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Abstract

Sound events have semantic identities, lo-
cations, and trajectories, yet existing audio-
language models typically encode clips as
global event content. Conversely, sound event
localization models track source directions over
time but offer limited semantic coverage for
language reasoning. To bridge this gap, we
introduce ST-AudioQA, a spatio-temporal au-
dio QA dataset and benchmark built from first-
order ambisonic (FOA) renderings of static and
moving sound sources. Each scene provides
source identity, activity, direction, distance,
and motion metadata, enabling dense trajectory
supervision and QA about what is sounding,
where it is, how it moves, and how sources re-
late. We further introduce ST-Audio Encoder,
which jointly learns event semantics and time-
resolved source trajectories, and ST-AudioLM,
which exposes these audio tokens to an LLM
for spatio-temporal audio QA. Experiments
show that this representation improves the bal-
ance between semantic preservation and local-
ization and yields stronger reasoning than static
spatial and localization-oriented baselines. Be-
yond the controlled benchmark, ST-AudioLM
shows zero-shot transfer to real recordings,
with further gains after light adaptation. Project
page: https://st-audiolm.github.io/.

1 Introduction

Audio-language models have made rapid progress
in recognizing, describing, and reasoning about
sound events (Deshmukh et al., 2023; Gong et al.,
2024; Tang et al., 2024a; Chu et al., 2023; Kong
et al., 2024). Yet most systems still treat an audio
clip primarily as event labels or a caption to be gen-
erated. This abstraction misses a basic property of
everyday hearing: sound events unfold in space and
time. Humans use auditory location and motion to
navigate, monitor danger, and decide how to act;

*Work done during an internship at Sony AI.
†Co-corresponding authors.

a looming vehicle, receding footsteps, or speech
fixed in place while another source passes by can
change the interpretation of the same acoustic scene
(Carlini et al., 2024; Neuhoff, 2001; Seifritz et al.,
2002). In such scenes, a sound is not merely a se-
mantic category, such as siren or speech, but also
an entity with a location, distance, and trajectory.
An audio-language model should therefore answer
not only what is present, but also where each source
is, whether it moves, how its distance changes, and
how its motion relates to other sources.

Recent spatial audio-language work shows that
large language models (LLMs) can use multi-
channel cues to reason about rendered sound
scenes (Zheng et al., 2024; Tang et al., 2024b; Wilk-
inghoff and Tan, 2026; Jiang et al., 2026; Biswas
et al., 2026; Sakshi et al., 2025; Zhu et al., 2026),
while emerging benchmarks begin to consider dy-
namic audio (Liu et al., 2026; Sridhar et al., 2026).
However, most models still focus on static or clip-
level spatial attributes without explicitly expos-
ing time-resolved source trajectories. Meanwhile,
sound event localization and detection (SELD)
models estimate time-varying directions and activi-
ties (Adavanne et al., 2018; Shimada et al., 2022;
Hu et al., 2025). Yet their constrained sound event
taxonomies limit their use as broad-vocabulary se-
mantic encoders for open-ended audio-language
reasoning over AudioSet-scale event vocabular-
ies (Gemmeke et al., 2017). Together, these lim-
itations reveal a gap between two lines of work:
audio-language models with broad semantics but
weak temporal localization, and localization mod-
els with strong spatial inductive bias but limited
language-level semantic coverage.

To bridge this gap, we contribute a dataset, an
encoder, and an audio-language model. First, we
construct ST-AudioQA, a controlled benchmark
of static and moving sound sources rendered in
first-order ambisonics (FOA). We use FOA for its
listener-centered full-sphere spatial coverage (Ger-

46568

https://st-audiolm.github.io/


zon, 1973; Daniel, 2003) and alignment with es-
tablished SELD direction-estimation practice (Ada-
vanne et al., 2018), complementing prior binaural
spatial audio-language work (Zheng et al., 2024).
Unlike event-only audio QA or static spatial QA,
ST-AudioQA is designed to evaluate binding be-
tween sound identity, time, and spatial state: it asks
not only what and where, but also where at a given
time, how did it move, and which source changed.
The rendered spatio-temporal audio provides both
dense trajectory supervision and structured source-
level metadata for generating controlled QA, en-
abling training of both the spatio-temporal encoder
and audio LLM. Second, we introduce ST-Audio
Encoder, a time-resolved spatio-temporal FOA au-
dio encoder built on audio spectrogram transform-
ers (Gong et al., 2021) that predicts AudioSet se-
mantics together with activity, direction, and dis-
tance trajectories. Third, we connect ST-Audio
Encoder to a LLM (Walsh et al., 2025) via audio
tokens, yielding ST-AudioLM, and train it with a
curriculum organized as A) single-source percep-
tion, B) two-source perception and grounding, and
C) compositional source-time-space reasoning.

Experiments show that spatio-temporal audio
QA requires more than recognizing events or lo-
calizing sources in isolation. Encoders adapted
from static spatial audio models (Zheng et al.,
2024) struggle to track motion, while localization-
oriented SELD models (Hu et al., 2025) lose event
information needed for language questions. ST-
Audio Encoder addresses this tradeoff by learn-
ing representations that retain sound-event identity
while tracking source direction and distance over
time. When used as audio tokens for an LLM, these
representations outperform baselines based on tem-
poralized static-encoder features or localization-
oriented dynamic features across single-source per-
ception, two-source grounding, and compositional
motion questions. Evaluations on real recordings
demonstrate zero-shot transfer and gains from light
adaptation (Shimada et al., 2023); ST-AudioLM
also leads the zero-shot comparison on a real-
recording spatial-reasoning benchmark (Liu et al.,
2026). Together, these results suggest that spatio-
temporal audio-language reasoning benefits from
binding what is sounding to where it is over time.
Our contributions are summarized as follows:

• We propose ST-AudioQA, a controlled spatio-
temporal audio QA benchmark for static and
moving sources, covering event recognition,

time-anchored localization, motion, source
grounding, and compositional reasoning.

• We introduce ST-Audio Encoder, a time-
resolved FOA spatial audio encoder that
preserves event semantics while predicting
source direction and distance trajectories.

• We build ST-AudioLM, which equips an LLM
with semantic and trajectory-aware FOA au-
dio tokens, improving spatio-temporal percep-
tion, grounding, and compositional reasoning.

2 Related Work

Sound source localization models. Sound
source localization and SELD studies provide a
complementary line of work focused on estimating
source activity and direction over time (Grumiaux
et al., 2022; Adavanne et al., 2018; Cao et al., 2021).
Formulations such as Multi-ACCDOA, which rep-
resents active sound events as Cartesian direction
vectors, have been effective for localizing overlap-
ping sources (Shimada et al., 2022). Recent exten-
sions further incorporate source distance estimation
(Krause et al., 2024; Diaz-Guerra et al., 2024) and
exploit pretrained models, such as PSELDNets pre-
trained on large synthetic SELD data (Hu et al.,
2025). These models explicitly address the spa-
tial and temporal localization problem that audio-
language models often overlook. However, their
objectives are typically framed around localiza-
tion and constrained sound event taxonomies. This
makes them effective for estimating source trajecto-
ries, but less suitable as general audio interfaces for
LLMs, where broad semantic understanding and
language-facing representations are essential.

Audio-language models for spatial reasoning.
Audio-language models connect pretrained audio
or speech encoders (Gong et al., 2021; Elizalde
et al., 2023; Chen et al., 2023; Radford et al., 2023)
to LLMs for captioning, question answering, and
instruction following (Deshmukh et al., 2023; Gong
et al., 2024; Tang et al., 2024a; Chu et al., 2023;
Kong et al., 2024). Recent systems further broaden
general audio understanding through scaled open
models, time-aware representations, and diffusion
language backbones (Chu et al., 2024; Ghosh et al.,
2025; Yang et al., 2026; Zhou et al., 2026). Al-
though these models improve language-level rea-
soning over everyday sounds using large-scale au-
dio and audio-text supervision (Gemmeke et al.,
2017; Kim et al., 2019; Drossos et al., 2020; Wu
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et al., 2023), they typically encode audio as global
semantic content, leaving spatio-temporal source
state implicit. Recent spatial audio-language mod-
els begin to address this gap. BAT introduces a
spatial audio encoder for binaural audio and en-
ables LLMs to answer controlled questions about
sound source semantics and locations (Zheng et al.,
2024). Subsequent work extends auditory LLMs to
multichannel spatial tasks such as far-field speech
recognition (Tang et al., 2024b), improves spatial
audio representations (Wilkinghoff and Tan, 2026),
estimates source and room descriptors (Jiang et al.,
2026), or adds geometry-aware and plug-in spa-
tial modules for spatial audio-language reasoning
(Biswas et al., 2026; Sakshi et al., 2025). Spatial-
Omni (Zhu et al., 2026) integrates FOA encoding
into a LLM for spatial audio understanding. How-
ever, most spatial audio-language models still focus
on static or clip-level spatial reasoning without ex-
plicit time-resolved source trajectories.

Recent work has begun to address dynamic au-
dio reasoning: STAR-Bench includes a broad real-
recording evaluation (Liu et al., 2026), while Srid-
har et al. present dynamic spatial audio QA with
rendered binaural scenes and BAT-style encoder
adaptation (Sridhar et al., 2026). In contrast, ST-
AudioQA provides controlled trajectory supervi-
sion and a hierarchy of source-state perception,
grounding, and reasoning tasks, while ST-Audio
Encoder produces dedicated semantic and trajec-
tory tokens directly from FOA. Together with ST-
AudioLM, this enables audio-language reasoning
grounded in time-varying source states.

3 ST-AudioQA: Spatio-Temporal Audio
QA Benchmark

Existing spatial audio QA benchmarks (Zheng
et al., 2024; Biswas et al., 2026) reduce spatial
reasoning to static source locations, whereas real
acoustic scenes require tracking sources as they
move. We therefore formulate spatial audio QA as
a spatio-temporal grounding problem: each event
should be tied to where it is over time, whether it
moves, and how its direction and distance change.
ST-AudioQA adopts the source trajectory, rather
than a clip-level position, as the unit of supervision.

To build this benchmark, we render FOA audio
and derive controlled short-answer QA pairs from
structured source metadata. For each sound source
indexed by k, we define its state at time frame t as

sk(t) = {ak(t),dk(t), rk(t), yk}, (1)

where ak(t) denotes binary source activity (active
vs. inactive), dk(t) is the listener-centered direc-
tion, rk(t) is metric distance, and yk is the audio
label set associated with the clip. Static sources
are represented as zero-motion trajectories, giving
a unified metadata schema for static and moving
sources. Sec. 3.1 describes how we generate spatio-
temporal FOA audio, and Sec. 3.2 describes how
these source states are converted into QA pairs.
Additional details on audio rendering and QA gen-
eration are provided in Appendix E.

3.1 Spatio-Temporal FOA Audio Generation
Spatial audio simulation. We use SoundSpaces
2.0 (Chen et al., 2022) with Matterport3D (Chang
et al., 2017) scene meshes to simulate room
acoustics, following prior spatial audio-language
work (Zheng et al., 2024). For each room, we
sample listener and source anchors from navigable
same-room candidates, then query SoundSpaces
for FOA room impulse responses (RIRs) that en-
code source-to-listener direction, distance, and re-
flections. This produces 10-second, 32 kHz FOA
clips with controllable source trajectories and room-
scale reverberation.

Static and dynamic sources. We represent both
static and moving sources with a common 40-bin
temporal schema. Each 10-second clip is divided
into 40 time bins, corresponding to one spatial state
every 0.25 seconds. For a moving source, the lis-
tener is fixed and the source follows a same-room
trajectory between valid source anchors. For a
static source, the trajectory is constant, i.e., the
same source position is used for all time bins. To
render motion, we query a per-bin FOA RIR and
crossfade adjacent rendered segments, obtaining
time-varying renderings of a sound source. We
retain only trajectories that pass audibility and RIR-
stability checks; additional filtering and rendering
details are given in Appendix E.1.

Sound events and mixtures. We use AudioSet
clips (Gemmeke et al., 2017) as monaural event
waveforms and spatialize each waveform by ren-
dering it through the SoundSpaces FOA RIRs.
AudioSet provides the event content and label
set, while SoundSpaces provides the spatial prop-
agation and trajectory annotations. A rendered
scene contains either one source (K = 1) or
two sources (K = 2). Each source is rendered
independently into FOA audio, and two-source
scenes are mixed by summing the rendered FOA
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(a) Perception and grounding with primitive QA families

Primitive QA family A: Single-source perception B: Two-source perception and grounding

Event semantics Detect or verify the event content of one source
Cases: S, D
Q: What sound events are present?
A: dog bark

Detect or verify the event content of two sources
Cases: SS, SD, DD
Q: What sound events are present?
A: dog bark; clapping

Movement status Decide whether one source moves
Cases: S, D
Q: Is the sound moving or stationary?
A: moving

Decide whether a named source moves
Cases: SS, SD, DD
Q: Is the clapping moving or stationary?
A: moving

Spatial location Localize one source over time
Cases: S, D
Q: What is the azimuth of the sound at the end?
A: back-right

Localize a named source over time
Cases: SS, SD, DD
Q: What is the distance of the clapping at the end?
A: 2.0--2.5 m

Spatial change Estimate beginning-to-end change
Cases: D
Q: Does the sound get closer or farther overall?
A: closer

Estimate change for a named source
Cases: SD, DD
Q: Does the clapping move clockwise or
counterclockwise?
A: clockwise

Source grounding Not instantiated for one-source clips
Cases: –
Q: Not asked
A: Not applicable

Select the event matching a spatial or motion attribute
Cases: SS, SD, DD
Q: Which sound moves clockwise, dog bark or clapping?
A: clapping

(b) Compositional source-time-space reasoning

Compositional QA family Composed primitive families C: Compositional example

Temporal relation change {Event semantics, Spatial location, Spatial change} Ask whether a relation changes from beginning to end
Cases: SD, DD
Q: Does dog bark start closer than clapping
and end farther away?
A: no

Movement-conditioned spatial relation {Movement status, Spatial location} Compare the moving and stationary sounds at a time
anchor
Cases: SD
Q: At the middle, is the moving sound higher
than the stationary sound?
A: no

Cross-source trajectory relation {Event semantics, Spatial change} Compare how the two source trajectories change
Cases: SD, DD
Q: Does dog bark change distance more than
clapping?
A: yes

Table 1: ST-AudioQA hierarchy. (a) Primitive QA families instantiated for single-source perception and two-source
perception/grounding. (b) Compositional reasoning integrates these primitives into source-time-space relation
questions over two trajectories. S/D denote static/dynamic one-source clips; SS/SD/DD denote the three two-source
motion cases. Controlled answers include event labels, yes/no, spatial bins, and movement labels.

source signals channel-wise. Single-source scenes
contain either one static or one moving source;
two-source scenes cover static–static (SS), static–
dynamic (SD), and dynamic–dynamic (DD) motion
configurations. The resulting metadata provides
time-varying source activity, direction, distance,
and event labels. These structured source states are
used both for encoder supervision and for generat-
ing the QA pairs described next.

3.2 Spatio-Temporal QA Generation

Using the structured source state sk(t), we instanti-
ate controlled short-answer QA pairs from the ren-
dered scene metadata. The questions are designed
to probe event identity, time-localized spatial state,
movement status, spatial change, and relations be-
tween source trajectories. Table 1 summarizes the
hierarchy of question families and types.

Primitive QA families. We define five primitive
QA families over the source state sk(t), correspond-
ing to Table 1(a):

– Event semantics covers event detection and veri-
fication, asking what sound events are present
or whether a queried event is audible.

– Movement status decides whether a source is
moving or stationary.

– Spatial location localizes a source at a begin-
ning, middle, or end time anchor, using listener-
centered azimuth, elevation, and distance bins.

– Spatial change estimates how a source changes
from the beginning to the end of the clip, such
as clockwise versus counterclockwise, upward
versus downward, or closer versus farther.

– Source grounding selects the sound event that
matches a given spatial or motion attribute in
two-source scenes.
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QA types. The QA types form a progression
from perceiving a single source, to grounding
sources in mixtures, to reasoning over relations
between trajectories. Type A, single-source per-
ception, asks whether the model can recover the
event identity, location, movement status, and spa-
tial change of one source trajectory, testing basic
source-state understanding. Type B, two-source
perception and grounding, places the same source-
level cues in a mixture: the model must answer
about a named event or select the event matching
a spatial or motion attribute, thereby binding each
event identity to the correct trajectory. Type C, com-
positional source-time-space reasoning, composes
the primitive families into two-source relation ques-
tions, requiring the model to compare grounded
source states across event identity, time, space, and
motion (see Table 1(b)).

4 Method

Figure 1 illustrates ST-AudioLM, which connects
a time-resolved FOA audio encoder to an LLM for
spatio-temporal audio QA. We first describe ST-
Audio Encoder, which learns event semantics to-
gether with source activity, direction, and distance
trajectories (Sec. 4.1). We then describe the audio-
token interface and LLM training procedure used
to turn the encoder representations into language-
model inputs for perception, grounding, and com-
positional reasoning (Sec. 4.2).

4.1 ST-Audio Encoder: Spatio-Temporal FOA
Audio Encoder

FOA frontend and static heads. ST-Audio En-
coder uses an AST-style Transformer (Gong et al.,
2021) backbone over FOA spatial audio features.
Given a 10-second FOA waveform, we compute
log-mel features from the four ambisonic chan-
nels (W,X, Y, Z) and concatenate three acous-
tic intensity-vector features (Ix, Iy, Iz), yielding a
seven-channel time-frequency input, as commonly
used for FOA SELD features (Politis et al., 2020).
A 3×3 convolutional frontend fuses these channels
before patch embedding, and the resulting patch
sequence is processed by the Transformer. To learn
clip-level semantic and static spatial summaries,
we prepend three learned global tokens: a semantic
token, a direction-of-arrival (DoA) token, and a
distance token. The semantic token supports multi-
label AudioSet prediction, while the DoA and dis-
tance tokens supervise static localization heads for

clip-level DoA and source-listener distance. This
gives us a static FOA perception encoder, which we
next turn into a time-resolved trajectory encoder.

Dynamic trajectory heads. The global tokens
summarize clip-level semantics and static spatial
state, but moving-source localization requires time-
resolved evidence. We therefore convert the final
Transformer patch sequence into temporal trajec-
tory representations. Specifically, we reshape the
final patch sequence into a grid Z ∈ RT ′×F ′×C ,
where T ′ and F ′ are the temporal and frequency
dimensions after patch embedding, and C is the
hidden dimension. We then average over frequency
to obtain a temporal representation:

et =
1

F ′

F ′∑

f=1

Zt,f . (2)

The sequence {et} is linearly interpolated to 40
bins for each 10-second clip, corresponding to one
representation every 250 ms. Lightweight tem-
poral self-attention layers contextualize these bin-
level representations before prediction. Per-bin
dynamic heads then predict source activity, a 3D
direction vector, and source-listener log-distance.
Static-source examples are represented as constant
trajectories over time, allowing the same heads to
train on both stationary and moving sources.

Encoder training. We train ST-Audio Encoder
in three stages (see Fig. 1(a)). Stage 1 trains the
semantic token for multi-label AudioSet prediction
on static FOA renderings. Stage 2 adds clip-level
static localization by supervising the DoA and dis-
tance tokens, yielding a static FOA encoder with
both event and spatial objectives. Stage 3 converts
this encoder into a time-resolved trajectory encoder:
the dynamic heads are trained on moving-source
trajectories, while static examples are replayed as
constant trajectories over time. To retain event
recognition during this dynamic stage, we keep
the semantic head active and distill semantic logits
from a frozen Stage-1 semantic teacher.

4.2 ST-AudioLM: Spatio-Temporal Audio
Reasoning with LLM

Spatio-temporal audio token interface. After
training ST-Audio Encoder, we remove all predic-
tion heads and freeze the encoder. For each audio
clip, we use one semantic token and 40 tempo-
ral trajectory representations from the encoder as
audio tokens, forming a 41-token audio sequence.
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moves clockwise?”

Figure 1: Overview of ST-Audio Encoder and ST-AudioLM. (a) ST-Audio Encoder converts FOA waveforms
into seven-channel FOA features and uses an AST-style Transformer (Gong et al., 2021) to produce semantic, static
localization, and dynamic trajectory tokens, supervised by the corresponding objectives in three-stage encoder
training. (b) For QA finetuning, the frozen ST-Audio Encoder provides one semantic token and dynamic trajectory
tokens as audio tokens. A trainable two-layer MLP connector maps them into the LLM embedding space, and only
the connector and LoRA adapters are trained on the staged spatio-temporal QA curriculum.

The semantic token provides a clip-level event rep-
resentation, while the temporal trajectory repre-
sentations preserve the temporal order of spatial
information. The global DoA and distance tokens
are used only for encoder supervision and are not
included in the LLM input. A trainable two-layer
MLP connector projects each audio token into the
LLM embedding space. Thus, the LLM receives
both a semantic representation and a temporally or-
dered sequence of trajectory representations, rather
than a single pooled audio vector (see Fig. 1(b)).

LLM finetuning. During QA training, we freeze
both ST-Audio Encoder and the base LLM weights,
and update only the two-layer MLP connector and
LoRA adapters. We train these modules with
a staged spatio-temporal QA curriculum, with
training-pool sizes summarized in Table 2. Type A
trains single-source perception, requiring the model
to recognize event, location, and motion from the
41 audio tokens. Type B adds two-source percep-
tion and grounding, where questions refer to named
events or ask the model to select the source match-
ing a spatial or motion attribute. Type C adds com-
positional relation questions over grounded sources,
combining event identity, time, location, motion,
and source-to-source comparisons.

5 Experiments

We evaluate our approach by tracing the path
from spatio-temporal audio representation to QA.
Encoder-level experiments examine whether ST-
Audio Encoder captures both event identity and
time-varying source state. Audio-language experi-

Stage Question Type # Tr. Samples Percentages
I A 216K 29.5%
II A, B 516K 70.3%
III A, B, C 734K 100%

Table 2: Staged QA curriculum for LLM finetuning.
Training samples are cumulative over the listed question
types: A is single-source perception, B adds two-source
perception and grounding, and C adds compositional
reasoning. Percentages are relative to the Stage-III pool.

ments then assess ST-AudioLM on ST-AudioQA,
measuring single-source perception, two-source
grounding, and compositional source-time-space
reasoning. Sec. 5.1 describes the setup, metrics,
and baselines; Sec. 5.2 presents the main analyses.

5.1 Experimental Setup

Implementation details. Our encoder adapts the
Spatial-AST backbone used in BAT (Zheng et al.,
2024) to the FOA frontend in Sec. 4.1. Stages 1–
2 train this static FOA encoder on room-rendered
AudioSet clips for multi-label event recognition
and clip-level DoA/distance localization. Stage
3 initializes ST-Audio Encoder from the Stage-2
checkpoint and learns time-resolved source trajec-
tories through two training phases on single-source
moving clips; Appendix A.4 provides stage-wise
training details. For audio-language training, we
use OLMo2-7B-Instruct (Walsh et al., 2025), freeze
the audio encoder and base LLM, and train only the
MLP connector and LoRA adapters. We use LoRA
rank 16 and α = 32; Type A uses connector and
LoRA learning rates of 2× 10−4 and 10−4, while
Types B and C use 10−4 and 5×10−5, respectively.
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Encoder baselines. Table 3 compares static and
dynamic encoder baselines. For static evaluation,
Spatial-AST is the binaural BAT encoder (Zheng
et al., 2024), and Spatial-AST-FOA is our Stage-2
static FOA encoder before trajectory training. For
dynamic evaluation, Intensity-based DOA estima-
tor converts the FOA intensity vector into time-bin
directions without learning. Spatial-AST-FOA (tem-
poral crop) applies the trained static FOA encoder
to short waveform crops centered at each trajectory
time bin, predicting bin-level DoA and distance
independently. PSELDNets-mACCDOA + seman-
tic/dist. heads extends a dynamic PSELDNets ar-
chitecture (Hu et al., 2025) to 355 AudioSet labels
and source-listener distance prediction.

Audio-language baselines. Tables 4 and 5 com-
pare ST-AudioLM with QA-trained baselines, and
zero-shot evaluations of general audio-language
models (Chu et al., 2024; Ghosh et al., 2025;
Yang et al., 2026; Zhou et al., 2026) and the FOA-
based Spatial-Omni (Zhu et al., 2026). Using each
model’s native or closest supported input (sepa-
rate binaural channels for Qwen2-Audio, mono for
the other general models, and FOA for Spatial-
Omni), these comparisons test whether general
audio-language or spatial-audio modeling suffices
without trajectory-aware training. BAT uses the
same QA pairs with corresponding binaural render-
ings, serving as a static binaural baseline. For con-
trolled FOA comparisons, PSELDNets-mACCDOA
+ OLMo2 connects the dynamic PSELDNets-
based encoder from Table 3 to OLMo2, testing
localization-oriented dynamic features for QA.
Spatial-AST-FOA + OLMo2 uses the frozen Stage-
2 static FOA encoder, reshaping its patch tokens
into 40 temporal tokens and appending the seman-
tic token. This matches ST-AudioLM’s 41-token
interface but lacks ST-Audio Encoder’s trajectory-
specific temporal self-attention, dynamic heads,
and trajectory supervision.

Metrics. Encoder evaluation reports AudioSet
mAP, DoA MAE as 3D angular error in degrees,
Dist. Acc over 0.5 m static distance bins, and Dist.
MAE in meters for dynamic clips. Traj. Acc@20◦

counts a clip as correct only when all active time
bins are localized within 20◦, measuring full-path
rather than average localization. For QA, event
detection uses mAP, event verification uses yes/no
accuracy, and the other families use answer accu-
racy; Appendix B details aggregation and parsing.

(a) Static source evaluation

Model Input
Semantic Spatial loc.

mAP ↑ DoA MAE ↓ Dist. Acc ↑

Spatial-AST (Zheng et al., 2024) Binaural 50.1 18.0◦ 67.2
Spatial-AST-FOA FOA 47.7 19.2◦ 74.1

(b) Dynamic source evaluation

Model Input
Semantic Spatial loc. Tracking

mAP ↑ DoA MAE ↓ Dist. MAE ↓ Traj. Acc@20◦ ↑

Intensity-based DOA estimator FOA – 23.9◦ – 33.0
Spatial-AST-FOA (temporal crop) FOA 45.2 41.4◦ 0.64 m –
PSELDNets-mACCDOA + sem./dist. heads FOA 29.7 13.7◦ 0.38 m 61.4
ST-Audio Encoder (ours) FOA 62.8 13.8◦ 0.32 m 62.3

Table 3: Encoder evaluation for static perception
and dynamic tracking. (a) reports static event recogni-
tion, DoA estimation, and distance-bin prediction; the
binaural Spatial-AST row is only a reference because
FOA uses different renderings and input features. (b)
evaluates semantic prediction, DoA/distance errors, and
whole-trajectory tracking on single-source moving clips.

5.2 Experimental Results and Analyses

We analyze the results from encoder represen-
tation to audio-language reasoning, examining
(i) semantic-preserving trajectory modeling, (ii)
single- and two-source perception and grounding,
(iii) compositional source-time-space reasoning,
(iv) transfer to real recordings, and (v) key rep-
resentation and training choices. Appendix D.1
provides detailed STARSS23 transfer results.

Can an audio encoder model source trajecto-
ries while preserving event semantics? Table 3
evaluates static spatial-semantic perception and dy-
namic moving-source tracking. Table 3(a) includes
binaural Spatial-AST only as a reference point be-
cause its input format and renderings differ from
Spatial-AST-FOA, while Spatial-AST-FOA shows
that our Stage-2 FOA encoder provides a strong
static spatial-semantic representation before trajec-
tory training. In dynamic scenes, Spatial-AST-FOA
(temporal crop) shows that applying this static en-
coder over temporal windows is insufficient for
trajectory tracking. PSELDNets-mACCDOA + se-
mantic/dist. heads is a strong localization-oriented
baseline, obtaining the best DoA error and com-
petitive trajectory accuracy but substantially lower
AudioSet mAP. In contrast, ST-Audio Encoder
achieves the best semantic mAP and distance error
while remaining competitive with PSELDNets on
dynamic localization. This suggests that its main
benefit is a joint representation that preserves broad
event semantics while exposing time-resolved spa-
tial cues for downstream language modeling.
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Type Model
A: Single-source perception B: Two-source perception and grounding

Semantic Spatial loc. Spatial chg. Move Semantic Spatial loc. Spatial chg. Move Source grounding

mAP Y/N DoA Dist. ∆DoA ∆Dist. Acc. mAP Y/N Src. DoA Src. Dist. Src. ∆DoA Src. ∆Dist. Src. Move Loc. Chg. Move

– Random chance 0.8 50.0 22.9 10.0 50.0 50.0 50.0 1.5 50.0 22.9 10.0 50.0 50.0 50.0 25.0 25.0 25.0

Zero-shot

Qwen2-Audio (Chu et al., 2024) 8.8 76.3 15.9 0.0 51.2 34.3 37.2 4.7 69.1 20.5 0.0 48.8 36.3 36.9 3.6 19.4 4.7
Audio Flamingo 3 (Ghosh et al., 2025) 17.8 82.3 19.3 8.0 35.2 39.1 43.1 7.8 67.6 18.4 3.4 37.2 34.9 40.8 0.1 0.4 0.1
MOSS-Audio-8B (Yang et al., 2026) 6.5 79.0 19.2 21.0 17.7 48.6 51.2 3.7 62.1 19.2 19.5 22.0 49.2 50.6 13.4 5.8 1.2
DIFFA-2 (Zhou et al., 2026) 3.8 75.2 17.8 17.1 32.1 45.3 51.1 2.8 60.6 18.2 16.7 32.6 48.6 49.1 0.2 0.1 0.2
Spatial-Omni (Zhu et al., 2026) 3.6 68.6 19.3 8.6 18.2 34.0 9.1 3.2 44.4 24.3 8.1 18.5 29.9 4.2 8.1 6.4 8.6

QA-trained

BAT (Zheng et al., 2024) 1.0 64.6 48.5 29.8 49.7 52.8 99.4 1.8 60.5 35.6 21.0 49.8 50.4 64.7 39.4 37.4 57.0
PSELDNets-mACCDOA + OLMo2 9.1 89.9 72.0 39.7 51.3 62.6 73.4 5.4 76.1 51.2 28.2 50.5 58.3 56.1 46.1 32.8 30.1
Spatial-AST-FOA + OLMo2 25.3 93.3 71.4 44.9 78.4 82.4 99.6 12.6 83.2 51.0 30.9 65.2 68.8 73.9 48.8 40.2 70.0
ST-AudioLM (ours) 27.6 93.7 81.6 51.5 91.1 87.8 99.8 14.3 83.8 54.3 32.8 71.6 70.0 66.2 49.7 47.4 59.3

Table 4: Audio-language QA results on ST-AudioQA. All values are on a 0–100 scale; higher is better. Type A
evaluates single-source perception; Type B evaluates two-source perception and grounding. Semantic columns
report event-detection mAP and event-verification accuracy; Spatial loc. reports DoA/distance accuracy, Spatial
chg. reports beginning-to-end change accuracy, and Move reports moving/stationary accuracy. For Type B, “Src.”
denotes questions about the named sound event, and source grounding asks the model to select the event matching a
spatial or motion attribute. Zero-shot models use their native or closest supported input format. Qwen2-Audio and
BAT use binaural audio rendered by SoundSpaces from the same scene and source metadata.

Type Model C: Compositional source-time-space reasoning

Temp. rel. Move-spat. Traj. rel. Avg.

– Random chance 50.0 50.0 50.0 50.0

Zero-shot

Qwen2-Audio (Chu et al., 2024) 51.6 35.9 45.6 44.4
Audio Flamingo 3 (Ghosh et al., 2025) 49.8 33.1 49.8 44.2
MOSS-Audio-8B (Yang et al., 2026) 50.4 33.1 45.6 43.0
DIFFA-2 (Zhou et al., 2026) 49.7 33.4 45.1 42.7
Spatial-Omni (Zhu et al., 2026) 49.9 28.2 46.8 41.6

QA-trained

BAT (Zheng et al., 2024) 76.3 51.6 55.3 61.1
PSELDNets-mACCDOA + OLMo2 86.3 50.3 51.4 62.7
Spatial-AST-FOA + OLMo2 80.4 55.2 54.3 63.3
ST-AudioLM (ours) 86.0 55.8 60.6 67.5

Table 5: Compositional QA results. All values are
controlled-answer accuracy on a 0–100 scale; higher is
better. Temp. rel., Move-spat., and Traj. rel. denote
temporal relation change, movement-conditioned spatial
relation, and cross-source trajectory relation. Avg. is
computed over the reported Type-C families.

Do trajectory-aware audio tokens improve
single-source perception? Table 4 evaluates
Type-A single-source perception, where the model
must recognize the event and recover the source’s
spatial state over time. Under zero-shot evaluation,
general audio-language models retain some event-
semantic ability but remain weak on localization,
spatial change, and motion. Among QA-trained
baselines, BAT remains weak in event detection
and spatial-change reasoning, while PSELDNets-
mACCDOA + OLMo2 is limited by weak event
semantics. The strongest overall baseline, Spatial-
AST-FOA + OLMo2, uses the same 41-token inter-
face as ST-AudioLM but derives its tokens from
a static FOA encoder. Compared with this, ST-
AudioLM improves semantic recognition and spa-
tial perception, with the clearest gains on trajectory-
sensitive questions such as ∆DoA. This suggests
that trajectory-supervised encoder representations
make the audio tokens more informative for per-
ceiving time-varying source states.

Do trajectory-aware tokens remain useful for
grounding in mixtures? Type B in Table 4
moves from single-source perception to two-source
mixtures, where the model must answer about a
named event or select the event matching a spatial
or motion attribute. The static FOA baseline al-
ready performs strongly, showing that the 41-token
interface provides a useful basis for mixture QA.
ST-AudioLM further improves semantic recogni-
tion, source-conditioned localization, and spatial-
change grounding. This suggests that trajectory-
aware tokens remain useful beyond single-source
perception, especially when spatial questions must
be grounded to a queried sound event in a mixture.

How well do trajectory-aware tokens support
compositional reasoning? Table 5 evaluates
Type-C questions that combine event semantics,
motion, spatial change, and cross-source compar-
ison. These zero-shot baselines remain below
chance on average, showing that general audio-
language modeling and FOA spatial modeling
alone are insufficient for Type-C reasoning. ST-
AudioLM achieves the best average accuracy, with
the clearest gain on cross-source trajectory rela-
tions and performance comparable to the strongest
localization-oriented baseline on temporal relation
change. However, movement-conditioned spatial
relations remain only modestly above chance for
all models, indicating that jointly resolving mo-
tion and spatial relations is still challenging. Over-
all, these results suggest that trajectory-aware to-
kens help compositional source-time-space reason-
ing, while relation-level reasoning over grounded
sources remains open.
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(a) STARSS23 transfer and adaptation

Setting Type A Type B Type C

Overall Overall Move-spat. Traj. rel. Overall

Zero-shot 39.9 18.3 54.0 49.8 51.4
Light adapt. 59.7 59.4 56.4 67.8 63.5
Real mixture 67.1 59.1 44.2 62.6 55.7

(b) STAR-Bench zero-shot evaluation

Model Input Static loc. Relation Trajectory Overall

Random chance – 33.3 33.3 33.3 33.3

Qwen2-Audio (Chu et al., 2024) 2ch 42.2 22.2 13.3 37.9
Audio Flamingo 3 (Ghosh et al., 2025) Mono 36.6 52.8 26.7 37.4
Spatial-Omni (Zhu et al., 2026) FOA 46.2 41.7 10.0 42.8
ST-AudioLM (ours) FOA 47.9 63.9 60.0 50.4

Table 6: Real-recording evaluation. (a) STARSS23 transfer (Shimada et al., 2023). Overall for each QA type
is accuracy over all questions in its evaluation pool after answer normalization (chance for Type C: 50.0). Light
adapt. updates only the connector/LoRA after synthetic training; Real mixture adds family-stratified STARSS23 QA
amounting to approximately 5% of the synthetic QA count at each curriculum stage (Appendix D.2). (b) Zero-shot
STAR-Bench evaluation (Liu et al., 2026) using each model’s native or closest compatible input; none is trained on
STAR-Bench. Overall reports micro-averaged accuracy. Values are percentages; higher is better.

Setting Semantic Spatial loc. Tracking

mAP ↑ DoA MAE ↓ Dist. MAE ↓ Traj. Acc@20◦ ↑
(A) Semantic Distillation
Without 51.0 12.2 0.30 73.0
With (ours) 62.8 13.8 0.32 62.3

(B) Temporal Resolution
10 bins 58.5 14.1 0.31 65.4
20 bins 58.3 14.0 0.31 64.4
40 bins (ours) 62.8 13.8 0.32 62.3

(C) FOA Input Features
FOA log-mel only 56.7 71.5 0.48 1.6
+ IPD 56.9 20.1 0.36 51.9
+ Intensity vector (ours) 62.8 13.8 0.32 62.3

Table 7: Encoder design ablations. (A) semantic dis-
tillation, (B) temporal resolution, and (C) FOA input
features. IPD denotes inter-channel phase difference.
Variants share the Stage-3 training setup within each
block. DoA/Dist. MAE are in degrees/meters; other
metrics are percentages.

Does source-time-space modeling transfer to
real recordings? Table 6(a) evaluates transfer to
STARSS23 recordings (Shimada et al., 2023). The
zero-shot model retains semantic and some single-
source perception abilities, while lightweight con-
nector/LoRA adaptation substantially improves
multi-source grounding and Type-C reasoning.
Mixing a small real-QA set into the synthetic cur-
riculum yields the strongest Type-A transfer and
improves Type-B grounding over zero-shot, al-
though explicit adaptation remains strongest on
Type-C. Table 6(b) further evaluates all models
zero-shot on the real-recording subset of STAR-
Bench (Liu et al., 2026). ST-AudioLM achieves
the best result in every category and overall, with
its clearest advantage on trajectory questions, pro-
viding evidence that its trajectory-aware represen-
tation transfers beyond synthetic rendering.

What enables semantic-preserving spatio-
temporal audio-language modeling? Tables 3,
4, and 5 compare static and trajectory-trained
representations at the encoder level and under
the same LLM protocol, while Table 7 isolates

semantic distillation, temporal resolution, and
FOA frontend features. Distillation improves
semantic preservation despite a localization
trade-off, and the distilled encoder still exceeds
PSELDNets in trajectory accuracy. Among the
tested resolutions, 40 bins give the best semantic
mAP and DoA error while keeping distance and
trajectory tracking competitive. Magnitude-only
FOA severely degrades dynamic localization; IPD
partially recovers it, but intensity-vector features
perform best overall. Appendix C shows that the
A→B→C curriculum progressively develops the
three task types and better preserves Type-A/B
than joint training under the same epoch budget.

6 Conclusion

We present spatio-temporal audio-language mod-
eling for dynamic sound sources. To this end, we
introduce ST-AudioQA, a controlled, hierarchical
source-time-space QA benchmark; ST-Audio En-
coder, a time-resolved FOA encoder that preserves
broad event semantics while modeling source tra-
jectories; and ST-AudioLM, which exposes se-
mantic and trajectory-aware audio tokens to an
LLM. Experiments show that these representations
support dynamic localization and improve single-
source perception, multi-source grounding, and
compositional reasoning over static spatial and
localization-oriented baselines. ST-AudioLM also
shows zero-shot transfer to real recordings, with
further benefits from target-domain supervision.
Taken together, our results show that reasoning over
moving sound sources requires more than static spa-
tial understanding or localization alone; it calls for
representations that bind broad event semantics to
time-resolved source trajectories.

46576



7 Limitations

This work uses controlled synthetic rendering to
obtain precise trajectory labels and systematic QA,
but it cannot cover the full range of real acoustic
conditions, microphone responses, source behav-
iors, noise, or outdoor environments. We therefore
assess transfer through zero-shot inference, light
adaptation, and mixed real/synthetic QA training
on STARSS23 (Shimada et al., 2023), together with
zero-shot evaluation on STAR-Bench (Liu et al.,
2026). Although these results demonstrate trans-
fer beyond synthetic rendering, broader real-world
evaluation remains necessary.

The current benchmark also simplifies dynamic
scenes. Our dynamic rendering uses per-bin sta-
tionary FOA RIRs with crossfades. In our mo-
tion regime, the omitted Doppler shift is negligi-
ble; Appendix E.1 quantifies this approximation,
while high-speed pass-by events and continuously
changing scattering paths remain outside our scope.
Sources follow controlled 10-second trajectories,
and many questions focus on beginning-to-end spa-
tial change rather than arbitrary non-monotonic mo-
tion. Movement-conditioned spatial-relation rea-
soning also remains an open challenge because it
requires joint motion identification, source ground-
ing, localization, and relation comparison. The
main setting is limited to one- and two-source
scenes, so denser mixtures, same-class source am-
biguity, source entrances and exits, pauses, acceler-
ation, and curved paths remain future directions.

8 Ethical Considerations

The system may inherit biases from AudioSet la-
bels and the simulated scene distribution. We do
not annotate or infer speaker identity or other per-
sonal attributes, but speech-related and other audio
labels may encode demographic or contextual bias.
To support transparency and reproducibility, we
will release the generation scripts and metadata
filters. We avoid treating synthetic benchmark per-
formance as a substitute for real-world robustness.
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A Model and Training Details

We provide additional implementation details for
ST-Audio Encoder, its interface with the language
model, the baseline systems, and the training con-
figurations used in our experiments.

A.1 ST-Audio Encoder Architecture
Input features. The encoder operates on a seven-
channel time-frequency input. The first four chan-
nels are log-mel features computed from the first-
order ambisonic signal. The remaining three chan-
nels are acoustic intensity-vector features derived
from the same FOA signal. We stack the mel and
intensity features along the channel dimension and
pass them through a 3×3 convolutional frontend
before AST-style patch embedding. This frontend
fuses spectral, ambisonic, and intensity cues before
transformer processing. We sample the waveforms
at 32 kHz and compute a 1,024-point STFT using
a 1,024-sample Hann window and a 320-sample
hop. The resulting power spectra are projected
onto 128 mel bands spanning 50 Hz to 14 kHz
and compressed to decibels with an 80 dB range.
For q ∈ {X,Y, Z}, the intensity feature is the mel
projection of Re(W ∗q)/

(
|W |2 + (|X|2 + |Y |2 +

|Z|2)/3 + ϵ
)
.

Backbone configuration. The AST backbone
uses 768-dimensional embeddings, 12 Transformer
blocks, 12 attention heads, an MLP ratio of 4, and
16×16 patches with stride 16. The frontend feature
map is resized to 1,024 time frames before patch
embedding.

Static spatial pretraining. We first train the FOA
encoder with a Spatial-AST-style objective (Zheng
et al., 2024). This stage uses global representations
to predict AudioSet event semantics, and static di-
rection and distance. The semantic representation
is trained with AudioSet multi-label supervision,
while the direction and distance representations are
trained with static localization losses. This pro-
vides a spatial-semantic initialization before intro-
ducing moving-source trajectory supervision.

Dynamic trajectory modeling. For dynamic
trajectory modeling, we reuse the transformer
patch sequence from the pretrained encoder in-
stead of adding a separate audio frontend. The
post-transformer patch sequence is reshaped into
a time-frequency grid, pooled over frequency, and
represented as 40 temporally ordered states, match-
ing the 40 spatial states used in the renderer. We
apply a self-attention temporal modeling block over
these states. The dynamic heads predict source ac-
tivity, 3D direction, and log-distance for each time
bin. During dynamic training, we retain the global
semantic representation and use semantic supervi-
sion and distillation to reduce degradation in event
recognition. The temporal module consists of two
self-attention blocks with eight heads and an MLP
ratio of 4. Its prediction heads output one activity
logit, a normalized 3D direction vector, and scalar
log-distance per time bin.

Static examples as constant trajectories. Static
clips are represented as constant trajectories. The
same direction and distance target is repeated
across all 40 time bins, so a stationary source be-
comes a zero-motion special case of the dynamic
formulation. This allows the temporal heads to
learn moving and non-moving sources under one
representation.

Training objectives. For the final trajectory-
training phase, the per-example dynamic loss is

Ldyn = Lsem + Ldir + 0.3Ldist

+ 0.05L∆dist + 0.05L∆dir + 0.1Lact.
(3)

Here, Lsem and Lact are binary cross-entropy
losses for clip-level AudioSet labels and per-bin
source activity, respectively. Ldir is the cosine loss
between predicted and target 3D direction vectors,
and Ldist is the Smooth L1 loss on log-distance.
L∆dir and L∆dist apply Smooth L1 loss between
predicted and target first-order differences of direc-
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tion and log-distance across adjacent time bins,
respectively. The full objective additionally in-
cludes 20LKD, which distills semantic logits from
the frozen Stage-1 teacher with temperature 1, and
0.05Lreplay, which applies the trajectory losses to
replayed static clips represented as constant trajec-
tories.

A.2 Spatio-Temporal Audio Tokens for the
LLM

During QA finetuning, the encoder prediction
heads are removed and the frozen encoder is used
as a representation extractor. The language model
receives the semantic global representation and the
40 temporally ordered trajectory representations.
The static direction and distance global represen-
tations are used for encoder training, but are not
passed to the LLM.

The text prompt contains a single audio place-
holder. At the embedding level, this placeholder is
replaced by the 41-representation audio block. A
trainable connector maps each audio representation
to the LLM hidden size, and the projected block is
inserted into the prompt embedding sequence. The
two-layer connector maps each 768-dimensional
encoder representation to 4,096 dimensions and
then applies a second 4,096-dimensional projec-
tion, with GELU activation and no dropout. The
connector is trained jointly with LoRA adapters on
the QA curriculum, while the audio encoder and
the base LLM remain frozen.

A.3 Baseline Implementations
Encoder baselines. We compare ST-Audio En-
coder against three classes of encoder baselines: a
non-learned localization method, a static spatial-
audio encoder, and a localization-focused dynamic
encoder.

Intensity-based DOA estimator. This baseline
is a non-learned method with no trainable parame-
ters. It estimates source direction from FOA active-
intensity cues computed from the rendered FOA
waveform. Because it does not contain an event
classifier, distance head, or language-facing repre-
sentation, it is used only as a physics-based local-
ization reference.

Spatial-AST-FOA temporal crop. We build a
Spatial-AST encoder for static FOA input. The
architecture follows (Zheng et al., 2024), with the
frontend modified to accept FOA features. For
dynamic evaluation, the moving-source clip is eval-
uated through temporal crops, and the static local-

ization heads are applied to each crop. This gives
the baseline local temporal evidence while keeping
the model architecture static. It does not include the
40-bin temporal modeling block, dynamic trajec-
tory heads, or moving-source trajectory supervision
used by ST-Audio Encoder.

PSELDNets-mACCDOA with semantic and dis-
tance heads. We adapt the PSELDNets mAC-
CDOA architecture as a localization-focused dy-
namic baseline. The original model is designed
around frame-wise sound event localization with
a smaller event taxonomy, so we extend it with
a 355-class AudioSet semantic head and an addi-
tional distance head. For the encoder evaluation,
we use ground-truth-class track selection: local-
ization is evaluated on the output associated with
the ground-truth event class. This focuses the com-
parison on localization and representation quality
rather than on an additional class-track selection
problem.

Audio-language baselines. We compare ST-
AudioLM with several audio-language baselines
that differ in the audio representation supplied to
the language model. The QA-trained baselines use
ST-AudioQA supervision, and all models are eval-
uated with the same answer parser.

BAT. The BAT baseline (Zheng et al., 2024) is
a representative prior spatial-audio LLM designed
for static spatial sources. We evaluate it under
our QA protocol using the same QA pairs and
scene/source metadata as ST-AudioLM, but render
the audio in the binaural format expected by BAT.
We train it with the same QA supervision to com-
pare against a prior static spatial-audio language
modeling pipeline.

PSELDNets-mACCDOA + OLMo2. This
baseline connects the adapted PSELDNets-
mACCDOA (Hu et al., 2025) encoder to the same
OLMo2 language model (Walsh et al., 2025). We
extract the shared final HTSAT feature map rather
than final SELD logits, average it over frequency
and linearly resample it to 40 temporal tokens,
and append its global average as one clip to-
ken. We then train the same connector and LoRA
adapters used by ST-AudioLM. This tests whether
localization-focused dynamic features are sufficient
for source-time-space QA when attached to the
same LLM training pipeline.

Spatial-AST-FOA + OLMo2. This baseline con-
nects the frozen static FOA encoder to OLMo2.
To match the audio-token count of ST-AudioLM,
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we reshape the post-transformer patch sequence
into a time-frequency grid, average over frequency,
resample the resulting temporal sequence to 40 po-
sitions, and concatenate the semantic global repre-
sentation. Thus, the LLM receives 41 audio repre-
sentations, as in ST-AudioLM. The key difference
is that these temporal representations come from
a static encoder and are not trained with dynamic
trajectory heads or moving-source supervision.

Zero-shot audio-language models. We evaluate
Qwen2-Audio (Chu et al., 2024), Audio Flamingo
3 (Ghosh et al., 2025), MOSS-Audio-8B (Yang
et al., 2026), and DIFFA-2 (Zhou et al., 2026)
from their released instruction checkpoints without
task-specific finetuning. Qwen2-Audio receives
SoundSpaces-rendered left and right binaural chan-
nels as separate audio inputs; the other three re-
ceive the omnidirectional FOA W channel as 16-
kHz mono. All use the same QA questions, valid-
answer format, and answer normalization. The
three additional models generate at most 24 to-
kens; Audio Flamingo 3 and MOSS-Audio-8B use
greedy decoding, while DIFFA-2 uses 16 diffusion
steps.

Spatial-Omni. We evaluate the released SO-7B
and SO-Encoder checkpoints (Zhu et al., 2026)
without ST-AudioQA adaptation. Its native prepro-
cessing receives 10-second, 16-kHz four-channel
FOA audio, and generation uses the same exact-
answer prompts and scoring protocol.

A.4 Training Configuration
The trajectory-learning stage of ST-Audio Encoder
(Stage 3) proceeds in two phases. We first train the
encoder on 20K single-source moving clips for 50
epochs with a learning rate of 1× 10−5. We then
continue training on 100K reflected moving-source
clips for 20 epochs with a learning rate of 3×10−5.
In this final phase, we apply semantic supervision
and distillation from the frozen Stage-1 semantic
teacher, while replaying static examples as constant
trajectories. Both phases use AdamW with weight
decay 5× 10−4, and all dynamic examples use 40
time bins per 10-second clip.

For audio-language training, we use OLMo2-
7B-Instruct as the base language model. The au-
dio encoder and the base LLM weights are frozen.
We train a two-layer MLP connector together with
LoRA adapters. The Type-A, Type-B, and Type-C
curriculum stages are each trained for two epochs.
The LoRA adapters use rank 16, α = 32, and
dropout 0.05. Type A uses connector and LoRA

learning rates of 2× 10−4 and 10−4, while Types
B and C use 10−4 and 5× 10−5, respectively. The
OLMo2-based QA-trained baselines use the same
stage-wise connector and LoRA schedule.

B Evaluation Details

All models are evaluated with the same answer
parser and the same family-level aggregation.

Family-level aggregation. Detailed scores are
computed separately for each question family.
Overall is accuracy over all questions in the corre-
sponding evaluation pool after answer normaliza-
tion. For Type B, source-to-attribute questions con-
tribute to the corresponding attribute column, such
as spatial location, spatial change, or movement
status. In contrast, attribute-to-source questions
are evaluated under source grounding, since the
model must select which source satisfies a queried
attribute. For Type C, Avg. is the unweighted av-
erage over the reported compositional reasoning
families.

Event metrics. Event-detection questions are
evaluated as multi-label mAP. For ST-AudioQA,
the positive labels are the accepted AudioSet labels
attached to the queried source or source mixture;
for two-source clips, the positive set is the union of
both sources’ retained labels. We lowercase each
generated answer, remove wrapper text and sur-
rounding punctuation, and retain its first output line.
We then represent the answer and every canonical
event label by TF-IDF-weighted token counts and
use their cosine similarity as the score for that la-
bel. Because this scoring is token based rather than
exact-set matching, multi-label answers may use
commas, semicolons, slashes, or conjunctions with-
out requiring a fixed separator. Comma-separated
AudioSet display-name synonyms are treated as
aliases when mapping target metadata to canoni-
cal class indices; generated variants are scored by
their token similarity to the canonical label rather
than by a separate exact-match synonym table. We
compute AP separately for every class with at least
one positive example and report the macro-average
over these classes. Event-verification questions
ask whether a specific event is present and are
scored separately as binary yes/no accuracy. For
STARSS23, positives are the annotated STARSS23
event classes, so STARSS23 mAP is computed
within its 13-class taxonomy and is not directly
comparable to the 355-class AudioSet mAP.
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Stage Training data Type-A eval Type-B eval Type-C eval

I A 76.5 32.7 13.7
II A+B 76.8 53.0 10.2
III A+B+C 76.3 52.6 67.5

Table 8: Stage-wise QA curriculum evaluation. The
model after each stage is evaluated on the same held-
out pools. Type-A/B values report accuracy over all
questions in their respective pools after answer normal-
ization, while Type C is the unweighted average over its
three compositional families.

Direction aggregation. In the QA tables, DoA
is the arithmetic mean of the azimuth- and
elevation-question accuracies, while ∆DoA aver-
ages the corresponding beginning-to-end azimuth-
and elevation-change accuracies.

Closed-answer parsing and random baselines.
All non-event-detection questions use finite answer
spaces. We lowercase model outputs, strip sur-
rounding punctuation, and map the result to the
answer vocabulary of the corresponding family;
unmapped outputs are counted as incorrect. Ran-
dom baselines use the same family aggregation.
For closed-answer questions, the random predictor
samples uniformly from the valid answer space of
each question. For event mAP, random chance is
the macro-average class prevalence over classes
with positives in the corresponding evaluation split,
corresponding to chance-level AP under random
scoring.

C Curriculum versus Joint Training

Table 8 shows the progression across the QA cur-
riculum: Stage I establishes single-source percep-
tion, Stage II substantially improves two-source
grounding, and Stage III enables compositional
reasoning while largely preserving Type-A/B per-
formance.

Table 9 compares the staged QA curriculum with
a joint A+B+C training run under the same total
number of QA-training epochs. The joint run trains
on the combined QA pool from the beginning,
whereas the curriculum introduces single-source
perception, two-source grounding, and composi-
tional reasoning sequentially. This ablation tests
whether staged training better preserves the percep-
tion and grounding skills learned in Types A and B
while adding Type-C compositional reasoning.

Joint training reaches comparable Type-C accu-
racy, and is slightly higher on the Type-C average.

However, under the same epoch budget, the staged
curriculum consistently retains stronger Type-A
and Type-B semantic, spatial-location, and spatial-
change performance. This indicates that staged
training better preserves earlier source-state per-
ception and grounding while adding compositional
reasoning. We therefore use the staged curriculum
for the main model and report joint training as an
ablation.

D Real-Data Transfer

We evaluate real-world transfer in two complemen-
tary settings: transfer and lightweight adaptation on
STARSS23-derived QA (Shimada et al., 2023), and
zero-shot evaluation on STAR-Bench (Liu et al.,
2026).

D.1 STARSS23 Transfer QA Construction

We construct a transfer benchmark from the origi-
nal STARSS23 (Shimada et al., 2023) frame-level
annotations. Each 10-second clip is paired with
its FOA waveform and annotations for event class,
source track, azimuth, elevation, and distance. We
define a physical source as a (class, track) pair
within a clip. For source-grounded questions, a
class name is used as a referent only when that class
appears in a single track; repeated class instances
are treated as ambiguous for source selection but
remain valid for event detection and verification.

As summarized in Table 10, the STARSS23
transfer set contains Type A, Type B, and Type
C questions satisfying the stated validity criteria.
Type A is generated from clips with exactly one
annotated source and evaluates event semantics,
event verification, movement status, spatial loca-
tion, and spatial change. Type B is generated
from clips with two or more annotated sources and
evaluates the same perceptual attributes together
with source grounding. For Type C, we retain
movement-conditioned spatial relation and cross-
source trajectory relation, the two compositional
families supported by the real annotations. We omit
temporal relation change because the same validity
criteria yield insufficient balanced instances.

Temporal anchors follow the same linguistic con-
vention as ST-AudioQA: questions use beginning,
middle, and end without exposing numeric times-
tamps. For label generation, we use the nearest
active annotation around the queried anchor and in-
stantiate a question only when the relevant source
is active. Movement labels are computed from
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Training strategy Epoch
A: Single-source perception B: Two-source perception and grounding C: Compositional reasoning

Semantic Spatial loc. Spatial chg. Move Semantic Spatial loc. Spatial chg. Move Source grounding Temp. rel. Move-spat. Traj. rel. Avg.

mAP Y/N DoA Dist. ∆DoA ∆Dist. Acc. mAP Y/N Src. DoA Src. Dist. Src. ∆DoA Src. ∆Dist. Src. Move Loc. Chg. Move Acc. Acc. Acc. Avg.

Curriculum A+B+C 6 (2+2+2) 27.6 93.7 81.6 51.5 91.1 87.8 99.8 14.3 83.8 54.3 32.8 71.6 70.0 66.2 49.7 47.4 59.3 86.0 55.8 60.6 67.5
Joint A+B+C 6 25.0 93.5 79.8 48.7 87.7 85.4 99.7 12.9 82.5 52.0 30.6 69.5 66.8 67.7 48.2 47.4 59.0 85.0 57.6 61.0 67.9

Table 9: Curriculum versus joint QA training. All values are on a 0–100 scale. The curriculum checkpoint
follows the staged schedule used in the main experiments and reports the same Type-C checkpoint as Table 5. The
joint checkpoint is trained from scratch on the combined A+B+C pool. Type-C Avg. is computed over the three
reported Type-C families.

QA type Train QA Test QA Question families

Type A 4,003 1,775 event, movement,
location, change

Type B 49,163 12,328 event, movement,
location, change,
grounding

Type C 1,075 436 movement–spatial
and trajectory
relations

Total 54,241 14,539 joint Type A/B/C

Table 10: STARSS23-derived transfer QA split. Type
C includes the two compositional families that remain
reliable after filtering the real annotation distribution.

the first and last active annotations of a source. A
source is considered moving if its azimuth change
is at least 10 degrees, elevation change is at least
10 degrees, distance change is at least 0.5 m, or
relative distance change is at least 20%.

D.2 STARSS23 Transfer and Adaptation

We aim to measure whether the synthetic source-
time-space representation transfers to real record-
ings and how different uses of real QA affect
transfer. Zero-shot directly evaluates the ST-
AudioLM checkpoint trained on ST-AudioQA with-
out STARSS23 supervision. Adapted fine-tunes
only the connector and LoRA adapters for two
epochs on the corresponding STARSS23-derived
QA training pools after the synthetic curriculum,
keeping ST-Audio Encoder frozen. Mixture instead
adds STARSS23-derived QA during each curricu-
lum stage, with the number of real questions set
to approximately 5% of that stage’s synthetic QA
count. This gives 10,822, 25,822, and 41,422 real
questions in Stages 1, 2, and 3, respectively. Using
seed 0, we sample by question family: Stages 1–2
use replacement when a family does not meet its
quota, while Stage 3 samples without replacement
and redistributes unused family quotas across the
remaining pool.

Table 11 provides a fine-grained Type-A/B
breakdown complementing the overall and Type-C

results in Table 6(a). The zero-shot model transfers
event recognition, but source-time-space ground-
ing remains difficult without real-data supervision.
Light adaptation substantially improves Type-B lo-
calization, movement, and source grounding. The
real-data mixture yields the strongest Type-A over-
all result and matches light adaptation on Type-
B overall (59.1 vs. 59.4), with complementary
strengths across individual metrics. As shown in
Table 6(a), light adaptation remains stronger on
Type-C compositional reasoning.

D.3 STAR-Bench Zero-Shot Evaluation

We use the 123 STARSS23-derived items of STAR-
Bench (Liu et al., 2026) whose released clips
are at most 10 seconds: 101 single-source static-
localization, 12 multi-source spatial-relation, and
10 dynamic trajectory-tracking items. We align
each released clip to its original STARSS23 record-
ing by short-time envelope correlation and zero-
pad the corresponding FOA segment to 10 seconds.
Each three-option question is evaluated under all
three cyclic option orders, yielding 369 trials and
reducing answer-position bias. Models answer with
the exact option text and use their native or closest
compatible interface: FOA for FOA-capable mod-
els, separate binaural channels for Qwen2-Audio,
and mono for Audio Flamingo 3. All models are
evaluated zero-shot, and no STAR-Bench data is
used to train ST-AudioLM.

As reported in Table 6(b), ST-AudioLM achieves
the best static-localization, relation, trajectory, and
overall results. Together with STARSS23 trans-
fer, this zero-shot result provides complementary
evidence that the trajectory-aware representation
generalizes beyond the synthetic rendering pipeline.
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Setting Model
A: Single-source perception B: Multi-source perception and grounding

Semantic Spatial loc. Spatial chg. Move Semantic Spatial loc. Spatial chg. Move Source grd.

mAP Y/N DoA Dist. ∆DoA ∆Dist. Acc. mAP Y/N DoA Dist. ∆DoA ∆Dist. Acc. DoA Dist.

– Random chance 12.50 50.00 22.92 12.50 50.00 50.00 50.00 23.22 50.00 22.92 12.50 50.00 50.00 18.25 17.74 17.68

Zero-shot ST-AudioLM 49.47 83.67 26.51 25.46 40.91 40.00 88.67 42.96 72.24 19.74 11.79 51.19 54.29 1.49 12.07 8.18
Light adapt. ST-AudioLM + STARSS23 73.52 83.67 59.97 32.55 50.00 30.00 92.67 59.81 87.47 53.46 33.93 51.19 55.71 69.78 60.77 67.49
Real mixture ST-AudioLM + 5% STARSS23 71.81 94.00 68.24 37.53 63.64 30.00 93.33 67.48 88.67 56.88 32.91 48.81 52.86 73.51 57.89 64.72

Table 11: Detailed STARSS23 Type-A/B results. All values are on a 0–100 scale and higher is better. Semantic
mAP is computed over the 13 STARSS23 event classes. DoA averages azimuth and elevation accuracy. Source grd.
evaluates Type-B attribute-conditioned source selection. Real mixture adds a family-stratified STARSS23 QA set
amounting to approximately 5% of the synthetic QA count at each curriculum stage; exact counts and sampling are
described above.

E Data Generation Details

E.1 FOA Scene and Dynamic Audio
Rendering

Listener and source placement. We sample lis-
tener and source anchors from precomputed navi-
gable locations in each Matterport3D scene (Chang
et al., 2017). Before RIR rendering, we enforce
a same-room constraint on each listener–source
pair and discard pairs that cross room boundaries,
preventing them from entering either encoder train-
ing or QA generation. For a moving source, the
listener remains fixed and the source trajectory is
constructed from valid source anchors in the same
room. For a static source, we use a constant trajec-
tory by repeating the same source position across
all time bins.

Time-varying rendering. SoundSpaces (Chen
et al., 2022) provides FOA RIRs for fixed source-
listener configurations. We therefore approximate
a moving source as a sequence of short stationary
renderings. Each 10-second clip is divided into
N = 40 time bins, with ∆ = 10/N = 0.25 sec-
onds. Let τj = (j + 1

2)∆ denote the center of bin
j, and let pk(τj) be the 3D position of source k at
that time. For each bin, SoundSpaces is queried for
the FOA RIR hk,m,j from source k to ambisonic
channel m at position pk(τj).

Given a monaural event waveform xk, we render
the m-th FOA channel of source k by convolving
xk with the per-bin RIRs and crossfading the ren-
dered outputs:

x̃k,m(t) =
N−1∑

j=0

wj(t)
(
hk,m,j ∗ xk

)
(t), (4)

where wj(t) are 50 ms crossfade weights satis-
fying

∑
j wj(t) = 1 for all t. This crossfaded-

RIR strategy follows prior moving-source SELD

rendering (Politis et al., 2020). The maximum
radial source velocity in our trajectory design is
vr = 0.28 m/s, yielding a relative Doppler shift
of |vr|/c ≈ 8.2×10−4. Thus, the omitted fre-
quency shift is below 0.1% in our motion regime
and is unlikely to dominate direction/distance tra-
jectory QA; high-speed pass-by events remain out-
side our scope. The rendered source signal is
x̃k(t) = {x̃k,m(t)}m over all FOA channels. For
two-source scenes, source stems are rendered inde-
pendently and summed channel-wise:

x̃scene(t) =

K∑

k=1

x̃k(t). (5)

Trajectory filtering. We retain render-valid tra-
jectories with finite, nonsilent RIRs. A source is
dynamic when its active beginning and end anchors
differ by at least 10◦ in azimuth or elevation, or 0.5
m in distance; a static source is formed by freez-
ing a randomly selected beginning, middle, or end
state. Two-source scenes use distinct source-audio,
trajectory, and canonical event identifiers under the
same scene, room, and listener, with mean and min-
imum inter-source angular separations of at least
35◦ and 10◦, respectively.

Activity-aware QA labeling. We generate QA
labels only when the queried source is audible at
the requested time anchor. To determine this, we
compute a source-level activity mask before mix-
ing sources. This is important for two-source clips:
at the same time anchor, one source may be active
and valid for a question, while the other may be
inactive and therefore skipped. This prevents gen-
erating questions whose answers would depend on
inaudible or near-silent source segments.

Metadata for QA generation. For each rendered
clip, the manifest stores all information needed
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Azimuth label Center angle Angular sector

Front (F) 0◦ [−22.5◦, 22.5◦)
Front-right (FR) 45◦ [22.5◦, 67.5◦)
Right (R) 90◦ [67.5◦, 112.5◦)
Back-right (BR) 135◦ [112.5◦, 157.5◦)
Back (B) 180◦ [157.5◦, 202.5◦)
Back-left (BL) 225◦ [202.5◦, 247.5◦)
Left (L) 270◦ [247.5◦, 292.5◦)
Front-left (FL) 315◦ [292.5◦, 337.5◦)

Table 12: Azimuth-sector quantization. Azimuth is
quantized into eight listener-centered 45-degree sectors.
Angles are measured clockwise on the horizontal plane,
with front at 0◦.

to generate and verify QA labels. This includes
the scene identifier, listener pose, source trajec-
tories, source-to-listener directions and distances,
source activity masks, AudioSet labels, and canon-
ical source labels. It also stores quantized spatial
states at the beginning, middle, and end of the clip,
which are used to generate time-anchored local-
ization questions. Finally, beginning-to-end spa-
tial deltas are stored to determine whether spatial-
change questions are valid.

E.2 QA Generation Rules and Templates

Answer quantization. We quantize continuous
source states into listener-centered azimuth sec-
tors, elevation categories, distance bins, and spatial-
change labels. For azimuth, we use eight listener-
centered 45-degree sectors, as summarized in Ta-
ble 12. Elevation labels are defined as above, level,
and below, with a ±10◦ band for level. Distance la-
bels use ten 0.5 m bins, from 0.5–1.0 m to 5.0–5.5
m. For spatial-change questions, we instantiate a
question only when the beginning-to-end change
exceeds the corresponding threshold. Questions
below these thresholds are skipped to avoid noisy
or perceptually ambiguous labels.

Event labels and source referents. AudioSet
clips can contain multiple valid labels. For event de-
tection, the accepted answer set is the full retained
AudioSet label set; for two-source event detection,
the accepted set is the union of the two sources’
label sets. For source-specific questions, however,
each source also has one canonical event label used
as the linguistic referent. This keeps questions such
as “the clapping” well-defined while still evaluat-
ing event recognition with multi-label targets.

Source-grounding validity. Two-source source-
grounding questions use a label-choice answer

space: the two canonical source labels, both,
and neither. The generator instantiates a source-
grounding question only when the queried attribute
is valid for the relevant source state and the answer
is well-defined under this four-option space. This
is especially important for spatial attributes, since
both sources may occupy the same sector or neither
source may match the queried sector.

Type-C validity. Type C is generated from two-
source clips after all primitive labels have been
computed. Temporal relation-change questions re-
quire the compared relation to be valid at both
the beginning and end anchors. Movement-
conditioned spatial relations require a valid
movement-status referent, such as a moving source
and a stationary source, before the spatial compar-
ison is formed. Cross-source trajectory relations
require both trajectories to have valid beginning-to-
end spatial-change labels.

E.3 ST-AudioQA Statistics

Dataset splits. We partition the eligible dynamic-
source pool by base trajectory identifier into
80%/10%/10% train/validation/test pools before
constructing single- and two-source clips. Bal-
anced sampling then produces 40,000/4,000/10,000
clips: half single-source, equally split between
static and dynamic, and half two-source, equally
split among SS, SD, DS, and DD motion cases; SD
and DS constitute the mixed static–dynamic config-
uration reported in the main text. No source-audio
or base-trajectory identifier is shared across splits.

Table 13 summarizes the number of generated
QA pairs for each task family across the train-
ing, validation, and test splits. The table sepa-
rates single-source and two-source QA pairs, where
Type A covers single-source perception QA, Type
B covers two-source perception and grounding
QA, and Type C covers compositional source-time-
space reasoning QA. The primitive QA families
are grouped into event semantics, movement status,
spatial location, spatial change, and source ground-
ing. Type C further introduces three composi-
tional reasoning families: temporal relation change,
movement-conditioned spatial relation, and cross-
source trajectory relation.

Figures 2–6 provide additional annotation statis-
tics. Figure 2 shows the distribution of motion
cases for Type A, Type B, and Type C across splits,
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highlighting the balance between static and dy-
namic source configurations. Figure 3 visualizes
the answer distributions for spatial-change ques-
tions along azimuth, elevation, and distance axes.
Figures 4, 5, and 6 show the distributions of az-
imuth, elevation, and distance annotations for static
and dynamic sources.
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Table 13: Dataset statistics by task split. Each entry reports the number of QA pairs. Single and Two denote the
number of single-source and two-source QA pairs, respectively. Type A corresponds to single-source perception
QA, Type B to two-source perception and grounding QA, and Type C to compositional source-time-space reasoning
QA. Primitive QA families are grouped into five high-level tasks, and compositional reasoning families into three
relation tasks.

Task family Task Train Validation Test

Single Two Total Single Two Total Single Two Total

Type A: Single-source
perception QA

Event semantics 59,988 0 59,988 6,000 0 6,000 14,988 0 14,988
Movement status 19,996 0 19,996 2,000 0 2,000 4,996 0 4,996
Spatial location 116,100 0 116,100 11,574 0 11,574 29,115 0 29,115
Spatial change 20,353 0 20,353 2,034 0 2,034 5,082 0 5,082

Type B: Two-source
perception and
grounding QA

Event semantics 0 50,000 50,000 0 5,000 5,000 0 12,500 12,500
Movement status 0 20,000 20,000 0 2,000 2,000 0 5,000 5,000
Spatial location 0 74,400 74,400 0 7,440 7,440 0 18,600 18,600
Spatial change 0 37,980 37,980 0 3,764 3,764 0 9,496 9,496
Source grounding 0 117,620 117,620 0 11,762 11,762 0 29,378 29,378

Type C: Compositional
source-time-space
reasoning QA

Temporal relation change 0 78,000 78,000 0 7,800 7,800 0 19,500 19,500
Movement-conditioned spatial relation 0 78,000 78,000 0 7,800 7,800 0 19,500 19,500
Cross-source trajectory relation 0 61,965 61,965 0 6,291 6,291 0 15,679 15,679

Total – 216,437 517,965 734,402 21,608 51,857 73,465 54,181 129,653 183,834

Figure 2: Motion-case statistics. We show distributions of motion cases for Type A, Type B, and Type C QA
examples across the training, validation, and test sets.
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Figure 3: Spatial-change annotation statistics. We show distributions of spatial-change annotations along azimuth,
elevation, and distance axes across the training, validation, and test sets.

Figure 4: Azimuth annotation statistics. We show polar histograms of azimuth-direction annotations for static and
dynamic sources across the training, validation, and test sets.
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Figure 5: Elevation annotation statistics. We show distributions of elevation annotations for static and dynamic
sources across the training, validation, and test sets.

Figure 6: Distance annotation statistics. We show histograms of distance-bin annotations for static and dynamic
sources across the training, validation, and test sets.
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