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Abstract

Audio-visual navigation enables embodied agents to navi-
gate toward sound-emitting targets by leveraging both au-
ditory and visual cues. However, most existing approaches
rely on precomputed room impulse responses (RIRs) for
binaural audio rendering, restricting agents to discrete
grid positions and leading to spatially discontinuous ob-
servations. To establish a more realistic setting, we in-
troduce Semantic Audio-Visual Navigation in Continuous
Environments (SAVN-CE), where agents can move freely in
3D spaces and perceive temporally and spatially coherent
audio-visual streams. In this setting, targets may intermit-
tently become silent or stop emitting sound entirely, causing
agents to lose goal information. To tackle this challenge, we
propose MAGNet, a multimodal transformer-based model
that jointly encodes spatial and semantic goal represen-
tations and integrates historical context with self-motion
cues to enable memory-augmented goal reasoning. Com-
prehensive experiments demonstrate that MAGNet signifi-
cantly outperforms state-of-the-art methods, achieving up
to a 12.1% absolute improvement in success rate. These re-
sults also highlight its robustness to short-duration sounds
and long-distance navigation scenarios. The code is avail-
able at https://github.com/yichenzeng24/SAVN-CE.

1. Introduction

Embodied navigation requires agents to autonomously
reach targets in previously unseen environments using sen-
sory inputs. Most prior work has focused on either egocen-
tric vision [24, 51, 57, 58] or incorporating textual instruc-
tions as an additional modality [5, 15, 16, 19, 22, 26, 49].
However, visual perception is often insufficient in indoor
environments, where targets may lie outside the agent’s
field of view or lack distinctive visual cues. For instance,
an agent may need to respond to an elderly person falling
in another room, locate a ringing phone in the house, or
turn off a stove with boiling water. In these situations, au-
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Figure 1. Illustration of the three navigation tasks: (a) the agent
is restricted to discrete grid points and the sound-emitting goal
is placed arbitrarily; (b) the goal, which emits a creaking sound
for a limited duration, is semantically grounded in a chair; (c) the
agent moves freely using fine-grained actions and the goal sound
is available only within a short temporal window.

ditory perception provides critical complementary informa-
tion, enabling agents to infer the locations and categories of
otherwise invisible targets.

Building on this motivation, audio-visual navigation
(AVN) [9, 20] enables agents to navigate toward sound-
emitting goals in unmapped environments using audio-
visual cues. Agents do not have access to explicit goal infor-
mation such as coordinates, object categories, or textual in-
structions. Semantic audio-visual navigation (SAVN) [10]
further extends this task by grounding short-duration au-
dio signals in visual objects rather than arbitrary locations.
However, both tasks rely on precomputed room impulse re-
sponses (RIRs), which demand terabytes of storage for bin-
aural audio rendering. This dependence further confines
agents to discrete grid positions (1 m resolution) and four
fixed orientations [9], reducing task realism and hindering
free exploration, as illustrated in Fig. 1(a) and (b).

To bridge this gap, we introduce SAVN-CE (Semantic
Audio-Visual Navigation in Continuous Environments), a
new task that allows agents to move freely in continuous
3D environments with fine-grained actions. In this setting,
agents can perceive temporally and spatially coherent obser-
vations, which enhances their ability to reason about how
their position and orientation evolve relative to the goal
as they move. Unlike previous tasks, SAVN-CE features
a highly dynamic goal condition, where the goal neither
emits sound at the beginning nor persists until the end of
an episode. Consequently, agents must first explore the en-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

22369



5

4

3

2

1
Unknown 
Unknown
Unknown

A phone rings periodically at the 
same time as the goal sound.

5
43

2
1

A chair is creaking.

The chair stops emitting sound 
before the agent reaches it.

𝑦𝑦

𝑥𝑥

𝑡𝑡
dist.

𝑡𝑡
deg. 𝑡𝑡

prob.

Pose

Action

Category

Azimuth

Distance

chair

shower

sink

Chair 
Right
Far

Chair 
Front
Far

Chair 
Front
Medium

Chair 
Right
Near

Goal

Distractor

Figure 2. Overview of the proposed SAVN-CE framework. ① The agent is randomly initialized without prior knowledge of the environment
or the goal. ② It explores the environment until the goal object (a chair) starts emitting sound. ③ Leveraging multimodal cues, the agent
infers the goal’s semantic category, azimuth, and distance, and navigates toward it while avoiding obstacles and acoustic distractors (e.g.,
a ringing phone). As the agent approaches the goal (④ → ⑤), the sound emission ceases. Elements highlighted in yellow and blue denote
sound-emitting and silent periods, respectively. ⑤ During the silent period, the agent maintains goal tracking by integrating historical
goal representations with current self-motion cues (e.g., the previous action and the current pose), successfully localizing and reaching the
creaking chair despite the presence of visually similar objects and distractor sounds.

vironment without any goal information and, once the goal
begins to emit sound, execute long-horizon navigation to-
ward it while avoiding obstacles, as illustrated in Fig. 1(c).

The core challenge of SAVN-CE lies in accurately in-
ferring both the spatial location and semantic category of
the goal from partial sensory observations. During the
sound-emitting period, the goal may temporarily become
silent due to large temporal gaps (e.g., intermittent creaking
sounds) and a finer simulation step (0.25 s in our setting),
making it difficult to continuously estimate its position and
category. Moreover, sound semantics are often ambiguous
within short temporal windows and become distinguishable
only when observed across longer temporal contexts. The
situation is further exacerbated once the goal stops emitting
sound, resulting in a sustained loss of goal information.

Taking these challenges into consideration, we propose
MAGNet (Memory-Augmented Goal descriptor Network),
a multimodal transformer-based architecture designed for
reliable goal inference and efficient navigation. MAGNet
jointly encodes spatial and semantic goal representations
and integrates historical context with self-motion cues for
continuous goal inference. By capturing temporal depen-
dencies between past information and current sensory ob-
servations, MAGNet enables agents to navigate effectively
toward the goal even after auditory signals are no longer
available, as illustrated in Fig. 2.

For a fair comparison, we adapt and retrain existing
audio-visual navigation methods in continuous environ-
ments and systematically evaluate them on our SAVN-CE
dataset, which is built upon Matterport3D [8]. Experi-

mental results show that MAGNet significantly outperforms
prior methods, particularly in challenging scenarios involv-
ing short-duration sounds and long-distance navigation.

In summary, our contributions are threefold:
• We introduce SAVN-CE, which extends semantic audio-

visual navigation to continuous environments, bringing
the task closer to realistic scenarios.

• We propose MAGNet, which leverages historical context
and self-motion cues for robust goal reasoning and effi-
cient navigation, thereby addressing the challenge of goal
information loss when the goal sound is absent.

• Extensive experiments demonstrate that MAGNet signif-
icantly outperforms existing methods, achieving up to a
12.1% absolute improvement in success rate.

2. Related Work

Sound event localization and detection. Sound event lo-
calization and detection (SELD) [2] unifies two fundamen-
tal auditory perception tasks: sound event detection [7, 52]
and sound source localization [1, 23, 39], thereby providing
a comprehensive spatiotemporal representation of acous-
tic scenes. It jointly estimates the temporal boundaries,
categories, and spatial positions of sound events within a
unified vector framework [45, 46]. Recent advances have
extended SELD to handle more challenging scenarios, in-
cluding multiple and moving sound sources [46], and have
also incorporated visual cues [6] to further enhance perfor-
mance. However, most existing approaches rely on either
simulated datasets [2, 28] or single-room recordings [47],
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leaving realistic, acoustically complex multi-room environ-
ments largely underexplored.
Semantic audio-visual navigation. Although subsequent
studies have extended AVN to more complex settings, such
as sound-attacker [55], multi-goal [30], and moving-source
scenarios [54], the standard formulation still exhibits sev-
eral key limitations: 1) the goal emits sound continuously
throughout the episode; 2) the goal’s position is placed ar-
bitrarily in the scene, lacking any visual embodiment; and
3) agents are confined to predefined grid locations where
precomputed RIRs are available. To mitigate the first two
issues, SAVN [10] was introduced to enable agents to navi-
gate toward semantically grounded sound-emitting objects.
Subsequent efforts have further enriched this framework
by incorporating language instructions [36, 38], leverag-
ing large language models [53], or handling multiple sound
sources [44]. However, the third limitation remains largely
unsolved [13, 30], and no prior work has explored it within
the SAVN paradigm, despite the capability of SoundSpaces
2.0 [12] to support continuous navigation in realistic 3D en-
vironments. The principal difficulty lies in the complexity
of the training procedure, which is further aggravated by the
limited simulation speed resulting from the high computa-
tional cost of binaural audio rendering.
VLN in continuous environments. Vision-and-language
navigation in continuous environments (VLN-CE) was in-
troduced by Krantz et al. [32] to eliminate the discrete
graph assumptions of the original VLN setting [5]. In
VLN-CE, agents must execute low-level actions within 3D
continuous environments to reach a goal by following lan-
guage instructions and visual observations, without access
to global topology, oracle navigation, or perfect localiza-
tion. Consequently, these requirements make the task sub-
stantially more challenging than discrete VLN, resulting
in much lower absolute performance. To address these
challenges, recent research has focused on waypoint pre-
diction for long-range planning [3, 14, 27, 31, 33] and
obstacle-avoidance strategies to prevent agents from getting
stuck [3, 56]. In contrast, SAVN-CE centers on inferring
goal information from partial sensory observations even af-
ter the goal sound has ceased.

3. SAVN in Continuous Environments
We propose SAVN-CE, a new task that requires embodied
agents to navigate toward semantic sound-emitting goals
in continuous 3D indoor environments using fine-grained,
low-level actions. Unlike prior settings that rely on precom-
puted RIRs, which consume terabytes of storage, SAVN-CE
allows agents to move freely in continuous spaces with tem-
porally and spatially coherent audio rendered dynamically.
This formulation demands that agents effectively integrate
multimodal sensory inputs and perform long-horizon rea-
soning to reach the goal.

Simulator. SAVN-CE is implemented on SoundSpaces
2.0 [12], an extension of Habitat [41, 48] that supports
continuous audio rendering within realistic Matterport3D
scenes [8]. The simulator operates at a 16 kHz audio sam-
pling rate with a 0.25 s simulation step, corresponding to
4,000 audio samples per step. Since the reverberation time
of binaural RIRs rendered in Matterport3D scenes is typi-
cally much longer than a single simulation step, consider-
ing only the RIRs of the current and previous steps is insuf-
ficient to model long-tail reverberation effects (as done in
SoundSpaces 2.0). To address this issue, following [17, 42],
we convolve the source sound with the current-step binaural
RIRs and accumulate the residual responses from all previ-
ous steps to generate temporally coherent audio.
Actions and observations. The agent’s action space com-
prises four discrete actions: MoveForward 0.25 m, Turn-
Left 15◦, TurnRight 15◦, and Stop, consistent with VLN-
CE [32]. Observations include binaural audio waveforms
(mimicking human spatial hearing), egocentric RGB-D im-
ages (128×128 pixels, 90◦ field-of-view), and the agent’s
pose relative to its initial position and orientation.
Dataset construction. Each episode is defined by: 1) the
scene, 2) the agent’s initial location and orientation, 3) the
goal’s location and semantic category, and 4) the onset time
and duration of the goal sound. When a distractor is in-
cluded, its location and category are also specified, and it
shares identical temporal boundaries with the goal sound.
The onset time of the goal sound is uniformly sampled from
[0, 5] s, while its duration follows a Gaussian distribution
with a mean of 15 s and a standard deviation of 9 s. We
adapt the dataset from SAVi [10] to construct our SAVN-
CE dataset, adopting the same 21 semantic categories as
goal objects and 102 periodic sounds from SoundSpaces [9]
as distractor candidates, disjoint from the goal categories.
This setup ensures temporal diversity and acoustic ambigu-
ity, making the task more challenging and realistic. Our
dataset contains 0.5M/500/1,000 episodes for train/val/test,
respectively. These splits use disjoint sets of scenes and
source sounds, requiring agents to generalize to both un-
seen environments and unheard sounds. In the test split,
the average number of oracle actions is 78.49, substantially
higher than 26.52 in the discrete setting.
Success criterion. An episode is considered success-
ful if the agent issues the Stop action within 1 m of the
target sound source. Stopping near the distractor or an-
other instance of the same semantic category is regarded
as a failure. Following prior work in audio-visual naviga-
tion [9, 10], each episode is limited to at most 500 actions.

4. Method
To tackle the challenges of SAVN-CE, particularly in main-
taining goal awareness when the goal sound becomes in-
termittent or silent, we propose MAGNet, a multimodal
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Figure 3. Overall architecture of MAGNet. The multimodal observation encoder extracts multimodal features from current sensory inputs
and updates the scene memory accordingly. The memory-augmented goal descriptor network infers spatial and semantic representations
of the goal by integrating auditory cues, self-motion cues, and historical goal embeddings stored in the episodic memory, thereby ensuring
temporally consistent inference even after the goal sound ceases entirely. Conditioned on the latest scene memory embeddings, the context-
aware policy network attends to the encoded memory Me to predict the next action, enabling continuous navigation toward the goal.

transformer-based architecture to enable robust goal rea-
soning and efficient navigation. As illustrated in Fig. 3,
MAGNet consists of three modules: 1) Multimodal Obser-
vation Encoder, which transforms multimodal inputs into
compact embeddings and stores them in a long-term scene
memory [10, 18]; 2) Memory-Augmented Goal Descriptor
Network, which fuses auditory cues, egocentric motion in-
formation, and episodic memory to maintain a stable goal
representation, ensuring persistent tracking even after the
sound ceases; and 3) Context-Aware Policy Network, which
attends to the aggregated scene memory to predict the next
action of the agent.

4.1. Multimodal Observation Encoder

At time step t, the agent receives multimodal observations
Ot = {It, at−1,pt,Bt}, where It denotes the RGB-D im-
ages, at−1 indicates the action taken at the previous time
step, pt = [xt, yt, θt, t] is the agent’s current pose, and Bt

represents the binaural audio input. The observation en-
coder module consists of four modality-specific encoders
(visual, action, pose, and audio), which process their cor-
responding inputs into embeddings. The concatenation of
these embeddings constitutes the observation representa-
tion: eOt =

[
eIt , e

a
t , e

p
t , e

B
t , e

G
t

]
, where eGt is the goal em-

bedding described in Sec. 4.2. The scene memory maintains
the most recent Ns encoded observations:

Ms,t =
{
eOt′

∣∣ t′ ∈ [max (0, t−Ns + 1) , t ]
}
. (1)

The visual encoder processes RGB and depth images
using two independent ResNet-18 backbones [25], pro-
ducing a concatenated embedding eIt . The previous ac-
tion is mapped into the action embedding eat via an em-
bedding layer. The agent’s pose pt is normalized to
[xt/d, yt/d, sin(θt), cos(θt), t/tmax], where d is a distance
scale factor and tmax denotes the maximum episode length.
The normalized pose is projected into the pose embedding
ept through a fully connected layer.

The binaural waveforms are transformed into complex
spectrograms using a short-time Fourier transform (STFT)
with a 512-point FFT and a hop length of 160 samples.
To jointly encode spatial and semantic acoustic cues, we
compute four complementary channels: the mean magni-
tude spectrogram, the sine and cosine components of the
interaural phase difference, and the interaural level differ-
ence [34, 44]. The audio embedding eBt is extracted from
these features by the audio encoder, which comprises three
convolutional layers followed by a fully connected layer.
See Supp. for details of the acoustic feature extraction.
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4.2. Memory-Augmented Goal Descriptor Network
When the goal sound is intermittent or completely silent,
maintaining a stable goal representation is essential for re-
liable navigation. To this end, we propose a memory-
augmented goal descriptor network (GDN) that fuses bin-
aural features, self-motion cues, and episodic memory to
model temporal continuity and spatial dynamics explicitly.
Unlike prior approaches that rely solely on current binau-
ral audio, our design captures the evolving spatial relation-
ship between the agent and the goal over time by combining
auditory and self-motion cues, while leveraging episodic
memory to maintain temporal continuity.

Self-motion cues, including the agent’s previous action
and current pose, are crucial for estimating how the goal’s
relative position changes as the agent moves. Specifically,
the TurnLeft and TurnRight actions decrease and increase
the goal’s azimuth relative to the agent by 15◦, respectively,
while the MoveForward action affects both azimuth and dis-
tance depending on the agent’s current position. The agent’s
pose pt, encoding its translation and orientation relative to
the initial state, further enhances spatial reasoning in binau-
ral sound source localization [21, 34].

Since real-world acoustic events are often intermittent
or ambiguous, the network must reason over historical au-
ditory context rather than isolated observations. To cap-
ture such temporal dynamics, we adopt an episodic mem-
ory module [37], which stores goal-relevant embeddings
from past steps. At time step t, the GDN receives the
binaural audio Bt, the previous action at−1, and the cur-
rent pose pt. These encoders follow the same structures
as in Sec. 4.1, except that the audio encoder produces a
higher-dimensional embedding to better capture spatial and
semantic goal information. The three embeddings are fused
through a multi-layer perceptron (MLP) into a unified rep-
resentation: mt = MLP

[
eat , e

p
t , e

B
t

]
, which is then ap-

pended to the episodic memory:

Mg,t = {mt′ | t′ ∈ [max (0, t−Ng + 1) , t ]} , (2)

where Ng is the episodic memory capacity. The collected
episodic memory is augmented with positional encodings
to preserve temporal order and then processed by a trans-
former encoder with two output branches.

The first branch projects the encoder output through a
fully connected layer to obtain the goal embedding: eGt =
FC

(
[Encoder(Mg,t)]t

)
, where the subscript t denotes the

encoder output corresponding to the current time step. The
second branch, in contrast, outputs goal descriptions in the
activity-coupled Cartesian distance and direction-of-arrival
(ACCDDOA) format [35, 45] using an MLP output head,
which is employed for loss computation and network opti-
mization during training. As illustrated in the bottom-right
corner of Fig. 3, the ACCDDOA-formatted goal descrip-
tions are formulated as: yct = [actRct, dct], where c and

t denote the category and time step indices, respectively.
Here, Rct = [xct, yct, zct] ∈ [−1, 1]3 represents the unit-
norm direction-of-arrival (DOA) vector, act ∈ {0, 1} indi-
cates the sound activity status (0 for inactive and 1 for ac-
tive), and dct>0 is the normalized distance.

By integrating self-motion dynamics and temporally ac-
cumulated goal embeddings, the memory-augmented GDN
preserves consistent goal representations even in the ab-
sence of auditory input. The fine-grained action space
further limits the positional changes between consecutive
steps, ensuring stable and coherent goal tracking through-
out long-horizon navigation in continuous environments.

4.3. Context-Aware Policy Network
The context-aware policy network employs a transformer-
based encoder-decoder architecture to facilitate temporally
informed decision-making by integrating both historical
and current observations. At each time step t during an
episode, the encoder processes the accumulated scene mem-
ory Ms,t to capture temporal dependencies across past
observations, yielding an encoded representation Me =
Encoder(Ms,t). The decoder then generates a context-
aware latent state representation:

st = Decoder(Me,MLP
(
eOt

)
), (3)

which serves as a compact summary of both historical and
current sensory information. This representation is passed
separately to an actor and a critic, each implemented as a
fully connected layer that predicts the action distribution
and the state value, respectively. Finally, an action sam-
pler selects the next action at from the predicted distribu-
tion, enabling the agent to execute coherent and contextu-
ally grounded actions throughout the episode in a partially
observable continuous environment.

4.4. Training Strategy
For stable and efficient training, each iteration consists of a
150-step rollout with the current policy network, followed
by updates to both the GDN and the policy network using
the collected experiences.

The GDN is trained online in a supervised manner using
complete episodes. To construct these episodes, unfinished
episodes from the previous iteration are merged with newly
collected ones, ensuring full temporal continuity. Episodes
shorter than 30 steps are discarded to guarantee that the goal
has emitted sound by the end of the episode. The training
procedure leverages oracle ACCDDOA labels with a mean
squared error (MSE) loss and the Adam [29] optimizer at a
learning rate of 1 × 10−3. To maintain temporal causality,
the encoder employs causal attention, preventing informa-
tion leakage from future time steps.

The policy network is trained with decentralized dis-
tributed proximal policy optimization (DD-PPO) [50], fol-
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lowing the two-stage paradigm used in SAVi [10]. It is opti-
mized with the standard PPO loss [43] using the Adam [29]
optimizer with a learning rate of 2.5 × 10−4. The reward
function has three components: a success reward of +10 for
reaching the goal, an intermediate reward proportional to
the change in geodesic distance to the goal, and a small time
penalty of -0.01 per step to encourage efficient navigation.

5. Experiments
5.1. Experimental Setup
Baselines. We use the following methods for comparison:
• Random: A non-learning policy that samples actions ac-

cording to the action distribution in the train split [32].
• ObjectGoal: A policy where the agent receives RGB-D

observations and the ground-truth goal category, without
access to a perfect Stop action.

• AV-Nav: A policy that leverages audio-visual input and
employs a GRU to encode past observations [9].

• SMT + Audio: A policy that integrates audio with
other sensory observations through a scene memory trans-
former (SMT) [18], without explicit goal inference.

• SAVi: A policy designed for the SAVN task, employing
a GDN to independently infer the goal’s position and cat-
egory from audio cues, and aggregating estimates over
time using a weighting factor λ [10].

• Oracle: A variant of our architecture without the audio
encoder or GDN, but with access to oracle ACCDDOA
labels. Oracle1 has access only during the sound-emitting
period, whereas Oracle2 retains access until the episode
ends, providing upper-bound performance when goal in-
formation is lost or maintained after sound ceases.

Evaluation metrics. Navigation performance is evaluated
using the following metrics: 1) SR: the fraction of success-
ful episodes; 2) SPL: success weighted by the ratio of the
shortest path length to the agent’s trajectory length [4]; 3)
SNA: success weighted by the ratio of the oracle number
of actions to the agent’s executed actions, which penalizes
collisions and unnecessary rotations [11]; 4) DTG: the aver-
age geodesic distance to the goal at the end of the episode;
5) SWS: the fraction of successful episodes in which the
agent reaches the goal while it is silent [10]. To assess the
agent’s susceptibility to distractors, we introduce a diagnos-
tic metric, DSR (Distractor Success Rate), which measures
the fraction of episodes in which the agent reaches the dis-
tractor incorrectly. DTG is measured in meters, whereas all
other metrics are reported as percentages.
Implementation details. All learning-based approaches
are trained for up to 240M steps, with early stopping applied
when no improvement is observed on the validation split for
24M consecutive steps. Training details follow those de-
scribed in Sec. 4.4. The maximum capacities of the scene
and episodic memories are set to Ns = 150 and Ng = 128,

respectively. The scale factor d is set to 20 m to normalize
the agent’s pose and goal positions. For models using bin-
aural audio, training the full 240M steps takes roughly 14
days on 128 CPU threads and 4 NVIDIA A800 GPUs.

5.2. Experimental Results

We consider two experimental scenarios: 1) Clean Environ-
ments, where only the goal emits sound; and 2) Distracted
Environments, where an additional distractor emits sound
simultaneously. Following prior work, we select the check-
point achieving the highest SPL on the validation split for
evaluation. Tab. 1 summarizes the navigation performance
averaged over 1,000 test episodes and five independent runs.
Overall, MAGNet consistently outperforms all baselines by
a large margin across all metrics under Clean Environments,
while the performance gain decreases under Distracted En-
vironments due to interference from distractor sounds.
Performance under Clean Environments. Consistent
with intuition, Random performs poorly, while ObjectGoal
yields only marginal improvement, indicating that merely
knowing the goal category without access to audio cues is
insufficient for successful navigation. AV-Nav and SMT
+ Audio show notable improvements but remain limited,
reflecting their constrained capacity to exploit audio cues.
Among all baselines, SAVi achieves the best performance
by explicitly inferring the goal’s position and category
through its GDN. Nevertheless, MAGNet surpasses SAVi
by a substantial margin across all metrics, highlighting the
effectiveness of our memory-augmented GDN and multi-
modal fusion strategy in enabling reliable goal reasoning
and efficient navigation (see SWS and SPL metrics).
Performance under Distracted Environments. All meth-
ods exhibit degraded performance compared to Clean En-
vironments, indicating that distractor sounds significantly
hinder agents from focusing on goals. Although an addi-
tional ground-truth goal category is provided to help agents
distinguish the goal from the distractor, they still struggle to
locate it accurately. In particular, despite its excellent ca-
pability to reason about sound-emitting objects through the
memory-augmented GDN, MAGNet achieves only modest
performance gains while exhibiting the highest DSR when
acoustically similar distractors are present.
Comparison with Oracle settings. To further contextual-
ize performance, we compare MAGNet with its oracle vari-
ants. As shown in Tab. 1, Oracle2 achieves a substantial
improvement over Oracle1, indicating that the limited du-
ration of the goal sound significantly constrains navigation
performance. This finding underscores the importance of
accurately updating goal information once the goal sound
ceases. Although MAGNet effectively maintains goal es-
timates after silence, a performance gap remains relative
to Oracle1 and further widens against Oracle2, suggesting
considerable room for improvement in the proposed GDN.
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Table 1. Navigation performance on the SAVN-CE dataset under Clean and Distracted Environments.

Clean Environments Distracted Environments
SR↑ SPL↑ SNA↑ DTG↓ SWS↑ SR↑ SPL↑ SNA↑ DTG↓ SWS↑ DSR

Random 0.3 0.2 0.1 15.7 0.2 0.4 0.3 0.1 15.8 0.4 1.2
ObjectGoal 0.8 0.6 0.2 14.4 0.4 1.1 0.8 0.4 14.4 0.8 0.8

AV-Nav 21.3 17.8 13.1 10.7 4.0 13.5 10.9 7.6 12.5 3.0 6.7
SMT + Audio 24.8 21.0 16.8 10.1 5.3 16.5 13.7 9.4 11.8 5.0 6.3

SAVi 25.6 21.2 17.3 10.1 6.0 18.5 14.9 11.1 10.4 5.4 6.4
MAGNet (Ours) 37.7 32.9 27.4 8.0 10.6 19.3 16.5 13.4 10.6 4.8 7.8

Oracle1 41.4 37.8 31.0 6.3 13.0 41.5 38.0 31.0 6.3 11.2 0.5
Oracle2 75.0 63.7 51.9 4.2 48.4 74.3 64.0 51.8 4.5 45.4 0.8

Figure 4. Navigation trajectories of different methods under Clean Environments.

5.3. Visualization of Navigation Trajectories
We visualize the navigation trajectories of different meth-
ods under Clean Environments in Fig. 4. Intuitively, be-
fore the goal starts emitting sound, agents may either ap-
proach or diverge from it. In the latter case (first row of
Fig. 4), additional actions are required within the limited
sound-emitting window to compensate for earlier incorrect
movements, leading to inefficient exploration. As shown in
the second row of Fig. 4, agents tend to lose their way once
the goal sound ceases, ultimately failing to reach the goal.
In contrast, our method successfully completes the naviga-
tion task by leveraging historical context and self-motion
cues to reliably maintain and update goal information. See
Supp. for more visualizations and video demos.

5.4. Factors Affecting Navigation Success
To gain deeper insight into the factors that determine navi-
gation success in SAVN-CE, we analyze two key variables
that strongly influence SR: 1) Action Ratio: the ratio be-
tween the oracle number of actions required to reach the
goal and the number of actions available during the goal’s
sound-emitting period; 2) Geodesic Distance: the geodesic
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Figure 5. Impact of (a) action ratio and (b) geodesic distance on
the cumulative success rates of different methods under Clean En-
vironments (solid) and Distracted Environments (dashed).

distance between the agent’s initial position and the goal. A
higher action ratio indicates a larger portion of actions must
be executed without the goal sound, making the episode
inherently more challenging. Similarly, a larger geodesic
distance increases task difficulty, as sound attenuation and
complex spatial layouts hinder accurate goal inference.

The results presented in Fig. 5 reveal consistent trends
across all evaluated methods. As either the action ratio or
the geodesic distance increases, the cumulative success rate
gradually saturates, indicating that most successful episodes
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Table 2. Comparison of GDN performance for SAVi and MAGNet on the test split. Sounding and Silent denote metrics measured during
the sound-emitting and silent periods, respectively. Note that a low LECD accompanied by an extremely low F≤20◦ is not informative.

Period Method Clean Environments Distracted Environments
ER≤20◦↓ F≤20◦↑ LECD↓ LRCD↑ RDE↓ ER≤20◦↓ F≤20◦↑ LECD↓ LRCD↑ RDE↓

Sounding SAVi 0.882 0.148 39.71 0.499 0.270 1.123 0.080 43.12 0.515 0.281
MAGNet 0.762 0.290 36.77 0.601 0.117 0.896 0.119 47.84 0.733 0.319

Silent SAVi 0.995 0.006 18.05 0.015 0.242 1.761 0.027 55.58 0.240 0.166
MAGNet 0.905 0.140 48.83 0.368 0.166 0.892 0.143 50.65 0.508 0.207

Table 3. Ablation study of MAGNet on the SAVN-CE dataset under Clean Environments.

GDN Memory Self-motion Navigation Metrics SELD Metrics
SR↑ SPL↑ SNA↑ DTG↓ SWS↑ ER≤20◦↓ F≤20◦↑ LECD↓ LRCD↑ RDE↓

✗ ✗ ✗ 32.4 27.9 23.5 9.2 6.3 - - - - -
✓ ✗ ✓ 33.9 29.8 24.8 8.8 8.9 0.953 0.082 26.59 0.122 0.128
✓ ✓ ✗ 34.3 30.4 25.6 8.5 7.8 0.855 0.193 36.15 0.453 0.134
✓ ✓ ✓ 37.7 32.9 27.4 8.0 10.6 0.816 0.240 31.30 0.494 0.119

occur with longer sound durations and closer goal dis-
tances. Compared with the baselines, MAGNet consistently
achieves higher upper bounds on the cumulative success
rate, demonstrating superior robustness to short-duration
sounds and long-distance navigation scenarios. This high-
lights the capability of the memory-augmented GDN to
maintain stable goal representations.

5.5. Evaluation of the Goal Descriptor Network
Following standard SELD metrics [35, 40], we jointly as-
sess the localization and detection performance of GDNs
using the error rate and F1-score within a 20◦ localization
tolerance (ER≤20◦ and F≤20◦ ), as well as the localization
error, localization recall, and relative distance error condi-
tioned on correctly detected events (LECD, LRCD, and
RDE). The results, macro-averaged across goal categories,
are summarized in Tab. 2. See Supp. for a detailed analysis
of the results and visualizations.

As shown in Tab. 2, SELD metrics notably decline un-
der Distracted Environments compared with Clean Envi-
ronments, indicating that distractor sounds substantially in-
crease the difficulty of accurate goal localization and cate-
gorization. Our model outperforms SAVi on most metrics,
demonstrating its superior capability to jointly infer spa-
tial and semantic goal information. When the goal sound
ceases, both methods experience a performance degrada-
tion; however, our memory-augmented GDN remains com-
petitive, suggesting that it effectively preserves and updates
goal representations even without auditory input. These ob-
servations reinforce the motivation presented in Sec. 4.2.

5.6. Ablation Study
To further quantify the contribution of each component in
MAGNet, we conduct a series of ablation experiments. The
results summarized in Tab. 3 report both navigation and

SELD performance under four configurations: 1) without
the GDN, 2) with the GDN but no memory (Ng = 1), 3)
with the GDN but without self-motion cues, and 4) the full
memory-augmented GDN.

Removing the GDN leads to a notable degradation in
navigation performance; however, the remaining modules
still outperform all baselines, indicating their effectiveness
in capturing informative features for navigation. Introduc-
ing either episodic memory or self-motion cues individ-
ually improves both navigation and SELD performance,
highlighting their respective roles in modeling temporal
context and spatial reasoning. Further improvements are
achieved when all components are combined, demonstrat-
ing their complementary contributions within the memory-
augmented GDN for robust navigation and SELD. We
also observe that improved SELD performance consistently
translates into better navigation outcomes.

6. Conclusion
In this paper, we introduce SAVN-CE, a new task that ex-
tends semantic audio-visual navigation to continuous en-
vironments, where agents navigate freely toward semanti-
cally grounded sound-emitting goals while avoiding distrac-
tors. To address the challenge of losing goal information
when the goal becomes silent, we propose MAGNet, which
employs a memory-augmented goal descriptor network for
robust goal reasoning and efficient navigation. Compre-
hensive experiments demonstrate that MAGNet substan-
tially outperforms existing state-of-the-art methods, ex-
hibiting strong robustness to short-duration sounds and
long-distance navigation. Ablation studies further validate
the effectiveness of our proposed method. In future work,
we plan to extend this framework to more complex auditory
scenarios involving multiple or dynamic goals.
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