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Figure 1. FlatSounds for video-to-audio physical benchmark. We test whether current video-to-audio models generate sound that
reflects controlled changes in physical factors. For counterfactual pairs, we time-warp videos so that only a single physical factor (e.g., jar
fullness) differs while impact timing remains aligned, and compare generated physical features such as pitch (left). For single-video tests,
we probe within-clip consistency and directional trends, such as increasing pitch for ascending piano key presses (right).

Abstract

Generative video-to-audio (V2A) models produce highly
plausible soundtracks, but it remains unclear whether they
capture the underlying physical processes. Existing evalu-
ations emphasize perceptual realism and overlook physical
correctness under controlled interventions. In this paper,
we introduce FlatSounds, a benchmark that audits the phys-
ical reasoning of V2A models through: 1) controlled coun-
terfactual pairs in which a single physical factor is varied,
and 2) single-video pattern tests that probe internal consis-
tency and directional trends. These settings test whether the
generated audio correctly reflects specific physical proper-
ties and timings. Our evaluation of state-of-the-art mod-
els reveals a consistent trade-off: models rely more on text
captions than the visual stream to infer physics and seman-
tics. Captions generally improve physical and semantic
accuracy, but paradoxically degrade temporal alignment.
Our results highlight the need to move beyond audio qual-
ity toward learning physical processes directly from pixels.
Finally, we find that our physics-based metrics correlate
strongly with human preference tests on our own data.

*Equal contribution
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1. Introduction

A core aspiration of artificial intelligence is to build general-
purpose world models [23, 33], systems that can simulate,
reason, and interact with the physical world. A simulation
of reality, however, is incomplete if it is silent, as sound is
a rich physical signal that reveals latent properties of the
world, such as material, fullness, or unseen dynamics, that
are often ambiguous to vision alone [3, 32, 61]. The task of
video-to-audio (V2A) generation [46, 71] serves as a criti-
cal test bed for this grand challenge. To successfully gener-
ate audio from video, a model must implicitly simulate the
physical processes that produce sound. When a metal spoon
strikes a glass (Fig. 1), the resulting acoustic texture [40] is
strictly governed by the object’s geometry, material com-
position, and interaction dynamics [16, 44]. A model that
truly understands this event is not merely pattern matching,
but also simulating an internal physics engine [4, 54].

However, this perspective reveals a stark deficiency in
the current evaluation. Recent V2A models [10, 11, 36, 69]
produce remarkably plausible sounds, but their success
is largely measured by distributional and semantic met-
rics (e.g., FAD and CLAP) [31, 64] that capture surface-
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level plausibility rather than deep physical understanding
[15, 26,45, 57]. This method obscures a fundamental ques-
tion: to what degree do these models truly capture the dy-
namics behind how and why a sound is emitted from phys-
ical interaction?

We argue that current benchmarks [11, 49, 60] are insuf-
ficient because they test correlation, not causal responsive-
ness. Generating a plausible clink for a glass does not im-
ply a correct internal model of the underlying physics. We
must evaluate the model’s response to controlled causal in-
terventions [48], where individual physical factors are sys-
tematically manipulated. How does the sound change when
the striker’s material shifts from metal to wood, or when
a container’s fullness is modified [8]? A model with a ro-
bust physical world model will correctly modulate acous-
tic properties such as attack time or fundamental frequency
[25, 72], while a model built on plausibility alone might fail.

To address this gap, we introduce FlatSounds, a new
V2A physical evaluation framework to systematically au-
dit the physical dimension of V2A models. Our benchmark
complements conventional metrics by introducing two eval-
uation modes: controlled counterfactual testing and single-
video pattern analysis. We curate time-warped video pairs
in which a single physical factor (e.g., material, geome-
try, environment) is modified while other factors remain
fixed, and we design single-video tests for internal con-
sistency (e.g., repeated identical impacts) and directional
trends (e.g., ascending pitch). Notably, for the counter-
factual pairs, we use time-warping to precisely align im-
pact timings, ensuring the isolated physical variable is the
sole cause of any acoustic change. We then use metrics
grounded in physics to measure if the change in generated
audio correctly reflects the video’s delta, and use timing-
related metrics to measure temporal alignment.

Our evaluation of state-of-the-art V2A models [11, 36,
52, 69] under varied conditioning settings yields a strik-
ing insight: while text captions generally improve seman-
tic alignment and physical correctness, they paradoxically
degrade temporal synchronization. Across most models,
removing captions actually improves certain timing-related
metrics. This exposes a critical bottleneck in the video en-
coder. Current models do not truly see the physics; they
preferentially read it from text when available, ignoring
the precise visual cues for timing and physical interaction.
They effectively “cheat” by relying on explicit text descrip-
tions rather than emergent visual understanding. The pro-
nounced performance drop in physical accuracy when cap-
tions are removed confirms this dependency, highlighting
a fundamental weakness in current visual representation
learning for physical processes. Our key contributions are:
¢ We introduce a benchmark that reframes V2A evalua-

tion from plausibility to physical correctness, providing

a new tool to audit whether models respond causally to
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controlled changes in physical factors.

We curate a dataset and protocols with two complemen-
tary modes: time-warped factual-counterfactual pairs
that isolate a single physical variable, and single-video
consistency tests for repeated patterns and directional
trends, enabling joint assessment of physical correctness
and temporal alignment.

We show that current V2A models tend to rely on text
for physical reasoning at the expense of visual temporal
alignment, revealing a core deficiency in video encoders
and reframing the central challenge as one of visual phys-
ical understanding.

2. Related Works

Video-to-audio generation. The field of V2A genera-
tion has evolved from specialized models for specific in-
teractions [46] to open-domain systems. Current meth-
ods employ diverse architectures, including auto-regressive
transformer models [27, 53, 56], diffusion, flow-matching,
and MaskGIT models for high-fidelity output [37, 38, 47,
55, 62, 66], and frameworks for video-audio co-generation
[24, 68], which typically involve parallel transformer blocks
for the video and audio modality with some form of cross-
modality fusion block. In contrast, a dominant and highly
successful approach, which includes several of our evalu-
ated baselines [11, 52, 69], involves a two-stage process:
first, adapting pre-trained text-to-audio diffusion models
[35] with visual adapters [28, 50], or employing multi-
modal joint training with text-audio data [11]. This reliance
on text is even more explicit in models such as ThinkSound
[36], which integrates a multi-modal LLM to first gener-
ate a textual chain-of-thought reasoning before synthesiz-
ing the audio. While these methods achieve state-of-the-
art plausibility, their architectural reliance on text motivates
our need for a benchmark that can audit whether visual-
physical grounding is being ignored. Our contribution is
a new benchmark to evaluate this critical dimension.

Video-to-audio evaluation. Current V2A evaluation is
primarily focused on plausibility, using datasets and metrics
designed to test in-the-wild correlations. The most common
evaluation datasets are large-scale, unconstrained collec-
tions of internet videos, such as AudioSet [20], VGGSound
[9]. These are essential for training, but as uncontrolled col-
lections, they do not provide the paired ground truth needed
for causal intervention analysis. Furthermore, creating the
necessary controlled interventions post-hoc via video ma-
nipulation remains an unsolved challenge [65]. The pri-
mary evaluation metrics fall into two main categories. First
are distributional and semantic metrics, such as FAD [31],
CLAP [64], and ImageBind [22]. Second are temporal syn-
chronization metrics, which typically use specialized mod-
els like Synchformer [28] to estimate the weighted tempo-



ral offset. Comprehensive benchmark suites, such as AV-
Benchmark [11], Movie Gen Audio Bench [49], and Kling-
Audio-Eval [60], package these semantic and temporal met-
rics into robust toolkits for evaluating broad performance.
While this landscape is mature, it is designed to measure
plausibility and correlation. Our work fills a critical gap
by providing a new framework to answer a causal question
using controlled interventions.

Physical and counterfactual evaluation. Recent work
in evaluating generative models has diverged into two key
trends. The first focuses on physical reasoning benchmarks
across visual domains. Recognizing the limits of plausi-
bility, frameworks have emerged to audit physical under-
standing in video generation models. These include VLM-
based assessments [5, 41], object tracking metrics [63],
human-aligned metrics [26], object-level specificity [2, 43],
and real physics experiments [67]. In parallel, for vision-
language models, benchmarks like PhysBench [13] and PAI
Bench [70] audit an understanding of concepts like mass
and density. We extend this line of inquiry from visual
properties to the audio domain. The second trend is causal
and counterfactual reasoning [48]. This framework is in-
creasingly used to diagnose and correct “shortcut learning”
[19]. Benchmarks in visual question answering [1, 30] use
counterfactual interventions to force models to learn true
causal structures. Our work proposes to synthesize these
two threads: we audit acoustic-physical properties using a
counterfactual intervention framework.

Acoustics. The link between the physical properties of an
object and its sound is well-established [7, 18]. Acoustics is
a broad field of physics that provides formal models linking
an object’s physical attributes, such as geometry, material
stiffness, and boundary conditions, to its resulting sound
texture [40], including its modal resonances (which deter-
mine pitch) and high-frequency damping (which determines
timbre) [16, 44]. On the perceptual side, psychoacous-
tics studies the human perception of these physical-acoustic
links [6, 42]. A key concept in this field is the Just Notice-
able Difference (JND) [14, 72], which defines the percep-
tual threshold for changes in features such as fundamental
frequency (pitch) or decay rate (duration). Prior work in this
area has specifically characterized the perceptual salience
of features such as attack time, which strongly correlates
with human perception of material hardness (e.g., metal and
wood) [17]. Our benchmark leverages this body of work by
selecting a suite of objective, perceptually-relevant acoustic
measures for evaluating a model’s physical understanding,
moving beyond correlation-based scores.

3. Benchmark Metrics

We evaluate two complementary aspects of V2A models:
1) temporal alignment, and 2) whether the generated sound
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responds correctly to single-factor physical changes in the
conditioning video.

3.1. Temporal Alignment

We measure audio-video alignment on impact-style events.
Our benchmark videos heavily feature actions such as tap-
ping, scratching, plucking, clapping, and smacking. These
actions typically produce sounds with short attacks and dis-
tinct peaks in their amplitude envelope. We manually anno-
tate the onset times of such events in each video (see Sec.
4.2 for details).

Given the annotated event times, we evaluate the gen-
erated audio by detecting onset candidates using an onset-
strength detector with an envelope-based fallback, and
checking whether at least one detected event lies within an
adaptive temporal window around each annotation. This
yields an event recall score that we term Hit Coverage (%).
We focus on recall rather than precision, since additional
unannotated sounds (e.g., ambient noise) may be physically
plausible and should not be penalized. We also measure the
Timing Error as the average deviation (in ms) of detected
hits from the ground truth annotation. Finally, since we gen-
erate multiple audio samples per video, we define Perfect
Align as the percentage of these generations that achieve
100% Hit Coverage.

3.2. Physical Correctness

Instead of requiring absolute accuracy in pitch ranges or at-
tack times, we focus on directional consistency under con-
trolled physical interventions. When a single relevant factor
in the video is changed, we ask whether the corresponding
change in the generated audio has the expected direction.
For instance, if a clapping video is moved from a heav-
ily furnished living room to a wide stairwell, we expect
an increase in reverberation. Our benchmark realizes such
single-factor changes across several sound attributes (see vi-
sualizations in the supplement) and measures whether the
predicted attribute changes in the correct direction.

Temporal envelope features. We capture impact dy-
namics and material-dependent damping through three
envelope-level quantities:

» Attack Time: The time it takes a sound to reach its peak
amplitude after onset. Replacing a soft material with a
harder one (e.g., foam with metal) decreases attack time.
Decay Rate: How quickly a sound decays after the at-
tack. A sheet of metal in firm contact with a table is more
strongly damped and should exhibit a higher decay rate
than the same sheet freely hanging in the air.

Temporal Modulation: The strength of rhythmic or am-
plitude fluctuations over time. Shaking a jar of coins
should yield stronger temporal modulation than shaking
a jar of sand.
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Figure 2. FlatSounds dataset. How should sound change when we manipulate specific visual properties of a scene? FlatSounds contains
indoor recordings of everyday household objects producing sound under controlled variations. Many clips are arranged into time-aligned
counterfactual pairs in which we alter a single factor (material, environment, texture, etc.) while keeping the rest of the scene fixed,
allowing us to test whether generated audio changes in the expected way. We show the distribution of objects, hits, and metrics (left), as
well as example frames of several counterfactual pairs presented in the dataset (right).

Room acoustics. We measure changes in environment us-
ing two standard reverberation measures:

Room Reverberation Time (RT60): The time it takes
the sound level to decay by 60dB. The RT60 of a large
hall is typically on the order of several seconds, while a
small absorptive room has an RT60 below one second.
Direct-to-Reverberant Sound Ratio (DRR): The ratio
between the energy of the direct sound and the energy of
the reverberant field. It quantifies the clarity of an envi-
ronment: a large hall has a lower DRR than a small room
since the reverberant energy is relatively stronger.

Spectral and tonal structure. We probe material and ex-
citation changes via spectral and pitch descriptors:

* Fundamental Frequency (F0): The lowest-frequency
component of a periodic sound. It is the primary phys-
ical correlate of perceived pitch [12]. FO should ascend
or descend as we play ascending or descending notes on
any instrument.

Spectral Centroid: The center of gravity of the magni-
tude spectrum in each STFT frame. The spectral cen-
troid is perceived as the sound’s “brightness” or “sharp-
ness” [29, 59]. Harder materials should have an increased
spectral centroid [17, 21]. For example, an impact on
glass should produce a higher centroid than a similar im-
pact on wood or on a sofa.

Spectral Flux: The average frame-to-frame change in
spectral magnitude [34]. Spectral flux is related to the
perceived “roughness” or “busyness” of a sound [72]. For
instance, smoothly cutting paper with scissors should ex-
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hibit lower spectral flux than tearing paper.

* Spectral Rolloff: The frequency below which a fixed
proportion (typically 85%) of the total spectral energy
is contained [34]. Stepping on dry leaves should yield a
higher rolloff frequency than stepping on wet leaves, due
to the wider spread of energy at higher frequencies.

4. Benchmark Construction

We describe the construction of FlatSounds, the video
dataset that supports our alignment and physical correctness
benchmarks. The dataset is deliberately compact but tightly
controlled: each clip is recorded with a specific physical
factor and metric in mind, enabling targeted counterfactual
and single-video tests rather than uncontrolled coverage.

4.1. Data Collection

FlatSounds comprises 185 unique indoor clips (Fig. 2), all
of which are used in both our single-video alignment anal-
ysis and our physical correctness evaluations. Each clip
is paired with a human-written caption and timestamps of
sound-producing events.

We design the following criteria for collecting video
clips: 1) each clip should be between 5 and 10 seconds;
2) the sound-producing event should be roughly centered
within the frame; 3) the interaction produces clear, high-
energy onsets with a distinct peak in the audio energy enve-
lope; 4) sound events should occur roughly 1-5 times per
video, with at least half a second in between each event



to facilitate event detection. We focus on impact-style and
other clear-onset events because their discrete timing and
relatively clean causal structure make single-factor attribu-
tion and temporal-alignment auditing more reliable.

All videos are recorded indoors using smartphone cam-
eras and onboard microphones. We focus on everyday phys-
ical interactions between household objects (jars, utensils),
furniture and structural elements (doors, floors), human
hands, and instruments. To probe room acoustics, we record
matched interactions in acoustically distinct environments,
such as near cushioned sofas vs. hard walls, and in narrow
corridors or stairwells vs. more absorptive living spaces.

The clips are organized around the metrics introduced
in Sec. 3. For temporal metrics, we record impact and
short-friction events that differ in material, contact geom-
etry, or damping (e.g., the same metal object struck on a
table vs. hanging freely). For spectral metrics, we design
clips that systematically vary pitch, material hardness, or
texture (e.g., gravel vs. wood impacts). For environmental
metrics, we record the same gesture across rooms that dif-
fer in size and absorption. Many of these clips are further
grouped into factual-counterfactual pairs that isolate a sin-
gle manipulated factor (material, fullness, environment, or
action), while others are used as single-video pattern tests
(e.g., monotonic pitch sequences or repeated identical hits).
We refer to this benchmark as FlatSounds to emphasize its
focus on everyday physics within an apartment-like setting.

4.2. Annotation

Each video is annotated with a text caption and exact tim-
ings for sound events of interest. In order to introduce a
degree of automation into this process, we narrow our set
of sound-generating events to ones that produce a distinct
peak when plotting the sound energy envelope. This limits
us to common impact-generating sounds such as clapping,
tapping, playing musical notes, and fast friction events.

Sound event timing annotation. To obtain precise event
timings, we follow a semi-automatic procedure. For each
audio track, we compute a short-time Fourier transform and
derive a frame-wise energy envelope by taking the RMS
of the magnitude spectrum across frequencies. We then
apply scipy.find_peaks [58] with conservative detection
thresholds to get candidate timestamps of onset peaks. In
practice, background noise and long-tailed resonances, es-
pecially from ringing metal, often introduce multiple false-
positive peaks (see the supplementary material for details).
We therefore perform a manual verification step: inspect
each candidate peak, remove spurious detections, add any
missed onsets, and discard clips for which a clean set of
event peaks cannot be reliably extracted. The resulting ver-
ified timestamps serve as ground truth for our alignment
metrics and as anchor points for constructing time-aligned
counterfactual pairs.
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Creating counterfactual pairs. We construct counterfac-
tual video pairs to evaluate the model’s causal responsive-
ness. Our goal is to temporally align the sound events to the
best of our ability, such that the video pairs only differ in
the object, action, or background setting that we alter.

We identify pairs from FlatSounds using ground-truth
audio annotations and expert knowledge of acoustics, an-
notating each pair with at least one metric change from
Sec. 3.2. At test time, we check that the generated models
comply with the direction of the annotated metric change
(e.g., we expect an increase in Temporal Modulation from
video A to B). The counterfactual video must contain at
least as many annotated sound events (hits) as the factual
video. We use only the first N hits for alignment if there
are more. We record multiple versions of each interaction
with varying hit counts to enable flexible pairing.

For temporal alignment, we warp the counterfactual
video to match the factual video’s event timings. We set
time-annotated sound events as anchor points, then stretch
or compress the time between anchor points such that the
annotated peaks occur at the target timestamps. Frames
between anchor points are resampled to achieve the target
frame count and segment duration. The time-warping pro-
cedure may result in unnatural motion if timestamps differ
substantially, but we find results generally good without in-
troducing visual artifacts. For single sound events, warping
is unnecessary as we can achieve alignment through frame-
trimming alone.

5. Experiments

Here, we evaluate recent V2A models using our bench-
mark, as well as existing metrics such as FAD, KL, Incep-
tion Score, ImageBind, CLAP, DeSync. We aim to demon-
strate that our FlatSounds benchmark and physics-informed
metrics evaluate V2A model quality in an interpretable and
effective manner, and would serve as a good complement to
existing evaluation frameworks.

5.1. Experimental Setup

Evaluated models. We evaluate a representative set of
state-of-the-art V2A models: FoleyCrafter [69], Hunyuan-
V2A [52], MMAudio [11], ThinkSound [36]. To test the
hypothesis that models rely on explicit textual cues for
physics, we also include MMAudio-Phys, our own fine-
tuned variant of MMAudio using physics-aware captions
gathered using custom prompts with Omni-captioner [39].
We also evaluate the contribution of the caption during in-
ference by evaluating all models with and without captions.

Datasets and evaluation protocols. We evaluate the
available models on both VGGSound [9] and FlatSounds.
On VGGSound, we employ all standard evaluation proto-
cols: Fréchet Audio Distance (FAD, computed with PANN,



Table 1. Per-metric average confidence on FlatSounds-Physics. “Temporal Mod.” denotes Temporal Modulation, and “Avg.” reports the
average confidence over all metrics. All metrics are higher-is-better (7).

Method Attack Time Decay Rate F0  Spectral Centroid Spectral Flux Spectral Rolloff Temporal Mod. RT60 DRR Avg.
MM Audio-Phys (w/ Caption) 0.290 0.310 0.334 0.368 0.321 0.395 0.237 0.310 0.189 0.306
Hunyuan-V2A (w/ Caption) 0.267 0.320 0.326 0.332 0.403 0.305 0.283 0.247 0.262 0.305
Hunyuan-V2A (w/o Caption) 0.232 0.306 0.258 0.294 0.383 0.300 0.320 0.271  0.300 0.296
MMAudio-Phys (w/o Caption) 0.293 0.279 0.310 0.318 0.309 0.347 0.263 0316 0.164 0.289
ThinkSound (w/ Caption) 0.243 0.188 0.198 0.267 0.174 0.294 0.299 0232 0.157 0.228
MMAudio (w/ Caption) 0.209 0.175 0.228 0.259 0.253 0.223 0.266 0232 0.189 0.226
MMAudio (w/o Caption) 0.200 0.171 0.230 0.265 0.237 0.243 0.196 0.217 0.230 0.221
ThinkSound (w/o Caption) 0.213 0.194 0.249 0.266 0.246 0.248 0.225 0.177 0.152 0219
FoleyCrafter (w/o Caption) 0.180 0.179 0.182 0.241 0.294 0.215 0.299 0.176  0.188 0.217
FoleyCrafter (w/ Caption) 0.158 0.157 0.177 0.234 0.267 0.230 0.333 0.143  0.147 0.205

Table 2. Overall performance on FlatSounds-Physics. All metrics
are higher-is-better (1).

Method Confidence Hit Coverage Perfect Align CLAP

MMAudio-Phys (w/ Caption) 0.306 82.65 59.82 0.630
Hunyuan-V2A (w/ Caption) 0.305 90.21 69.31 0.633
Hunyuan-V2A (w/o Caption) 0.296 91.50 70.50 0.593
MMAudio-Phys (w/o Caption) ~ 0.289 83.69 61.00 0.602
ThinkSound (w/ Caption) 0.228 74.81 51.52 0.573
MMAudio (w/ Caption) 0.226 75.02 52.03 0.642
MMAudio (w/o Caption) 0.221 75.81 51.50 0.616
ThinkSound (w/o Caption) 0.219 75.05 51.10 0.548
FoleyCrafter (w/o Caption) 0.217 83.39 60.70 0.548
FoleyCrafter (w/ Caption) 0.205 66.52 44.70 0.573

PaSST, and VGG embeddings) [31], KL, Inception Score
(IS) [51], ImageBind Score (IB) [22], CLAP score [64], and
DeSync [28]. On FlatSounds, we run all aforementioned
standard evaluations in addition to our proposed metrics for
alignment and physical correctness, as described in Sec. 3.

5.2. FlatSounds Metric Implementation

Temporal alignment metrics. Our temporal alignment
metrics (Sec. 3.1) evaluate whether the generated audio
from a given video produces energy peaks at the annotated
timestamps extracted from the ground-truth audio. These
metrics are computed on all 185 captioned and timing-
annotated clips (FlatSounds-Single).

Physical correctness metrics. Our physical correctness
metrics operate on a set constructed from 185 unique indoor
clips referred to as FlatSounds-Physics. Using time-warped
pair construction, we get 178 paired video tests containing
at least one annotated metric with an expected direction of
change (|A|), and 90 single-video tests for physical metrics
that do not require counterfactual pairs (internal consistency
and directional trends within a video). This gives us a total
of 268 test cases for FlatSounds-Physics.

It would be meaningless to judge directional changes in
metrics if the generated audio is too far from the expected
content to even compare. We alleviate this with a “soft gate”
to ensure audio is both temporally aligned and semantically
plausible before judging its physical correctness. The fi-
nal Confidence score for any metric is computed from per-
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seed weighted votes. For each seed, we define a quality
weight that equally balances temporal alignment and se-
mantic plausibility; for pair comparisons, the temporal and
semantic terms each take the minimum of the factual and
counterfactual scores for that seed. Audio that is poorly syn-
chronized or semantically incorrect is not discarded but has
its influence on the final score proportionally reduced. Fi-
nally, we report Confidence for each metric as the weighted
proportion of seeds that satisfy the expected physical trend.
We provide a detailed formulation in the supplement.

Statistical testing. Our benchmark’s Confidence score is
derived from statistical voting over 10 seeds.
Increase/Decrease: For pair comparison, a seed only
votes if its delta |A| exceeds a robust effect-size thresh-
old, 7 = max(2% of mean, 25% of robust_std). Seeds
with sub-threshold changes (JA| < 7) or NaN values
(e.g., no hit detected) are counted as failures.
Ascending/Descending: For single-video monotonicity
tests (e.g., piano scale), we extract per-hit FO sequences
in logs space. For n = 2 hits, we check the sign of the dif-
ference. For n > 3, we use Spearman’s rank correlation
p with adaptive thresholds (|p| > 0.40 for n < 4, 0.30 for
5 < n < 7,and 0.25 for longer sequences). Seeds with
insufficient valid hits (n < 2) are counted as failures.

No Change: For pair comparison, we use a strict equiva-
lence test: the 95% CI of the mean delta must fall entirely
within a wider band [—7.4, +7¢,]. For single-video tests,
we compute a robust coefficient of variation against a per-
metric threshold based on JND [72].

5.3. Physical Benchmark Performance

We first audit models using FlatSounds-Physics, which iso-
lates causal reasoning by ensuring identical event timings.

Physical correctness evaluation. The primary finding
from FlatSounds-Physics is that all current models strug-
gle with physical reasoning. As summarized in Table 2,
the physical Confidence score remains low across models,
indicating that current models struggle to learn acoustic
physics from pixels. Per-metric analysis (Table 1) shows
MMAudio-Phys (w/ Caption) highest on average, indicat-
ing that physics-aware captions provide a noticeable boost.



Table 3. Comparison of V2A models on VGGSound and standard benchmark metrics. All models are evaluated under two conditions:
with (w/) and without (w/o) text captions. | indicates lower is better. 1 indicates higher is better. Best results are in bold.

Method FAD-PASST | FAD-PANN | FAD-VGG| KL-PANNS| KL-PASST | ISt IB 1 DeSync |
MM Audio-Phys (w/ Caption) 54.73 3.97 0.61 1.37 1.16 1849  34.89 0.405
MMAudio-Phys (w/o Caption) 66.31 4.38 0.64 1.75 1.49 1343 33.11 0.399
MMAudio (w/ Caption) 65.86 4.89 1.08 1.68 1.40 17.59  33.03 0.445
MMAudio (w/o Caption) 63.84 4.50 0.80 2.12 1.82 1445 3246 0.436
FoleyCrafter (w/ Caption) 182.46 18.45 3.06 225 2.24 1531  25.87 1.195
FoleyCrafter (w/o Caption) 191.30 19.53 3.82 2.50 2.42 10.89 28.27 1.172
Hunyuan-V2A (w/ Caption) 78.38 10.02 2.11 2.04 1.79 1529  31.66 0.340
Hunyuan-V2A (w/o Caption) 114.51 15.06 2.12 2.52 2.28 7.59 31.19 0.326
ThinkSound (w/ Caption) 52.44 4.82 0.71 1.44 1.26 17.98 2924 0.455
ThinkSound (w/o Caption) 62.32 5.02 0.75 1.64 2.18 1030 26.74 0.433

Table 4. Temporal comparison on FlatSounds-Single, where Hit
Coverage (%) and Timing Error (ms) are reported.

Method Hit Coverage ©  Timing Error |
Ground Truth 97.12 £ 1.72 17.25 £ 2.64
Hunyuan-V2A (w/o Caption) 68.55 + 3.52 44.34 £ 1.04
Hunyuan-V2A (w/ Caption) 65.21 £ 3.81 44.76 £+ 1.01
MMAudio-Phys (w/o Caption) 56.46 £ 2.77 46.63 + 1.05
MMAudio-Phys (w/ Caption) 50.69 £ 4.23 51.34 £ 1.09
FoleyCrafter (w/o Caption) 49.74 £+ 4.25 49.32 £ 1.09
FoleyCrafter (w/ Caption) 48.85 £+ 3.07 51.48 £ 1.12
ThinkSound (w/o Caption) 36.34 £ 3.58 53.15 £ 1.19
ThinkSound (w/ Caption) 33.74 £ 3.61 53.66 £+ 1.21
MMAudio (w/o Caption) 31.95 + 3.88 56.20 £ 1.17
MMAudio (w/ Caption) 31.12 £3.85 57.67 £ 1.20

Most models show higher Confidence with captions, while
FoleyCrafter is the only exception, with captions slightly
reducing Confidence.

Difficulty of physical properties. Our per-metric anal-
ysis reveals a consistent difficulty ordering. On average
across models, spectral properties such as Spectral Flux,
Spectral Centroid, and Spectral Rolloff are the easiest met-
rics, while DRR is the most challenging, with Decay Rate
and Attack Time also remaining difficult. This suggests
that current models capture frequency-domain characteris-
tics more readily than fine-grained temporal dynamics and
some acoustic environment cues.

5.4. Semantic Plausibility Evaluation

Next, we evaluate all models on semantic plausibility met-
rics from the standard benchmark. These results, gath-
ered from both VGGSound and the FlatSounds-Single set
of videos, establish a core trade-off inherent in current ar-
chitectures.

As shown in Table 3, adding captions typically improves
semantic plausibility. MMAudio-Phys (w/ Caption) attains
the best results on most semantic metrics, with ThinkSound
(w/ Caption) achieving the best FAD-PASST. This trend
holds among most models: providing text often lowers FAD
and KL scores, while raising IS and IB scores. This is mir-
rored in our FlatSounds-Single (Table 5), where captions
generally reduce FAD and KL, and also improve IB, while
IS does not improve consistently. This result is intuitive:

1945

explicit text guidance aids the model in generating semanti-
cally correct and high-fidelity audio.

5.5. Temporal Alignment Evaluation

We evaluate all models for temporal alignment with respect
to videos, using our temporal alignment metrics on Flat-
Sounds videos, and DeSync on both FlatSounds and VG-
GSound. In all cases, we observe that captions tend to de-
grade temporal synchronization. On VGGSound (Table 3),
Hunyuan-V2A (w/o Caption) yields the best DeSync over-
all, and for every model DeSync is lower (better) without
captions. This pattern is corroborated on our FlatSounds-
Single (Table 4), where Hit Coverage is consistently higher
without captions. Timing Error is also consistently lower
without captions for all models, further confirming that text
competes with precise visual timing.

5.6. Human Evaluation

Finally, we conduct a human study on a subset of our
benchmark data to validate our metrics. The study uses
4}? Vldeps, samlzil.ed to br.oadly. COVET . tle 6. Spear-
the main recording settings in our .= o tion
benchmark. We set up the evalu- ¢ voA metrics wrr.

ation as a pairwise preference test: ELOQ ranking.
each trial presents a randomly se-
lected source video together with tWo  Metric Value
generated audio tracks from two ran- — gap_passt = 07
domly selected models. The raters are =~ FAD-PANN 0.5
. FAD-VGG 0.6
asked to select the preferred video- i _panns 05
audio pair, taking into account syn- FSL-PASST 8-2
chronization, presence of audio hallu- 5 05
cinations, and overall physical plau- Biiygc 8;
sibility. Due to the significant cost —Goimdence 0.9
of pairwise comparisons, we limit our ~ Hit Coverage 0.9
Perfect Align 0.9

human study to captioned versions of
MMAudio-Phys, MMAudio, FoleyCrafter, Hunyuan-V2A,
and ThinkSound. The final results of the human study are
summarized in Table 7, where we see broad agreement be-
tween the human-study ranking and the ranking induced by
our benchmark when restricted to the captioned models in
Table 2. Using the ELO ranking as an oracle, we calculated
the Spearman rank correlation between each metric as com-




Table 5. Comparison across V2A models on FlatSounds-Single, where all metrics are presented with 95% confidence intervals.

Method FAD-PASST | FAD-PANN | FAD-VGG | KL-PANNS | KL-PASST| ISt IB 1 DeSync |

MMAudio-Phys (w/ Caption) ~ 861.47 £ 10.80 6417 £1.51 7.81£023 213007 2654007 4.600.13 0297 +0.005 0.723 & 0.019
MMAudio-Phys (w/o Caption) 919.67 +10.69 7321 £ 156 7.91£021 248008 2.89 £0.07 4.67+0.15 0.287 £0.004 0.717 £ 0.019
MMAudio (w/ Caption) 865.95 £ 1002 6674 £159 929+£025 230+£008 2.82+£007 4.89+0.18 0313 +0.004 0715+ 0.018
MMAudio (w/o Caption) 894.99 +£10.32 7365+ 1.68 932+£024 257+£0.09 2924007 4.89+0.14 0301 £0.005 0.711 £ 0.017
FoleyCrafter (w/ Caption) 870.77 £ 932 10348 £231 1238£034 318009 2504007 4.620.15 0.277 £ 0.004 1.169 % 0.021
FoleyCrafter (w/o Caption) ~ 978.88 833 10211 £ 175 13.94+£056 3.65+0.09 3.17£0.08 5164 0.21 02550003 1.152 £ 0.021
Hunyuan-V2A (w/ Caption) ~ $33.82 £ 11.33 7633 +£1.67 851023 2442009 240007 491014 0315+ 0.004 0.683 £ 0.018
Hunyuan-V2A (w/o Caption) ~ 893.03 £10.07 80.55+1.67 896+024 2.87£009 284007 494 %015 0.299 £ 0.004 0.679 = 0.019
ThinkSound (w/ Caption) 97298 £ 1371 77.58 £ 145 689022 270008 286£007 493011 02350004 0754 £ 0.019
ThinkSound (w/o Caption) ~ 1044.44 = 11.34 9380 1.57 822027 330008 3224007 4.98+0.16 0210+ 0.004 0.760 & 0.019

Table 7. ELO rating summary of our pairwise human evaluation
study. Results are shown in descending order of rating, which
largely agrees with the ordering induced by FlatSounds-Physics in
Table 2. Full pairwise winrates are provided in the supplementary
material.

Model ELO Rating 1

Hunyuan-V2A (w/ Caption) 1556
MM Audio-Phys (w/ Caption) 1550
ThinkSound (w/ Caption) 1509
MMAudio (w/ Caption) 1447
FoleyCrafter (w/ Caption) 1438

puted on FlatSounds videos, reporting the absolute value
(higher is better) in Table 6. We find that our FlatSounds
metrics (Confidence, Hit Coverage, Perfect Align) all cor-
related strongly, with the best-performing standard metrics
being FAD-PASST and DeSync. This result suggests that
our metrics, as measured on our FlatSounds data, may be
more effective than most other standard metrics, while be-
ing interpretable and quick to compute. Notably, our align-
ment metrics correlated more strongly than DeSync. This
suggests that FlatSounds may be more effective for iden-
tifying alignment issues, though our metrics may not eas-
ily extend to arbitrary videos without the ability to cleanly
identify sound events.

5.7. Overall Analysis

Our experiments collectively expose a fundamental bottle-
neck in modern V2A models: the video encoder. The re-
sults repeatedly show a central paradox that text captions
improve semantic correctness but simultaneously degrade
temporal alignment, pointing to a deep-seated architectural
flaw. Current models treat text as the primary source of what
to generate (the semantic category) while treating video as
a secondary source of when to generate (the timing). The
degradation in temporal alignment indicates a processing
conflict: the model, in prioritizing text, tends to lose track
of the precise visual cues for onset.

Conversely, the pronounced drop in semantic quality in
the no-caption setting highlights this dependency. Most im-
portantly, the consistently low physical confidence scores
reveal that the video encoder, on its own, is not learning to
extract physical properties from pixels. It cannot see the
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difference between metal and wood in a way that informs
the audio synthesis. The model’s limited understanding of
physics is not an emergent property of visual simulation but
is merely parroted from the text prompt when available.
We argue that the current V2A’s focus must shift. The
challenge is no longer just improving audio synthesis qual-
ity. The central problem is building video encoders that can
internalize the rich physical and semantic information cur-
rently provided as a textual “cheat”. Until this is solved,
V2A models will remain naive script-readers, not true phys-
ical world models capable of reasoning from observation.

6. Conclusion

Our work introduces FlatSounds, a new benchmark that re-
frames video-to-audio generation as a principled audit of
a model’s implicit understanding of the physical world. It
moves beyond plausibility to audit causal responsiveness
using controlled counterfactual interventions and single-
video pattern tests. Our experiments reveal a consistent lim-
itation: current models struggle to learn physical processes
from pixels, with or without text conditioning. We find they
are also deeply dependent on text for semantic understand-
ing, and that this reliance creates a fundamental trade-off:
semantic and physical correctness are typically gained at
the cost of temporal synchronization. This work provides a
tool to systematically measure this gap, reframing the cen-
tral challenge for the field. The goal is no longer just about
improving audio synthesis, but building visual representa-
tions that can internalize physical processes from pixels. We
will release code, dataset, and models on our project site.

Limitations and broader impacts. Our current bench-
mark is focused on single-factor interventions within in-
door environments. It does not yet capture the complex-
ity of compound physical interactions (e.g., simultaneous
changes in force, material, and geometry) or the full spec-
trum of in-the-wild acoustic phenomena. We believe scal-
ing this causal framework to more complex scenarios is a
critical future direction. Furthermore, as models improve on
these metrics, they will generate more causally convincing
audio, which increases the potential for misuse in creating
misleading media. Responsible development and detection
strategies will remain essential.


https://research.nvidia.com/labs/dir/flatsounds/
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