) Perceptibility
Rating (1-5): Participants rated how perceptible the pre-
sented word, shape, or object was, ranging from 1 (very
difficult to perceive) to 5 (very clearly perceptible). This
measure provided insights into the clarity and ease of visual
grouping. 2) Words/Objects Identification: Participants
typed out exactly what they identified in the video. This re-
sponse directly tested the accuracy of their visual perception.

Annotator Text Images Dynamic Scenes
Acc(%) Perc(1-5) Acc(%) Perc(1-5) Acc(%) Perc(1-5)

Annotator 1 99.5 4.7 99.5 4.7 96.5 4.3
Annotator 2 98.6 4.8 98.4 4.9 91.2 4.0
Annotator 3 99.5 4.9 97.2 4.5 94.7 4.4
Annotator 4 97.6 4.6 96.7 4.5 91.2 4.0
Annotator 5 100.0 4.8 99.5 4.7 99.0 4.7
Annotator 6 98.0 4.7 97.8 4.5 93.0 4.2

Mean 98.9±0.7 4.8±0.0 98.2±1.1 4.7±0.1 94.3±3.1 4.3±0.1

Table 3. Human evaluation results showing accuracy and percepti-
bility ratings across different visual categories in SpookyBench.

We collect and evaluate participant responses using exact
match criteria based on our predefined labels. Similar to
the evaluation accuracy of the video language models for
the categories of Object Images and Dynamic Scenes, we
accepted multiple correct responses to avoid ambiguity. Ta-
ble 3 shows the average precision and the perception rating
of different annotators for different categories. The results
show high human performance across all categories: partici-
pants correctly identified Words with 98% accuracy, while
Object Images had 92% accuracy. We also observe a very
high perceptibility rating (4.8 for texts and 4.3 and 4.0 for
Object images and Dynamic scenes, respectively) across all
three categories. This shows that the human brain can easily
extract coherent information in videos, which seems to be
very difficult for video language models.

4.3. Impact of Frame Rates
To examine whether temporal sampling affects performance,
we evaluate both humans and VLMs across frame rates from
1 to 30 FPS. Three human participants tested 120 randomly
sampled videos (40 per category) at 1, 5, 10, 20, and 30
FPS, while four VLMs (Qwen2-VL-7B, Qwen2.5-VL-7B,
Qwen2.5-VL-3B, and GPT-4o) were evaluate using identi-
cal temporal downsampling. As shown in Tables 4 and 6,
human accuracy remains above 95% at 20-30 FPS, degrades
to 59.4% at 10 FPS, and drops to 0% at 1 FPS. In contrast,
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Category 1 FPS 5 FPS 10 FPS 20 FPS 30 FPS

Images 0.0 12.5 80.0 95.8 97.5
Words 0.0 10.8 35.8 95.8 95.8
Videos 0.0 15.0 62.5 93.3 93.3

Average 0.0 12.8 59.4 95.0 95.6

Table 4. Human accuracy (%) across different content categories at
varying frame rates. Results are averaged across 3 participants on
120 videos (40 per category).
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Figure 4. Training and validation loss over all batch steps for a
random binary classifier tasked with detecting foreground noise in
video clips. The loss oscillates around 0.7, consistent with random
prediction on a balanced dataset.

all VLMs achieved 0% accuracy across all frame rates. This
demonstrates that temporal sampling frequency does not
explain the performance gap between humans and current
video-language models, indicating that VLMs lack the ar-
chitectural mechanisms to process information conveyed
through temporal patterns regardless of temporal resolution.

4.4. Impact of Finetuning
To investigate whether the performance gap stems from
out-of-distribution data rather than architectural limitations,
we finetuned two state-of-the-art video-language models on
SpookyBench: InternVL2.5-8B and Qwen2-VL-7B. Both
models were trained on 400 SpookyBench videos for up
to 30 epochs using LlamaFactory [101]. Despite this tar-
geted training on the exact task and data distribution, both
models maintained 0% accuracy on the test set. This result
demonstrates that the failure to decode temporal patterns is
not attributable to domain mismatch or insufficient exposure
to the task, but rather indicates a fundamental architectural
inability to process information conveyed purely through mo-
tion without relying on spatial content. We refer the reader

Model Words Images Videos Overall

Qwen2-VL-7B (Baseline) 0.0% 0.0% 0.0% 0.0%
Qwen2-VL-7B (Augmented) 50.95% 70.51% 1.75% 51.54%

GPT-4o (Baseline) 0.0% 0.0% 0.0% 0.0%
GPT-4o (Augmented) 56.19% 83.33% 3.51% 59.10%

Table 5. Performance comparison with and without motion bound-
ary augmentation. Pre-computing and highlighting motion bound-
aries dramatically improves accuracy, demonstrating that temporal
information is computationally extractable but inaccessible to cur-
rent VLM architectures.

to the supplementary material for detailed results.
Can SOTA Visual Models Tell There’s an Object? We
finetuned two video classification models, VJEPA-2[2] and
DINOv3[72], on the task of predicting foreground noise pres-
ence. After 30 epochs, training loss saturated near chance-
level accuracy (50%) on the validation set (Figure 4), indicat-
ing that neither model could learn a discriminative represen-
tation from the frame-level features. The inability to overfit
confirms that temporal patterns in this data are inaccessible
to architectures operating on individual frames.

4.5. Impact of Motion Boundary Augmentation
To further validate our hypothesis that VLM failure stems
from an inability to extract temporal patterns rather than task
impossibility or OOD, we pre-computed motion boundaries
using classical optical flow (Farneback method [33]) and
overlaid them onto the noisy frames before feeding them to
models. This converts implicit temporal information into
explicit spatial cues. As shown in Table 5, Qwen2-VL-7B
jumps from 0% to 51.54% overall (50.95% on text, 70.51%
on images), and GPT-4o reaches 59.10%. The substantial
performance gain when temporal information is converted
to spatial representations provides computational evidence
that: (1) the benchmark tasks are solvable when appropriate
preprocessing is applied, (2) current VLM architectures can
process motion information if presented spatially, and (3)
the fundamental limitation lies in the absence of temporal
integration mechanisms that perform frame differencing and
motion extraction, operations that classical computer vision
methods accomplish routinely.

The Videos category shows minimal improvement
(1.75%), consistent with our optical flow analysis in the
supplementary material: complex articulated motion in dy-
namic scenes produces fragmented boundaries that remain
hard to interpret even when spatially highlighted.

5. Results and Discussion
Table 1 presents the accuracy scores on the SpookyBench
benchmark. Human participants achieved 98% accuracy un-
der all test conditions. In contrast, all Video-VLMs scored
0% regardless of the type, size, or origin of the model. This
pattern was held across all three task categories in our bench-
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Model Qwen2-VL-7B Qwen2.5-VL-7B Qwen2.5-VL-3B GPT-4o

Accuracy (%) 0.0 0.0 0.0 0.0

Table 6. VLM accuracy (%) averaged across all tested frame rates
(1-30 FPS).

mark: temporal symbol recognition, temporal sequence un-
derstanding, and temporal pattern reasoning. We test two
different prompting strategies to determine if performance
limitations could be overcome through interface modifica-
tions. First, we used direct prompts with basic instructions
asking the models to identify content in the videos. Next, we
implemented chain-of-thought prompts with explicit guid-
ance to focus on temporal patterns rather than individual
frames. As shown in Table 1, none of these approaches
yielded improvements. All models maintained 0% accuracy
across all prompting conditions, suggesting that the limita-
tion is inherent in the model architectures rather than a matter
of optimization or prompt design. Examination of model
output revealed consistent failure modes when processing
SpookyBench videos.

Across all models tested, we observed attempts to extract
information from individual frames rather than temporal
patterns. When explicitly prompted to consider temporal
changes, the models acknowledged the instruction but still
failed to identify the patterns. For instance, Qwen-series
models consistently predict “clock” or “coffee cup” re-
gardless of input, indicating pattern collapse rather than
meaningful temporal processing. Fine-tuned models pro-
duced outputs that mimicked training examples without cor-
rectly identifying test patterns. In particular, specialized tem-
poral models like TimeChat [68], which were specifically
designed for fine-grained temporal understanding, failed at
the same rate as general-purpose models. This suggests
that the limitation extends beyond general Video-VLMs to
models explicitly optimized for temporal tasks.

5.1. Architectural Implications for Vision Models.
Distinctive signal profiles in SpookyBench demonstrate a
fundamental gap between human and machine perception of
temporal information. Current vision models struggle with
SpookyBench stimuli primarily because they: (1) lack ro-
bust temporal integration mechanisms that could leverage
high temporal coherence, (2) process information primarily
through spatial rather than temporal channels, and (3) fail to
perform motion-based figure-ground segregation effectively.
The consistently high temporal coherence values in Dynamic
Scenes, coupled with their poor static-frame metrics, suggest
that successful models must implement recurrent processing
or attention mechanisms that operate across extended tem-
poral windows rather than focusing on frame-level feature
extraction. The negative motion contrast observed in Dy-
namic Scenes further indicates that models require more so-
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Figure 5. Analysis of effects of SNR on detecting text, image
and dynamic scenes with direct prompting and chain of thought
prompting.

phisticated motion segregation capabilities to match human
perceptual abilities in dynamic visual environments. These
findings highlight the need for architectural innovations that
specifically address temporal processing limitations. Future
models should incorporate dedicated temporal coherence
pathways, motion contrast analysis, and longer temporal in-
tegration windows to bridge the perception gap demonstrated
by SpookyBench.

6. Conclusion

In this paper, we introduced SpookyBench, a novel bench-
mark designed to evaluate the temporal reasoning capabili-
ties of video-language models by isolating temporal under-
standing from spatial comprehension. Our experiments re-
vealed a striking performance gap: while humans effortlessly
achieve 98% accuracy on tasks requiring pure temporal pat-
tern recognition, all tested models, including state-of-the-art
open and closed-source systems, fail completely with 0%
accuracy. This consistent failure across different model ar-
chitectures, scales, and prompting strategies highlights a
fundamental limitation in current video understanding ap-
proaches, which typically process spatial features first and
then establish temporal connections, rather than integrating
spatio-temporal information simultaneously. Importantly,
our additional analyses with foreground noise detection and
providing explicit motion cues to the model further vali-
date that the deficit arises not from task impossibility but
from architectural inability to internally extract temporal
structure. The benchmark effectively exposes the time blind-
ness of current architectures that remain hidden in conven-
tional evaluation settings where spatial features can provide
shortcuts to correct answers. We hope that SpookyBench
will inspire the development of next-generation temporal-
connected models.
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har. Learning video representations from large language
models. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 6586–6597,
2023. 1, 2

[101] Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan Ye,
Zheyan Luo, Zhangchi Feng, and Yongqiang Ma. Llamafac-
tory: Unified efficient fine-tuning of 100+ language models.
In Proceedings of the 62nd Annual Meeting of the Asso-
ciation for Computational Linguistics (Volume 3: System
Demonstrations), Bangkok, Thailand, 2024. Association for
Computational Linguistics. 7

[102] Yaoyao Zhong, Junbin Xiao, Wei Ji, Yicong Li, Wei-
hong Deng, and Tat-Seng Chua. Video question answer-

30917



ing: Datasets, algorithms and challenges. arXiv preprint
arXiv:2203.01225, 2022. 1

[103] Deyao Zhu, Jun Chen, Xiaoqian Shen, Xiang Li, and Mo-
hamed Elhoseiny. Minigpt-4: Enhancing vision-language
understanding with advanced large language models. arXiv
preprint arXiv:2304.10592, 2023. 2

30918


