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Abstract

Studies of time perception in language mod-
els focus mainly on text-based settings. Yet
multimodal models are increasingly used
for tasks that require perceiving the pas-
sage of time, making the limits of their tem-
poral perception important to understand.
We measure the limits of duration percep-
tion from audio against a human baseline
to address this gap. Drawing from psy-
chophysics, we operationalise duration per-
ception as a melody recognition task, testing
when a melody becomes unrecognisable as
it is slowed down. Of 21 tested models, most
cannot recognise well-known melodies with-
out labelled in-context examples. With in-
context examples, seven recognise melodies
reliably, most peaking within the median
human recognition band. Generalisation is
limited: (i) recognition peaks shift with in-
context example speed, (ii) melody titles in-
duce prediction bias, and (iii) providing ex-
amples with scientific pitch notation does not
prevent accuracy declining at long note dura-
tions for most models. In humans, the recog-
nition window is a property of the perceiver;
in current models, it is largely a property of
the prompt.

1 Introduction

There is increasing interest in understanding time
perception in large language models (LLMs) (Chen
et al., 2025). Existing approaches can be largely
separated into two strands: One probes duration
perception on the discourse level, measuring its
alignment with humans’ subjective judgements of
duration or urgency (Wang et al., 2025; Cheng
et al., 2026) (“What feels longer, A or B?”"). The
other strand investigates LLMs’ ability to esti-
mate task duration and calibration on the agen-
tic level (Garikaparthi, 2026; Ofengenden and An-
driushchenko, 2026) (“How long do you need for
this task?”). However, the limits of time perception
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in multimodal large language models (MLLMs)—
and how they compare with human limits—remain
poorly understood. We investigate these limits us-
ing a melody recognition task that combines psy-
chophysics and Gestalt psychology (Gilden, 2025).

Melody recognition survives temporal rescal-
ing (Lerdahl and Jackendoff, 1996): a familiar
tune remains recognisable at various pitches and
tempi (Tenney and Polansky, 1980). Our percep-
tion limit is demarcated by when a familiar tune
stops surviving temporal rescaling.

Figure 1 illustrates temporal grouping in melody
recognition and contrasts human grouping limits
with the unknown limits in models. At very short
note durations, melody recognition fails due to
physiological limitations (Hsieh and Saberi, 2007;
Alves-Pinto et al., 2010; Uratani et al., 2014). How-
ever, above 1-2s, melody recognition fails even
though every note is perfectly audible (Warren
et al., 1991; Andrews et al., 1998; Dowling et al.,
2008); what dissolves is the tie between them
(Fig. 1). This boundary defines our duration per-
ception limits.

A transformer-based model has no obvious rea-
son to have a perceptual ceiling similar to that of
humans. It attends to the whole melody at once;
recognising a slowed-down or sped-up melody is
symbolically trivial. To this end, we assess 21 au-
dio and omni models using the eight melodies of
Warren et al. (1991) and verify our results on an
expanded set of eleven more well-known melodies.
None of the tested models reliably recognise the
melodies from parametric knowledge alone at nor-
mal speed, so we could not use the same setup as
the human study. We therefore provide labelled
candidate melodies in context. Seven models qual-
ify for the main experiment.

For most qualifying models, recognition initially
peaks at note durations similar to those observed
in humans. However, varying the speed of the
in-context examples shifts this peak, with reliable
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Figure 1: Conceptual illustration of temporal Gestalt
grouping limits in humans and models. Blue and orange
indicate human and model ranges, and hatched regions
fall outside the human grouping range. Hooked end-
points denote approximate boundaries. Question marks
indicate unknown model limits.

recognition confined to a narrow range around the
examples’ note durations. Melody labels also af-
fect recognition. For example, replacing melody
titles with neutral codes reduces prediction bias and
improves accuracy. Together, these findings sug-
gest that the apparent temporal perception limits
depend strongly on the context provided, making it
difficult to identify the models’ intrinsic perceptual
limits.

Our contributions can be summarised as follows:

1. We introduce a psychophysical approach to
measuring temporal perception limits in
MLLMs, using melody recognition to exam-
ine how duration affects recognition relative to
a human baseline.

2. We show that apparent temporal recognition
limits shift with in-context example speed,
challenging their interpretation as stable percep-
tual boundaries.

3. We show that melody labels can bias auditory
recognition, with neutral codes reducing pre-
diction bias and improving accuracy.

2 Background

Time perception in LLMs Research on tempo-
ral reasoning in LLMs has overlooked time percep-
tion (Chen et al., 2025). Subsequent work filled this
gap by operationalising time perception as under-
standing temporal relativity for example in context-
dependent judgements tasks (Chen et al., 2025),
or judging elapsed time in narrative settings (Bao
and Srikumar, 2026). Limits in time perception are
attributed to the need of mapping continuous time
to discrete tokens (Wang et al., 2025).

Time perception limits keep resurfacing in agen-
tic settings. Limits manifest as the inability to align
tools calls with human time sensitivity (Cheng
et al., 2026) or overestimating wall-clock time for
agentic tasks by 4—7 times (Garikaparthi, 2026).

All studies find limitations in LLMs and agents
to ground time perception through token alone.
A possible explanation is that time perception re-
quires multimodality or world models (Garika-
parthi, 2026). Therefore, we focus on MLLMs.

Auditory psychophysics in LLMs Early psy-
chophysical test on LLMs found merit in this
method: they found that human perception proper-
ties can be recovered from LLMs trained on text
alone (Marjieh et al., 2024).

As MLLMs become more established, percep-
tion tests are increasingly applied to multimodal
data. In the auditory domain, SonicBench uses
controlled stimuli to test absolute and comparative
judgements of physical properties, including dura-
tion and tempo (Sun et al., 2026). Its stimuli are
designed to be well above human discrimination
thresholds, so it tests coarse judgements of indi-
vidual acoustic properties rather than estimating
model thresholds or limits of time perception.

Music-related benchmarks have overlap with
psychophysical experiments in that they also test
perception limits in MLLMs. Carone et al. (2026a),
for example, test models on stimuli with varying
rhythm, melody, and harmony. They find that
models generalise poorly to transposed melodies
presented as audio but perform near ceiling on
MIDI (a symbolic music representation), conclud-
ing that models struggle to listen to music. The
MUSE Benchmark test relational reasoning in mu-
sic (Carone et al., 2026b). Among its tasks, it tests
the recognition of grouping of beats into threes,
fours, or fives. However, these are categorical
judgements on a fixed stimulus set; MUSE does
not vary note duration to estimate when temporal
grouping breaks down.

Existing work therefore tests either physical du-
ration judgements or musical grouping, but not the
psychophysical limits of duration-dependent tem-
poral grouping. Our work fills this gap.

Gestalt in LLMs Time perception in humans
is commonly explained via internal-clock theo-
ries (van Rijn et al., 2014), such as Scalar Timing
Theory, which posits the existence of an internal
pacemaker whose pulses anchor the flow of time.



Gilden (2025) contrasts this theory with a Gestalt
account in which temporal grouping explains phe-
nomena not captured by internal-clock theory, such
as the loss of temporal grouping shown in Fig. 1.
Existing work on Gestalt and MLLMs has focused
primarily on vision (Hou et al., 2026; Sha et al.,
2025). Our study is the first to use a Gestalt account
to test duration perception in MLLMs.

3 Duration perception probe

Our experimental setup is derived from the study
by Warren et al. (1991). In short, it investigated
the limits of temporal grouping in human temporal
perception by letting humans classify well-known
melodies at varying speeds. The point at which
notes stop grouping into a melodic Gestalt and are
instead perceived individually (Tenney and Polan-
sky, 1980) denotes the perception limit. In humans,
the median temporal perception window lies be-
tween 160 ms and 1280 ms (first quartile at 113 ms
and third quartile at 2560 ms). The loss of temporal
grouping at increased note durations, unlike the
physiological limits at short ones, indicates a limit
in our temporal perception.

The experiment is divided into three steps: train-
ing, screening and duration scaling. For each step,
we describe our setup and compare it with the orig-
inal human study.

Melodies We use the same eight melodies as the
original study by Warren et al. (1991): Twinkle,
Twinkle, Little Star, Happy Birthday, God Rest Ye
Merry Gentlemen, Rock-a-bye Baby, Camptown
Races, Yankee Doodle, Love Me Tender, and Skip
to My Lou.

Each melody /; is represented as an ordered se-
quence of pitches,

fi = (pi,lapi,Qv cee 7pi,ni)7 n; € {67 77 87 9}

Melodies are presented isochronously, i.e., all notes
in a stimulus have the same duration d;, where
d; € D. The set of possible note durations is

D = {round(40(v2)*)ms : k € {0,...,12}}
U {3600 ms}.
(D
The final stimulus presented to the model is defined
by its melody and duration,

sij = (4i, dj).

The melodies used, their scientific pitch nota-
tion, and an extended list of tested melodies are

given in Appendix A.1. To avoid recognition by
the first notes alone, the original study and this one
use different entry points into a melody and then
cyclically shift the sequence. For example, starting
at the third pitch gives

(P53, D4y - - - s Disni»> Pis1> Di2)-

A melody may be looped, playing the same se-
quence of pitches n times. With a single loop, the
sequence is played twice.

Melodies were rendered as sine waves. The ex-
act setup is described in Appendix A.1.

Training This stage ensures that the tested sub-
ject can recognise the melody before any temporal
dilation or contraction is applied. In the human
study, melodies were played at a normal speed
of 320 ms per note. Unless stated otherwise, nor-
mal speed refers to this value. Human participants
needed to classify melodies correctly with the help
of a list that contained the names of the tested
melodies. Only if they recognised the melodies
did they continue to the next stage.

We test two variations of the training phase for
artificial intelligence (AI) models. The first variant
presents melodies in a zero-shot, multiple-choice
format, testing whether a model can recognise the
melody from its parametric knowledge alone. The
second variant frames the training phase as in-
context learning, where we demonstrate the target
and distractor melodies in context before asking the
model to classify the target melody. This setting
may bridge shortcomings in the model’s ability to
recognise a melody from its parametric knowledge
alone.

Screening In the human study, participants quali-
fied for the main experiment if they could classify
melodies without the aid of a melody list. During
screening, melodies were again played at normal
speed, but now starting at the third or fourth note
to rule out recognition by the first note alone. The
melody was looped without pauses until the hu-
man subject made a classification. Subjects were
included in the main study if they recognised six
out of eight melodies.

We adopt this design, with an adaptation of the
looping setup. An interactive classification as de-
scribed in the human study is uncommon and diffi-
cult to implement in practice. Instead, we apply a
static variation in which the target melody is looped
once — the minimum used in the original study.



Limiting presentation to one loop also ensures com-
parability and caps test duration and costs. Refer-
ence melodies start at the first note and are played
once. Each candidate set therefore contributes 16
trials (8 melodies x entry at note 3 or 4), and we
scale the human acceptance criterion of 6/8 correct
classifications to 12/16 trials.

Note that in the in-context version of the training
phase, the training and screening phases are done
in one go: providing in-context examples is the
training phase and requesting models to make a
prediction based on the looped melody starting
from the third or fourth note is the screening phase.

Lastly, we test two formats for the screening
experiment: audio-only and text+audio. The
text+audio format uses a mix of text prompts with
interleaved audio files for the reference and target
melodies. Since not all models accept this input
format, either because they accept audio input only,
or because they are limited by the number of audio
files they can process in a single prompt, we also
translate all experiments into an audio-only format.
Interleaved audio-text inputs can be challenging
because audio produces long token sequences, and
models must preserve the relationships between
alternating textual labels and audio clips (Zhao
et al., 2026). We use text-to-speech to translate
the instructions to audio with minor adaptations
of the instructions to fit the spoken setting. The
audio-only setting produces a single audio file with
spoken instructions and played melodies. Exact
prompts and further details are in Appendix A.2.

Duration scaling In the human study, half the
participants first heard the target melody at 40 ms
per note. Note duration was then multiplied by v/2
until the melody was recognised. The other half
started at 3600 ms and note duration was divided
by v/2 until recognition.

During duration scaling, human participants
heard each melody in a continuous loop until they
made a classification. Model trials are indepen-
dent, so we instead test every note duration in Eq. 1
and use a fixed presentation: each target melody
starts at either the third or fourth note and is looped
once. This gives two trials at each of the 14 note
durations, or 28 trials per melody.

Musicians are able to solve this task with much
higher accuracy, even at long note durations (War-
ren et al., 1991), because they can transcribe the
melody as they listen to the recording, compensat-
ing for any perception limitations. We test whether

LLMs are equally capable of overcoming such limi-
tations with the help of transcription. In a transcrip-
tion variant, we provide each candidate melody’s
scientific pitch notation (see Tabs. 2 & 3).

Evaluation Our experiments are designed as
multiple-choice, asking the model to classify the
target melody among the options given in context
and to respond with that melody’s name only. Be-
cause some melodies go by other names, we recog-
nise alias names for melodies, too. For example,
Twinkle, Twinkle, Little Star has the same melody
as the ABC Song. We report the alias-corrected
accuracy scores (more details in Appendix A.3).
For the screening experiments, we test different
numbers of in-context examples. To maintain com-
parability, we report chance-corrected accuracy in
percent, defined as

100 x accuracy — chance

1 — chance

where accuracy is the observed proportion correct
and chance is the guessing probability determined
by the number of in-context melodies. The chance-
corrected 12/16 thresholds are 66.7%, 70.0%, and
71.4% for 4, 6, and 8 candidates, respectively.

We further analyse the detection envelope of
LLMs to characterise how accuracy in melody-
recognition changes with note duration. To this end,
we model trial-level correctness using a Bernoulli
generalised linear mixed model (GLMM) with
a logit link. For stimulus s and model m, let
ys,m € {0,1} indicate task success, and let d
denote the note duration in seconds. We fit

Ys,m | Ps;m ~ Bernoulli(psym),

’ @)
logit(ps,m) = Bo + f(logds) + wm + vy

Here f(-) is a cubic B-spline basis expansion with
K degrees of freedom, u,, is a random intercept
for model identity, and vy, is a random intercept
for melody identity. The random intercepts are
assumed to follow
U ~ N(0,02,), ve ~ N(0,02).

We choose the spline degrees of freedom as de-
scribed in Appendix A.4.

Models We test a variety of closed- and open-
source models, some of which are multimodal
or audio only. These include Gemini 3.1 Pro
Preview (Google DeepMind, 2026), Gemini 3



Flash Preview (Google DeepMind, 2025b), Gem-
ini 2.5 Pro and 2.5 Flash (Gemini Team, 2025),
and Gemini 2.5 Flash-Lite (Google DeepMind,
2025a); GPT Audio (OpenAl, n.d.a) and GPT Au-
dio Mini (OpenAl, n.d.b); Qwen3.5 Omni Plus, 3.5
Omni Flash (Qwen Team, 2026), 3 Omni Flash, 3
Omni 30B A3B Thinking and Instruct (Xu et al.,
2025), 2 Audio 7B Instruct (Chu et al., 2024); Vox-
tral Small 24B 2507 (Liu et al., 2025); MiMo-V2
Omni and MiMo-V2.5 (Xiaomi, 2026b); Nemotron
3 Nano Omni 30B A3B Reasoning (NVIDIA,
2026); Audio Flamingo Next and Audio Flamingo
Next Think (Ghosh et al., 2026a); Music Flamingo
2601 and Music Flamingo 2601 Think (Ghosh
et al., 2026b). Throughout this paper, we use short-
ened model names. For example, Music Flamingo
refers to Music Flamingo 2601.

Generation temperature is set to 0 where the API
allows it. For Qwen3 Omni Thinking, we set the
temperature to 0.6, Top P to 0.95, and Top K to 20
as recommended by the authors, since outputs at
temperature 0 were very poor. MiMo-V2.5 does
not support temperature control (Xiaomi, 2026a).

4 Results and Discussion

4.1 Screening

Our experiments aim to resolve three uncertainties.

(i) Is parametric knowledge alone enough to test
models’ ability to recognise melodies at varying
speeds, or do we need to provide examples in-
context? Our experiments show that models are
barely able to recognise melodies at normal speed,
starting from the first note, using parametric knowl-
edge alone.

(ii) Is there a preferred input modality? Should
instructions be audio only or is a mix of text and
interleaved audio files more effective? We find that
text+audio prompting yields much higher accuracy
scores than audio-only.

(iii) How many in-context examples are adequate
for the tested LLMs? We ablate the in-context vari-
ant, testing eight, six and four in-context examples.

Zero shot Results for both settings are in Tab. 4
in the Appendix. Most models in the text+audio
setting classify only one out of eight melodies cor-
rectly, which is equal to closed-set chance. Qwen2
Audio and Audio Flamingo Think reach 25% accu-
racy, and Qwen3.5 Omni Plus reaches 38%.

In the audio-only setting, Gemini 3.1 Pro and
Qwen3.5 Omni Flash reach 38% accuracy, and

Gemini 3 and 2.5 Flash reach 25%. Despite mu-
sic training, Music Flamingo and Audio Flamingo
make at most one correct classification.

Overall, all models perform poorly and do not
pass the screening phase, which requires models to
classify 6/8 melodies correctly.

In-context In this setting, models were presented
with melodies in context before being asked to
classify a melody (multiple-choice). For the four-
and six-reference variants, we test seven candidate
sets because audio models are sensitive to option
selection and order (L6pez et al., 2025).

Models perform much better in the text+audio
setting than in the audio-only setting (Fig. 2). All
models achieve higher overall scores and more
models cross the selection threshold in some form.
Both Gemini Pro models achieve accuracy close
to 100%, even with varying numbers of references,
unlike in the audio-only setting. Gemini 2.5 Flash
also crosses the selection threshold with different
numbers of candidate melodies. Qwen3.5 Omni
Flash and Plus, Qwen3 Omni, and Gemini 3 Flash
crossed the screening threshold in some of the ex-
periments, including their whiskers. These models
are identified by bold names (Fig. 2). Most models
perform equally well for all three candidate num-
bers. Noticeable differences can be observed for
Qwen3 Omni and Qwen3.5 Omni Plus. Note that
Voxtral Small only has valid runs for the setting
with four in-context examples because it cannot
process more than five audio files.

In contrast, models in the audio-only screening
experiment perform poorly, with only four models
crossing the acceptance threshold in some form
(Fig. 3). While both Gemini Pro models clear the
criterion on average with four candidate melodies,
both Gemini Flash models reach it only with their
best candidate sets (whiskers) in the four-reference
ablation. We can observe that model performance
is mostly comparable among the different numbers
of in-context examples. The exceptions are the
two Gemini Pro models, which, on average, per-
form better with fewer in-context examples — even
when comparing chance-corrected accuracy values.
We find that Gemini Pro models deviate more often
from the formatting instruction with eight reference
melodies compared to six or four. We assume that
this is driven by file length. A single experiment
produces an almost three-minute audio file, which
can dilute its opening instructions.

Therefore, the main experiments are conducted
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Figure 2: Chance-corrected text+audio screening ac-
curacy with 4, 6, or 8 candidate melodies at 320 ms
per note (Sec. 3). For 4 and 6 candidates, points and
whiskers show the mean and min—max across seven
balanced candidate sets. The dashed line marks the
pass criterion, chance-corrected for 4 candidates. Bold
model names identify models that meet the screening
criterion in at least one condition, using the mean or
best candidate set.

using in-context examples delivered as text+audio
prompts. While the human study sought to identify
a detection window, which requires strong melody
recognition abilities, we are more interested in
analysing how accuracy varies conditioned on the
note duration of the target melody. We therefore
pick all models that crossed the selection threshold,
even if it was for a lower number of in-context ex-
amples or only the whiskers of the dot plots crossed
the threshold (indicated by bold model names in
Fig. 2). Still, to ensure comparability to the human
study and given the overall similar results for dif-
ferent numbers of candidate melodies, we run the
duration scaling experiments with eight in-context
candidate melodies. Seven models pass screening
and enter the duration scaling experiments: Gemini
3.1 Pro, Gemini 3 Flash, Gemini 2.5 Pro and Flash,
Qwen3.5 Omni Plus and Flash, and Qwen3 Omni.

4.2 Duration scaling

Surprisingly, most models, though with reduced
overall performance, peak around the human me-
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Figure 3: Chance-corrected audio-only screening accu-
racy under the design and encodings of Fig. 2. Bold
model names identify models that meet the screening
criterion in at least one condition, using the mean or
best candidate set.

dian perception window (Fig. 4). We summarise
model performance over all trials and models using
the GLMM described in Eq. 2. The broad posterior
interval shown in the figure is driven by inter-model
differences, most prominently by Gemini 3.1 Pro,
which is the only model that maintains a high accu-
racy score regardless of note duration, though even
this model shows a clear peak matching the median
human recognition window.

All tested models except Gemini 3.1 Pro have
difficulty confidently classifying a simple melody
that varies in speed, though they perform much
better when the in-context examples (played at
320 ms) and target melody are similar in speed. Per-
formance for all models is poor if the target melody
is played at very short note durations of less than
160 ms. A likely reason is that tokenisation is often
performed in 160 ms chunks.

Gemini 3.1 Pro may be the only model with
superhuman melody recognition. Even at very
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Figure 4: Accuracy versus target note duration for eight
melodies (n=1568 trials). Targets begin at note 3 or 4
and are played twice. In-context references use 320 ms
notes. Grey traces show the six other models that passed
screening (Sec. 4.1). Red highlights Gemini 3.1 Pro.
The black curve and band show the population-level
GLMM estimate and 95% credible interval (Crl in the
legend; Eq. 2). Grey bands mark median (dark) and
quartile (light) human limits (Sec. 3).

long note durations, where human perception shifts
from a coherent melody to individual notes, it
still achieves around 80% accuracy. However,
the human interval is based on non-musicians and
does not reflect the transcription-based strategy de-
scribed in Sec. 3. Such a strategy could explain
Gemini 3.1 Pro’s plateau, but without its reasoning
traces, we cannot distinguish transcription from
superhuman temporal perception.

Ablation of in-context note duration Accuracy
seems to peak near 320 ms (Fig. 4). To answer if
in-context note duration influences peak melody
recognition, we test in-context note durations go-
ing from 113-640ms € D, and refit the GLMM to
assess how model performance behaves as a func-
tion of changed candidate melody speed. We can
observe that overall model performance increases
when we increase in-context melodies’ note dura-
tions, and that the peak in accuracy shifts to the
right (Fig. 5). On average, models are unable to
make any correct prediction if in-context exam-
ples have a note duration of 113 ms, as for target
melodies in the same speed in the main experiment.

Inter-melody differences Our work primarily
compares model performance to the median hu-
man recognition band. This band differs across
melodies. The median band for Happy Birthday
(160-1810ms) is wider than that for Skip to My
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Figure 5: Population-level GLMM accuracy versus tar-
get note duration, one fit per in-context reference du-
ration (113-640 ms; colours). Curves and bands show
posterior means and 95% credible intervals. Human
bands as in Fig. 4.

Lou (226-905 ms) for example. Several factors
may contribute, such as prior familiarity with a
melody and melody-specific salience. We there-
fore also investigate inter-melody differences in
model performance in Fig. 6. The figure shows
Youden’s J (Youden, 1950) and the false positive
rate (FPR) for each model and melody for the hu-
man median recognition band (160—1280 ms) and
above it (>1280ms). Youden’s J is defined as
J = true positive rate — false positive rate. As-
suming some melodies are easier and therefore
over-predicted, Youden’s J balances inflated true-
positive rates against the FPR.

In Fig. 6, three phenomena emerge. (i) Twinkle,
Twinkle, Little Star is over-predicted (high FPR).
Gemini 2.5 Pro, Qwen3.5 Omni Plus and Flash, and
Qwen3 Omni show increased FPR when the target
melody is above the human median band. Qwen3
Omni already over-predicts it within the band. (ii)
Some melodies are much harder to classify as note
duration increases, but without an increase in FPR.
This occurs for Rock-a-bye Baby and Camptown
Races in Gemini 2.5 Pro, and Love Me Tender in
Gemini 3.1 Pro and Gemini 2.5 Flash. (iii) Happy
Birthday is well recognised with no significant FPR
increase for Qwen3.5 Omni Plus.

A possible explanation for the over-prediction
of Twinkle, Twinkle, Little Star in Fig. 6 is that it
is an artefact of the in-context examples. We there-
fore vary their note duration and compare median
FPR and median Youden’s J for each of the six ref-
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highlight atypical melody—model pairs, such as increas-
ing FPR or declining Youden’s J. Grey arrows show the
remaining melody—model pairs.

erence durations (113-640 ms) at target durations
above the human median band (Table 5). Twinkle’s
FPR is consistently higher, ranging from 0.36 to
0.60 compared to 0.03—0.05 for the other seven
melodies. Its median Youden’s J is likewise higher
at every duration; the largest gap occurs at 320 ms
(0.30 vs. 0.17).

There are various explanations why models
would exhibit melody-specific biases as shown in
Fig. 6. Commonly, such biases can be traced back
to the training data. Since the models’ training data
are not accessible, we perform a surrogate data
analysis on YouTube. Although the number of up-
loads matters more for training than view counts do,
we also report view counts, since they may inform
data selection.

We obtained video upload rates via the YouTube
API across four fixed 24-hour publication windows
in 2023-2024 in March and September. We ex-
clude the winter months, assuming that God Rest
Ye Merry Gentlemen could be uploaded more of-
ten around Christmas. Searches included alterna-
tive titles for each melody. Duplicate videos were

Melody Videos Channels M?dlan
views

Twinkle Twinkle

Little Star 122 103 4,105
Love Me Tender 47 42 95
Happy Birthday 36 34 56,925
Yankee Doodle 34 31 169
Rock-a-bye Baby 23 23 816
Skip to My Lou 15 15 105
God Rest Ye

Merry Gentlemen 1 10 36
Camptown Races 6 6 116

Table 1: YouTube search results for eight melodies,
pooled across four fixed 24-hour publication windows in
2023-2024: title-matched videos, unique channels, and
median views per matched video. Aliases are pooled
and duplicate videos removed.

removed within melodies, and title-based match-
ing excluded irrelevant search results. We report
the number of matching videos, unique uploading
channels, and median views in Tab. 1.

Twinkle, Twinkle, Little Star has the most ti-
tle matches (122) and unique uploading channels
(103). With 4,105 views, it is the second-most-
listened-to song in the analysis. The many up-
loading channels confirm genuine interest in the
melody and argue against a few channels inflat-
ing upload counts. Happy Birthday ranks first in
views (56,925) but has fewer title matches. Twin-
kle’s high title-match count may reflect that the
melody appears in songs under several aliases. If
the model training data resemble YouTube and our
query is representative, models likely encountered
the melody more often than others, potentially ex-
plaining its higher FPR in Fig. 6. Because the
melody has different names, deduplication may not
have removed many training instances. God Rest
Ye Merry Gentlemen and Camptown Races also be-
came harder to classify as note duration increased;
our YouTube query finds the fewest videos for these
melodies (eleven and six, respectively).

We explore whether the melody bias can be mit-
igated by replacing music titles with neutral letter—
digit codes, such as “D4”. Indeed, over-prediction
of melodies decreases and overall performance in-
creases. Fig. 7 shows that no melody has an overly
high recall or precision. In comparison, prompt-
ing models with the full melody name leads to an
over-prediction of Twinkle, Twinkle, Little Star
for some models. The model performance is also
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Figure 7: Per-melody precision and recall in the neutral-
code ablation, pooled over the trials of all screened
models at target note durations >1280ms. Marker
area scales with how often the title was predicted. The
dashed diagonal denotes equal precision and recall.

better when using codes instead of melody titles.

The GLMM fitted curve peaks above 60%
(Fig. 8), versus around 50% with full titles (Fig. 4).
Gemini 3.1 Pro and Qwen3.5 Omni Plus lie above
the fit’s credible interval.

More melodies While eight melodies may yield
robust results about human time perception, inter-
melody bias findings as observed in Fig. 6 cast
doubt on the robustness of our results. Therefore,
we add eleven more songs that are also consid-
ered to be widely known (in the English-speaking
world), ensuring that melody recognition is only
constrained by note duration, not by familiarity
with the melody. These include America, Frere
Jacques, Here Comes the Bride, Jingle Bells, Jolly
Good Fellow, London Bridge, Mary Had a Little
Lamb, Old MacDonald, Row, Row, Row Your Boat,
The Star-Spangled Banner, and Three Blind Mice
(Gfeller et al., 2002; Kang et al., 2009).
Extending the set beyond the eight melodies of
Warren et al. (1991) reproduces the same pattern
(Appendix, Fig. 15): all models peak in the same
region with similar accuracy, while Gemini 3.1 Pro
shows a similar but more stable peak and plateau.

Scientific pitch notation We next report the tran-
scription ablation introduced in Sec. 3. When we
supply scientific pitch notation for each melody,

100% TS ————
Ve

Gemini 3.1 Pro
75%

50%

Accuracy

25% A

0% - T T T
0 1000 2000
Note duration (ms)

T
3000

m— GLMM (95% CrI) Human median (Q1-Q3)

Figure 8: Accuracy versus target note duration when
melody titles are replaced with neutral letter—digit codes.
The setup, model selection, and encodings follow Fig. 4.
Red and orange highlight Gemini 3.1 Pro and Qwen3.5
Omni Plus, respectively.

average peak accuracy rises from just above 50%
to around 60% (Figs. 4 and 9). Gemini 3.1 Pro
remains near-perfect even at 3600 ms per note. The
other models improve but still decline with dura-
tion. Thus, notation helps most models, but only
Gemini 3.1 Pro sustains high long-duration accu-
racy, as human musicians do; whether it transcribes
internally remains unclear.

5 Conclusion

In this work, we test the limits of duration percep-
tion in MLLMs using a melody-recognition task.
Most of the 21 models tested struggle to recognise
familiar melodies, even with labelled in-context
examples. The few that succeed peak within the hu-
man recognition band. However, this resemblance
does not necessarily reflect a comparable percep-
tual limit, as the recognition window shifts with
the speed of the references. Recognition also de-
pends on what a melody is called: replacing famil-
iar titles with neutral codes reduces prediction bias
and improves performance. Even with scientific
pitch notation, most models cannot sustain recog-
nition at long note durations as human musicians
do. Gemini 3.1 Pro is an exception, recognising
melodies even at 3600 ms per note, though whether
this reflects greater perceptual capacity or reason-
ing strategies remains unclear. MLLMs have the
potential to surpass human perceptual limits, and
this work begins to stake out these boundaries.
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Figure 9: Accuracy versus target note duration with
scientific-pitch notation for each in-context reference.
The setup, model selection, and encodings follow Fig. 4.

6 Limitations

Human participants heard melodies in interactive
loops and relied on prior familiarity, whereas mod-
els received fixed trials and in-context references
because their zero-shot recognition was insuffi-
cient. The resulting curves should therefore be
interpreted as behavioural patterns rather than as
directly equivalent perceptual thresholds. Once
interactive models become the norm, we should
test them more similarly to the human setup. Fur-
thermore, our stimuli are isochronous sine-tone
versions of familiar melodies drawn largely from
English-speaking musical culture, so the findings
may not generalise to natural recordings, unfamil-
iar or non-Western music, or duration perception
beyond melodic grouping. Finally, black-box be-
haviour cannot reveal the mechanisms underlying
model performance. Sustained accuracy may arise
from temporal grouping, pitch tracking, transcrip-
tion, or retrieval from training data; the lack of
access to these data prevents us from distinguish-
ing among these explanations.
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Melody Notes Melody Notes
Twinkle Twinkle — F#4 F#4 C#5 C#5 D#5 D#5 C#5 America G4 G4 A4 F#4 G4 A4
Little Star C#5 Frere Jacques F4 G4 A4 F4 F4 G4 A4 F4
Happy Birthday G#4 G#4 A#4 G#4 C#5 C5 Here Comes the ~ F4 Bb4 Bb4 Bb4 F4 C5 A4 Bb4
God Rest Ye G4 G4 D5 D5 C5 Bb4 A4 G4 Bride
Merry Gentlemen Jingle Bells A4 A4 A4 C5F4 G4 A4
Rock-a-bye Baby E4 G4 E5 D5 C5 E4 G4 C5 B4 Jolly Good Fellow A4 A4 A4 G4 A4 Bb4 A4
Camptown Races  C#5 C#5 A#4 C#5 D#5 C#5 A#4 London Bridge A4 B4 A4 G4 F#4 G4 A4
Yankee Doodle Bb4 Bb4 C5 D5 Bb4 DS C5 Mary Had a Little B4 A4 G4 A4 B4 B4 B4
Love Me Tender  F4 Bb4 A4 Bb4 C5 G4 C5 Lamb
Skip to My Lou B4 B4 G4 G4 B4 B4 D5 D5 Old Mac Donald A4 A4 A4 E4 F#4 F#4 E4
Row Row Row D4 D4 D4 E4 Fi#4 Fi#4 E4 F#4
Table 2: The original eight melodies and their scientific- Star-Spangled Ad Fitd D4 Fird A4 DS
pitch sequences, from Warren et al. (1991). Banner . .
Three Blind Mice F#4 E4 D4 F#4 E4 D4

A Experiment setup

We used GNU Parallel (Tange, 2026) to run ex-
periment sweeps across models and experimental
conditions.

A.1 Melodies

Notes in melodies were rendered as sine waves at
a sampling rate of 44.1 kHz, with a peak ampli-
tude of 0.2, 5ms linear attack and release ramps
to avoid onset/offset clicks, and a 20 ms silent gap
after each sounding portion. Note durations are
specified onset-to-onset (i.e., each interval includes
both the tone and the following gap). The resulting
waveforms were saved as mono WAV files.

A.2 Prompts

This section contains the prompts used for the
screening phase, which include audio-only and
text+audio formatted prompts in a zero-shot set-
ting (Figs. 10 & 11) and an in-context setting
(Figs. 12 & 13). NVIDIA’s Audio Flamingo
models were prompted differently in the audio-
only setting. According to their model card, the
model should not be prompted with only an au-
dio file. Therefore, we prompt them with the in-
struction You will receive one audio file
for a melody recognition task. The file
contains spoken instructions, optional
labelled reference melodies, and then a
target melody. Listen to the full audio.
Classify only the final target melody.
Answer with exactly one title from the
reference titles mentioned. before supply-
ing the WAV file.

Spoken instructions use
gpt-4o-mini-tts (voice alloy).

OpenATl’s
They are
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Table 3: Eleven widely familiar melodies added to the
original set, with their scientific-pitch sequences. Se-
lection is based on Gfeller et al. (2002) and Kang et al.
(2009).

Zero-shot prompt (text+audio)

You are participating in a melody
recognition task. The possible answer
titles are: Skip to My Lou. Happy
Birthday. [...]. God Rest Ye Merry
Gentlemen. You will hear one melody.
Answer with only the title of the
melody, no extra words.

<iijim: target audio />

Figure 10: Zero-shot text+audio prompt used for
screening. Text instructions precede the target audio.
Candidate-title order is randomised per trial.

Zero-shot prompt (audio-only)

<f: spoken instructions (TTS)>
You are participating in a melody
recognition task. [...] The melody

starts now.
< /il spoken instructions (TTS)>
<iji: target audio />

Figure 11: Zero-shot audio-only prompt used for screen-
ing. Text-to-speech instructions and target audio are
concatenated into one WAV. Differences from Fig. 10
are bold. Candidate-title order is randomised per trial.

concatenated with the labelled reference clips and
the target melody, with 500 ms of silence between
consecutive segments.



Few-shot prompt (text+audio)

You are participating in a
melody-recognition screening task.
The labelled examples in this prompt
are the only possible answers for
this trial. The target melody is
guaranteed to be one of them.

Each labelled example is wrapped
between two text markers: "Reference:
<title>" immediately before its audio
and "End Reference: <title>"
immediately after. The audio you must
classify comes last and is preceded
by "Classify this audio — choose the
best matching title above:". The
target may start at a later note and
may loop, so do not rely on exact
file equality. Choose the title of
the reference that best matches the
target.

Return only the melody title, exactly
as written below, with no extra words.
Eligible answers:

Happy Birthday

Camptown Races

L...]

Skip to My Lou

Reference: Twinkle Twinkle Little
Star

<ify: reference audio>

End Reference: Twinkle Twinkle Little
Star

Reference: Happy Birthday

<ify: reference audio>

End Reference: Happy Birthday

[...]

Classify this audio — choose the best
matching title above:
<l target audio />

Figure 12: In-context text+audio prompt used for screen-
ing and duration-grid experiments. The displayed ref-
erence list is abbreviated with [...]. Experiments use
eight references unless noted. The prompt remains fixed
while the target clip’s melody, entry point, and/or note
duration varies.

The main grid experiments reuse the in-context
text+audio prompt (Fig. 12) with different note du-
rations for the target melody. The ablation that re-
places melody titles with neutral letter—digit codes
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Few-shot prompt (audio-only)

< : spoken instructions (TTS)>
You are participating in a melody
recognition task.
C...]
The possible answer titles are: Happy
Birthday. Camptown Races. [...].
Skip to My Lou.
Reference example 1. The title is Twinkle
Twinkle Little Star. The reference
melody starts now.

< /il spoken instructions (TTS)>

< reference audio>

< : spoken instructions (TTS)>
That was reference example 1, titled
Twinkle Twinkle Little Star.
[...]
Now classify the target melody. The
target melody starts now.

< /iii: spoken instructions (TTS)>

<l : target audio />

Figure 13: In-context audio-only prompt used for
screening. Text-to-speech instructions, labelled refer-
ence clips, and target audio are concatenated into one
WAV. Differences from Fig. 12 are bold. Experiments
use eight references unless noted.

is identical to Fig. 12 except for the melody titles.
The ablation prompt that provides the scientific
pitch notation (Fig. 14) extends the main prompt
(Fig. 12). Differences are highlighted in the Figure.

A.3 Scoring

A trial is correct only if the response names exactly
one melody from the closed set for that trial. Match-
ing is case-insensitive, ignores punctuation, and
uses word boundaries, so a title must appear as a
whole phrase. We also accept pre-specified aliases:
Twinkle, Twinkle, Little Star (ABC Song, Alpha-
bet Song, Baa Baa Black Sheep), Happy Birthday
(Happy Birthday To You), God Rest Ye Merry Gen-
tlemen (God Rest You Merry Gentlemen, with or
without a comma), and Love Me Tender (Aura Lee,
Aura Lea). All other tunes are scored only on their
canonical title. For thinking models, we discard
<think>. .. </think> and score only the remainder.
An unclosed think block, no recognised title, or
two or more distinct titles count as incorrect. In the
neutral-code ablation, the same rule applies to the
letter-digit codes, not the real names.



note se-

Few-shot prompt (text+audio,

quences)

You are participating in a
melody-recognition screening task.
L...]

Each reference audio is followed by its note
sequence in scientific pitch notation (e.g.
C#5), which describes that reference tune.
C...]

Return only the melody title, exactly
as written below, with no extra words.
Reference: Twinkle Twinkle Little

Star

< : reference audio>

This melody’s notation is: F#4 F#4 C#5 C#5
[...]

End Reference: Twinkle Twinkle Little
Star

Reference: Happy Birthday

<jr: reference audio>

This melody’s notation is: G#4 G#4 A#4 G#4
[...]

End Reference: Happy Birthday

L...]

Classify this audio — choose the best
matching title above:

<lr: target audio />

Figure 14: In-context text+audio prompt with scientific-
pitch sequences appended to each reference. Text shared
with Fig. 12 is elided; additions are bold.

A4 GLMM

We fit the duration GLMM in Eq. (2) with four
NUTS chains (1000 warmup iterations and 1000
draws, target_accept=0.95, seed 0) and com-
pare cubic B-splines with K € {3,4,5,6,7}
by PSIS-LOO on the main eight-melody grid
(n=1568 trials). K=5 has the highest ELPD;
K=4 is within one standard error of that fit
(AELPD=2.7, SE of the difference =3.2) and is
the smallest such K, so all reported curves use
K=4. The shaded band is the 95% posterior inter-
val of population-level accuracy after integrating
out the model and melody intercepts.
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B Further results

B.1 Extended melody list

100%
. 5% 7 Gemini 3.1 Pro
Q
<
-
§ 50% A
<
25% A
0% 14

T T T
1000 2000 3000

Note duration (ms)

0

m— GLMM (95% CrI) Human median (Q1-Q3)

Figure 15: Accuracy versus target note duration for the
extended set of 19 melodies. The setup, model selection,
and encodings follow Fig. 4.

B.2 Zero-shot screening

Acc. (%)
Model Text+audio  Audio-only
Qwen3.5 Omni Plus 38% 25%
Gemini 3.1 Pro 12% 38%
Qwen3.5 Omni Flash 12% 38%
Gemini 2.5 Flash 12% 25%
Gemini 3 Flash 12% 25%
Audio Flamingo Think 25% 0%
Gemini 2.5 Pro 12% 12%
GPT Audio Mini 12% 12%
Qwen2 Audio 25% 0%
Qwen3 Omni 12% 12%
Qwen3 Omni Think 12% 12%
Audio Flamingo 0% 12%
GPT Audio 12% 0%
MiMo-V2-Omni 12% 0%
MiMo-V2.5 12% 0%
Music Flamingo 12% 0%
Music Flamingo Think 12% 0%
Nemotron 3 Omni 0% 12%
Qwen3 Omni Flash 0% 12%
Gemini 2.5 Lite 0% 0%
Voxtral Small 0% 0%

Table 4: Zero-shot screening accuracy over eight
melody trials per modality (eight-way closed set; chance
=12.5%). Targets begin at the first note. Text+audio
uses text instructions followed by target audio. Audio-
only concatenates text-to-speech instructions and target
audio into one WAV.



B.3 Over-prediction of Twinkle, Twinkle,

Little Star
FPR Youden’s J
Ref. (ms) Twinkle Others Twinkle Others
113 0.60 0.03 0.17 0.07
160 0.53 0.04 0.18 0.06
226 0.48 0.05 0.24 0.15
320 0.41 0.04 0.30 0.17
453 0.41 0.05 0.21 0.19
640 0.36 0.04 0.33 0.27

Table 5: Median FPR and median Youden’s J at target
note durations >1280 ms, pooled over the trials of all
screened models, comparing Twinkle, Twinkle, Little
Star with the median of the remaining seven melodies,
by in-context reference note duration. Higher FPR indi-
cates stronger over-prediction; higher Youden’s J indi-
cates better discrimination.
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