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Abstract

We investigate how small multimodal robot models can
be extended with audio understanding, a capability miss-
ing from current efficient vision-language-action (VLA) sys-
tems. Our approach introduces an audio projection layer
and compares multiple training strategies for integrating
this new modality into smolVLA. Through audio-responsive
tasks, we evaluate whether audio can be incorporated with-
out degrading the model’s pretrained visuomotor-language
capabilities while improving performance in settings where
audio information is useful.

1. Introduction
Robotics aims to emulate human dexterity and perception to
automate work in unpredictable settings [38]. While tradi-
tional analytical control provides safety, it lacks the seman-
tic understanding required for unstructured environments.
This has driven the field toward data-driven approaches, in-
cluding Reinforcement Learning (RL) and Imitation Learn-
ing (IL). However, these methods often face challenges re-
garding sample efficiency and generalization [12, 26].

The rise of foundation models has catalyzed the de-
velopment of Vision-Language-Action (VLA) models,
which combine the reasoning of VLMs with robotic con-
trol. Among monolithic approaches, continuous control
methods—dominated by diffusion [47] and flow-matching
[18]—have outperformed discrete token methods in qual-
ity, albeit often at a higher computational cost. Recent
open-source initiatives, such as smolVLA [46], utilize ef-
ficient flow-matching to bridge this gap, enabling high-
performance policies on accessible hardware.

A significant limitation of current VLAs is their reliance
on vision, ignoring audio, a modality crucial for sensing be-
yond the line of sight (e.g., alarms, occluded events) and
enriching human-robot interaction. Integrating audio into
these generalized models via end-to-end retraining is com-
putationally expensive. Therefore, efficient fusion methods
that project modalities into frozen backbones [19, 48] are
essential.

Our work addresses this gap by fusing audio percep-
tion into smolVLA. We employ a projection architecture
to map audio embeddings into the VLA’s language space,
fine-tuning the model to react to audio stimuli while pre-
serving its original manipulation capabilities. By utilizing
the efficiency of smolVLA, we demonstrate inference on
consumer hardware and extended observation histories on
the SO101-Arm platform [20].

2. Related Works

2.1. VLAs

In this related works section we directly discuss VLA mod-
els, with FuSe and VLAS directly integrating an audio
modality.

1. FuSe [19] is the most related work that we would like to
build off of. In this work they describe a generally ap-
plicable recipe for fusing of additional sensory modal-
ities apart from vision, including audio, that lack large
datasets by using natural language as a common em-
bedding space and then finetuning VLA models on this
multimodal sensory data while preserving pre-trained
knowledge. Jones et al. propose a loss function that sums
action MSE, modality contrastive loss, and a generative
loss to effectively join the semantic knowledge of the
backbone with unseen sensor modalities. The generative
loss is computed from annotated language instructions
and the output of the decoder of the VLM backbone (or
an added generative head single transformer if absent).
This study uses the Octo [39] VLA and a custom pre-
trained VLA using PaliGemma [3] VLM as a backbone
demonstrating the process can work with any model.

2. VLAS [54] is another study that incorporates the audio
modality within a VLA model. Zhao et al. approach
is to focus solely on the speech modality for robot ma-
nipulation instructions and uses an end-to-end approach.
They build off the LLaVa [30] VLM directly, project
the embeddings of a speech encoder into the language
embedding space, then finetune the entire model to pro-
duce discrete action tokens. The study also incorporates
a Voice RAG system in order to enable the storage of
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personal knowledge about various speakers and thus en-
able the performance of tailored manipulation tasks to
the speaker.

3. smolVLA [46] is a VLA model designed around maxi-
mizing efficiency. It is a small parameter count model
(≈ 500 M) using a small flow matching transformer as
an action expert on top of a smolVLM2 [37] backbone,
a VLM also designed with efficiency in mind. Shukor
et al. achieve this via careful design considerations such
as skipping half of the VLM layers, constraining vi-
sual tokens, and interleaving self-attention blocks with
cross-attention blocks in the action expert on the hid-
den states of the VLM. Additionally the easily acces-
sible S0100 Arm [20] platform was developed in order
to collect a diverse high quality community contributed
dataset for pretraining. Shukor et al. also introduce an
asynchronous inference stack that allows for fast, re-
duced latency, and resource-efficient inference as well as
the ability to separate action execution from the more re-
source intensive observation processing and action pre-
diction computation. The result of the work is a VLA
model that achieves performance similar to models 10×
the size that can be finetuned on a single GPU, deployed
on consumer-grade GPUs or even just CPUs.

4. π0.5 [18] is one of the more performant VLA mod-
els in recent time. Intelligence et al. focus on creating
the most generalizable robot manipulation via a mas-
sive high-quality varied dataset and a co-training tech-
nique in a discrete manner during pretraining for multi-
ple high-level semantically relevant subtasks. This first
co-training stage pretrains the VLM model to output dis-
crete FAST [41] action tokens, provide low-level lan-
guage descriptions of subtasks, and bounding boxes on
a large multimodal web and robotic dataset. This pre-
trains fine-grained semantic understanding of broad ma-
nipulation tasks and environments. The second stage
trains a flow matching action expert on the discretized
action text tokens to create continuous actions that are
more suited for real-time inference along with verbal in-
structions from people. π0.5 uses a large PaliGemma [3]
VLM model to achieve this and use high-end expensive
manipulator platforms. The verbal instructions are fed
as transcriptions to the model during in-the-wild action
expert training to improve the model’s ability to create
high-level subtask outputs for a trained policy.

These works directly cover novel VLA models and current
state of audio integration into VLA models.

2.2. Efficient Fusion
These works focus on fusing together modalities efficiently
by leveraging pretrained capabilities rather than unified ar-
chitectures.

The first approach is a linear projection fully autoregres-

sive approach where visual tokens are derived from project-
ing visual embeddings to visual tokens in the language em-
bedding space, directly passed to the model alongside text
tokens. Introduced by LLaVa [30] where CLIP [42] embed-
dings are linearly projected into language embedding space
of a Vicuna [8] language decoder then carefully finetuned
on a synthetically generated high-quality visual instruction
dataset. This approach has been extended to the audio do-
main with SLAM-ASR [31] an LLM based ASR model, us-
ing a HuBERT X-Large [16] self-supervised speech repre-
sentation model with Vicuna-7B [8] as an LLM backbone,
demonstrating emerging ASR performance from an LLM
model and crucially show that unfreezing the speech en-
coder during training hurts performance. This seems to be
the most common approach for fusion due to its high per-
formance and lightweight training used most notably in re-
cent work such as Mellow [9] which achieves state-of-the-
art performance on audio understanding using HTSAT [6]
a small transformer based audio encoder and a simple pro-
jection layer to smolLM2 [2] language embedding space.
This is also notably the fusion strategy used in the FuSe [19]
recipe. However this approach’s limitation is that when no
pooling strategy is applied it can produce a large quantity of
visual tokens that can overwhelm context limits [22].

The second approach is an attention strategy. Notably
used by the Flamingo [1] VLM model using interleaved
gated cross-attention dense layers with frozen language
model blocks. The layers attend to vision embeddings for
a variable amount of image or video features derived from
a frozen vision encoder, which are mapped to a set of fixed
visual tokens using a Perceiver Resampler to reduce com-
putational complexity. This architecture was repeated for
the Idefics [21] model.

A third approach is the Querying Transformer (Q-
Former) a self-attention autoregressive approach, intro-
duced as part of the BLIP 2 [25] model. The Q-Former uses
a set number of learnable query embeddings that interacts
with an image transformer which cross-attends to a frozen
image encoder and self attends to a language transformer
part. This approach significantly reduces parameter count
compared to the gated cross-attention layers thus making it
more efficient. This technique was then applied to the au-
dio modality in SALMONN [48] adapting the Q-Former to
have a window-level query.

Via the study done for Idefics2 [23] VLM , the authors
showed a fully autoregressive approach with LoRA [17]
finetuning on the LM backbone can outperform the more
complex and parameter heavy cross-attention approach, but
when the LM is frozen then the autoregressive approach
performs worse [22].

Notably in the Video-LLaMa series [53] [7] [52] first a
Q-Former was used to aggregate image and audio informa-
tion then projected, but Video-LLaMa2 and Video-LLaMa3
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removed the need for a Q-Former in favor of simple MLP
projector.

These works cover fusion strategies that boot strap pre-
trained models for training and parameter efficient emergent
multi-modal understanding and reasoning.

2.3. Efficient Multimodal Models
These works introduce models focused on parameter effi-
cient multi-modal reasoning models and introduce various
techniques to maximize performance and achieve compa-
rable performance with much larger models. Core to effi-
ciency is leveraging pretrained encoders as solutions with-
out them cause degradation in performance and require
longer training [22]. Largely efficiency is achieved by lever-
aging the efficient strategies covered in the previous sec-
tion, selecting strategies carefully in terms of performance
and computational efficiency tradeoffs. PaliGemma [3] uses
a linear projection of the SiGLIP [49] vision encoder, but
for vision modality this can create a large number of vi-
sual tokens that can overwhelm context and degrade per-
formance. Thus for smaller models capped visual tokens
seem to not hinder performance while improving efficiency,
done with a learned transformer pooling such as the Per-
ciever Resampler [1] or Q-Former [25] [23]. However in
the audio realm learned pooling does not seem to be nec-
essary [31] [9] [13] and projection layers seem to do fine.
The visual domain also requires token compression strate-
gies, notably pixel shuffle which benefit small VLMS when
applied aggresively [37]. Almost all small efficient mod-
els benefit greatly from using high quality data and splitting
training into multiple stages, especially to achieve perfor-
mance on complex tasks such as Q&A, increasing in qual-
ity and in the portion of the model that is unfrozen, [22].
For training stage some works emphasize an initial stage to
align the projector or adapter module [27] [25] [13], while
other works directly start with next-token prediction tasks
[9] [31].

2.4. Audio Models
These works specifically cover the fusion of audio models
into large language model backbones.

A primary component of our work is selecting an au-
dio encoder that provides strong semantic representations
while remaining computationally lightweight. CLAP [10]
learns audio representations aligned with natural language
captions, producing semantically meaningful embeddings.
HTS-AT, used in Mellow [9], is a lightweight hierarchi-
cal audio transformer that achieves strong performance on
AudioSet while keeping model size and training time low.
We intend to explore and evaluate the efficiency and perfor-
mance of each of these different audio encoding strategies,
along with ResNet-style encoders as they are used to adapt
audio into smolVLA.

Mapping audio embeddings into the LLM space is typi-
cally done with a small projector network. Salmonn [48]
demonstrates a general-purpose audio module for frozen
LLMs, while Mellow [9] shows that partial unfreezing of
the language model is often necessary to stabilize reasoning.
Because of this, we will explore different finetuning strate-
gies on smolVLA, from only LoRA on attention weights to
fully unfreezing the smolVLM2 backbone.

Larger systems such as Qwen3-Omni [51] and Audio
Flamingo 3 [13] show token interleaving, temporal position
encoding, and staged training impact performance for mul-
timodal reasoning. While much bigger than smolVLA, they
show important aspects of efficient fusion and training with-
out introducing complexity that could disrupt smolVLA’s
pretrained capabilities.

3. Approach

The primary challenge in developing generalist audio-visual
robot policies is the scarcity of datasets that pair robotic
actions with heterogeneous sensory data like audio [19].
While end-to-end training is effective for vision, learning
audio representations solely from limited robotic demon-
strations often leads to poor generalization or catastrophic
forgetting of pre-trained capabilities.

To address this, we introduce a two-stage training strat-
egy that explicitly decouples the learning of audio semantics
from the learning of robotic control. Building upon the effi-
cient modality fusion techniques demonstrated in FuSe [19]
and the lightweight audio-text alignment of Mellow [9], our
approach leverages natural language as a bridging modality.

Our method proceeds in two distinct phases. In Stage 1,
we semantically align a frozen audio encoder with the pre-
trained language embedding space of the VLM backbone
using large-scale, non-robotic audio datasets. This ensures
the model can construct ”comprehendible” audio represen-
tations in the VLA’s native text embedding space, before
any robotic control is attempted. Once the backbone is ca-
pable of ”hearing,” we freeze the alignment components and
move on to Stage 2: training the action expert on carefully
annotated audio-visual-motor data. This stage focuses ex-
clusively on grounding these new audio signals into phys-
ical actions, allowing the policy to learn correlations be-
tween sound and control without simultaneously struggling
to learn feature extraction.

By leveraging the flow matching-based SmolVLA [46]
architecture, which utilizes the efficient SmolVLM2-500M
[37] backbone. We also investigate whether this efficiency
gain would allow an audio observation history greater than
0.4s as compared to the FuSE [19] study which used the
diffusion-based Octo [39] model, as well as potentially
higher action sampling frequency than 5 Hz.
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3.1. Architecture
We design our architecture to extend the efficient, mul-
timodal capabilities of SmolVLA into the audio domain
while adhering to strict computational constraints suitable
for low-cost robotic platforms. Our system consists of three
modular components: an efficient audio perception module,
an adapted vision-language backbone, and a flow-matching
action expert.

3.1.1. Audio Perception Module
To process raw audio signals efficiently, we employ DyMN
(Dynamic MobileNet) [45], a lightweight audio encoder
pretrained on AudioSet [11]. We select the 10.57M param-
eter DyMN encoder over larger, transformer-based alterna-
tives (e.g., 31M parameter HTS-AT [6]: the selected choice
of audio encoder in Mellow [9]) because we hypothesized
that a smaller parameter count is crucial to maintain a bal-
ance of encoder-LM allocation, extending the insights from
the visual modality found in the smolVLA [46] study. The
encoder outputs a 960-dimensional embedding vector rep-
resenting the semantic content of the audio clip.

To integrate these audio representations into the discrete
token space of SmolLM2 [2], the language backbone of
SmolVLM2 [37], we introduce a trainable Audio Projector,
following both FuSe [19] and Mellow’s [9] architectures.
This module consists of a Multi-Layer Perceptron (MLP)
with a Linear → GeLU → Linear structure. The projector
effectively functions as a ”translator” that converts sound
into soft prompt tokens compatible with the SmolVLM2’s
[37] attention mechanisms.

3.1.2. Adapted Vision-Language Backbone
We utilize SmolVLM2-500M [37] as our core reasoning
backbone. This model combines a SigLIP [49] vision en-
coder with the SmolLM2 [2] language model, optimized
for efficiency through strategies like aggressive visual token
compression (pixel shuffle).

To enable audio understanding without disrupting the
delicate pre-trained distributions of the text and vision com-
ponents, we employ Low-Rank Adaptation (LoRA) [17].
Rather than unfreezing the entire language model, which
risks catastrophic forgetting, we inject trainable low-rank
matrices into the query and value projection layers of the
self-attention blocks. This aligns with the findings in Mel-
low [9], which show that partial unfreezing of the language
model stabilizes reasoning and accelerates model conver-
gence during training.

3.1.3. Flow-Matching Action Expert
For robotic control, SmolVLA [46] appends a Flow-
Matching Action Expert to SmolVLM2 [37]. This expert is
a transformer-based decoder that interleaves cross-attention
layers (attending to SmolVLM’s [37] hidden states) with
causal self-attention layers. It is trained to predict ”chunks”

of continuous joint-position actions (N=50) by denoising
random noise conditioned on the multimodal context pro-
vided by SmolVLM [37]. This architecture allows the pol-
icy to synthesize high-frequency control signals from the
semantic understanding produced by SmolVLM2 [37].

3.2. Training Methodology
Our training pipeline is designed to sequentially build capa-
bilities: first establishing semantic perception, then ground-
ing that perception in physical control. We employ a two-
stage process that leverages distinct datasets and objective
functions tailored to each modality.

3.2.1. Stage 1: Semantic Alignment (Audio-Text)
The objective of the first stage is to bridge the modality
gap between the frozen audio encoder (Ea) and the pre-
trained language model (SmolLM2 [2]). We train the Au-
dio Projector (P ) and SmolLM2’s LoRA adapters (θLoRA)
while keeping the audio encoder and the base weights of
smolVLM2 [37] frozen.

We utilize AudioSet [11], a large-scale dataset of 10-
second audio clips paired with ontology labels. To en-
sure robustness, we process raw waveforms through a cus-
tom pipeline that resamples to 32kHz and extracts Log-
Mel spectrograms, matching the input requirements of the
DyMN [45] encoder.

To achieve robust alignment, we employ a Dual-Loss
Strategy that optimizes for both geometric structure and
functional generation:

1. Contrastive Loss (Lcon): We apply a symmetric In-
foNCE loss [44] on normalized embeddings to align the
global geometry of the audio and text latent spaces. This
pushes the projected audio embedding ea closer to its corre-
sponding text caption embedding et while distancing it from
unrelated captions in the batch. This ensures high-level se-
mantic clustering (e.g., separating ”Industrial sounds” from
”Nature sounds”).

2. Generative Loss (Lgen): Geometric alignment alone
does not guarantee that embeddings act as valid inputs for
the LLM. We therefore add a Cross-Entropy loss on the
VLM’s next-token prediction task. We prompt the model
with the projected audio embedding followed by a text an-
chor (e.g., ”The sound of...”) and train it to autoregressively
generate the correct caption. This forces the projector to
learn the specific magnitude and distribution statistics re-
quired to trigger the LLM’s attention mechanisms effec-
tively.

The final objective for Stage 1 is to minimize the
weighted sum: Lstage1 = Lcon + Lgen.

3.2.2. Stage 2: Policy Learning (Audio-Action)
In the second stage, we freeze the entire perception stack,
including the Audio Encoder, Projector, and the now-
aligned VLM (with LoRA), to prevent forgetting of the
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learned audio semantics. We then finetune the base
smolVLA action expert on a robotic manipulation dataset
incorporating audio fusion elements.

3.2.3. Audio Integration in Framework
We relied on HuggingFace’s LeRobot open-source Python
robotics framework [4] for all aspects concerning robotic
manipulation: data collection, finetuning of action expert,
and evaluation. The current framework does not support
audio and only utilizes visual observations for LeRobot
datasets and the featured policies. We thus had to first inte-
grate audio into the framework. After doing some research
we uncovered this is a feature in early development for the
open-source project to integrate audio and tactile observa-
tions [40]. We joined this effort by utilizing the code and
adapting it to fix many issues. We found and fixed many
problems such as a microphone recording issue that lead to
deadlocking and the inability to handle single channel mi-
crophones [36]. We plan after more refinement to contribute
our work to the development of the feature.

3.2.4. Data Collection
Due to the high variance between environments and sen-
sors, smolVLA requires fine-tuning data specific to an en-
vironment. Thus we collected a custom dataset using the
SO-101 arm [20] on the task ”If bell rings pick up the tape
and put in the bin”. The LeRobot community recommends
over 50 training human-expert demonstration episodes for a
particular task, thus we followed this recommendation and
collected 50 episodes of the task with a limit of 60 sec-
onds per episode [33]. The environment uses two cameras:
one overhead camera on top of the workspace of resolu-
tion 640x480, and another front facing camera of resolution
1024x576, and one front mounted single-channel 44.1 kHz
microphone. The episodes are recorded via tele-operation
with a SO-101 Leader arm that directly controls the SO-101
Follower arm that actually does the task 8. The dataset is
recorded in the experimental LeRobot Dataset format which
includes audio 9. The particular task was chosen for sim-
plicity for the action expert to grasp and simple logic in
the instruction to ensure to not overwhelm the capabilities
smolLM2-360M backbone, especially since the action ex-
pert is conditioned on only the first half of the layers that
likely have less abstract understanding. We discuss the chal-
lenges of our task selection in 4.

We aimed for roughly 2/3 of the dataset to be positive
examples, where a bell sound is played then the pick and
place task is executed. The remaining third we aimed for
negative examples where no bell sound is played and no ac-
tion is performed for the entire duration of the episode. We
also introduced examples of adversarial sounds from piano
playing, to dog barking to isolate the response to bell ring-
ing. We also tried to randomize the duration before a bell
ring is heard.

3.3. Audio-SmolVLA Implementation
We adapted the open-source code of smolVLA within the
LeRobot library [4] [46] for our implementation by extend-
ing its classes to incorporate audio in the forward pass.
First we adapted the existing efficient audio pre-processor to
closely follow the pre-processor used by DyMN [45]. Dur-
ing the forward pass observations (images + audio + motor
states) are sampled at 10 Hz. Audio is chunked in a 1 second
ring buffer. We project the audio using our audio projector
into the embedding space of the smolLM2 language expert,
and concatenate the embeddings along with the image em-
beddings, language instruction embeddings, and sensimotor
states in the prefix that is fed through smolVLA. The frozen
SmolVLM2 model [37] then processes the multimodal con-
text (Sensorimotor State + Vision + Audio + Text instruc-
tions) and each layer’s hidden features are cached from the
first half layers. The Action Expert then uses these states as
conditioning to diffuse the random noise into a sequence of
joint actions via Flow Matching [28]. This stage relies on
the standard flow-matching objective, minimizing the dis-
tance between the predicted vector field and the ground-
truth action trajectory.

3.4. Inference
We ran inference on the model through the record dataset
logic with the policy field specified as our custom ”audios-
molvla” policy [32]. We did not have the time to test or fix
asynchronous inference, and we found we did not require it
for remote server inference 4.

4. Results
We evaluate our method by first analyzing the quality of
the audio signal propagated into the smolLM2 embedding
achieved in Stage 1, followed by the performance of the full
audio-responsive policy in Stage 2.

4.1. Stage 1 Results
The primary objective of Stage 1 was to bridge the modal-
ity gap between the frozen DyMN audio encoder [45] and
the SmolVLM [37] backbone. We assess the success of
this alignment through three lenses: quantitative retrieval
metrics, latent space topology, and qualitative generative
grounding.

4.1.1. Quantitative Alignment Performance
To measure the geometric alignment of the projected audio
embeddings, we evaluated the model on a held-out test split
of AudioSet [11]. We computed Recall@k metrics using an
in-batch retrieval task (Batch Size = 64), where the model
must identify the correct text caption for a given audio clip
among 63 negatives.

Our model achieved a Recall@5 of 92.3%, indicating a
strong ability to discriminate between semantic concepts in
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Figure 1. Density of Cosine Similarity scores for Positive vs. Neg-
ative Audio-Text pairs on the AudioSet test set. The clear separa-
tion between the distributions indicates robust discriminative ca-
pability.

the joint embedding space. As shown in Figure 1, the distri-
bution of cosine similarity scores for positive pairs (audio-
caption matches) is distinctively separated from negative
pairs. This validates that the Audio Projector successfully
mapped the audio features into the correct ”angular” neigh-
borhoods of the VLM’s embedding space, satisfying the
contrastive loss objective.

4.1.2. Latent Space Topology
While contrastive loss aligns vector directions, it does not
guarantee that audio and text embeddings occupy the same
manifold. To investigate the structure of the learned joint
space, we visualized embeddings from the test set using t-
SNE [50] (Figure 2). By doing so, we were able to observe
two key phenomena.

First, the relative geometry of semantic clusters is pre-
served across modalities. For instance, ”Electric Piano” em-
beddings (red) cluster at the ”north” pole of both the Audio
and Text distributions, while ”Boat, Water vehicle” embed-
dings (purple) cluster at the ”south.” This confirms that the
projector successfully learned the internal structural rela-
tionships between concepts. Additionally, compared to the
tightly-clustered visualized text label embeddings, the au-
dio embeddings are relatively more dispersed. This could
be both interpreted positively or negatively: in a positive
light, it could represent the model’s ability to reflect the in-
herent in-class variance of the audio modality and retains
the fine-grained acoustic details. On the other hand, it could
signal that the model hasn’t learned the nuanced complexi-
ties of the class relationships and cannot confidently classify
the in-class examples with the same label.

Secondly, we observe a distinct separation between the
audio (circles) and text (crosses) clusters. The audio embed-
dings seem to hold a similar structure to the text label em-

Figure 2. t-SNE visualization of the Joint Audio-Text Latent
Space. Circles represent projected audio embeddings; Crosses
represent ground-truth text embeddings. Colors indicate semantic
classes. Note the ”reflection” effect, where the internal structure
of the audio clusters mirrors the text clusters.

beddings, only projected over a plane. This ”modality gap”
suggests that while the semantic directions are aligned, the
magnitude distributions of the projected audio tokens dif-
fer from the native text tokens. However, since the Action
Expert in Stage 2 relies on relative embedding states rather
than absolute text generation, the preservation of topologi-
cal structure is the critical success factor.

4.1.3. Generative Grounding & Understanding
To verify that the alignment translates to functional un-
derstanding, we tasked the VLM with captioning raw au-
dio clips using the prompt ”The sound of...”. This tests
whether the projected audio embeddings can effectively
drive smolVLM’s [37] attention mechanism to generate ac-
curate tokens.

10 generation examples are summarized in Figure 3,
demonstrate strong first-token accuracy. The model cor-
rectly identifies distinct continuous signals, generating ”En-
gine knocking” for engine sounds (Row 7) and ”Wood” for
tool sounds (Row 10). This proves the model is not merely
guessing based on priors but is attending to the specific
spectral features of the input. However, we also observed a
tendency for ”hallucination” after the correct initial identifi-
cation, where the model lists related concepts (e.g., adding
”Music” after correctly identifying ”Crash”). Additionally,
the model struggled with short impulse sounds like explo-
sions, often defaulting to the ”Music” cluster. For example,
the model predicted sounds like ”Bass” and ”Thump” in-
stead of ”Explosion” sounds (Row 8).

For the purpose of robotic control, the strong grounding
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Figure 3. Zero-shot audio captioning results for 10 samples. The
model demonstrates strong semantic grounding, correctly identi-
fying specific sound sources such as engines and tools, verifying
that the audio embeddings act as valid soft prompts for the VLM.

of the initial semantic concepts (e.g., distinguishing ”En-
gine” from ”Nature”) is important, however for the use case
of dealing with potential catastrophes (which often include
crashing noises), our current iteration smolVLM [37] does
not contain a good enough understanding of short audio sig-
nals.

4.2. Stage 2 Results

4.2.1. Training Results

The LeRobot community recommends 20,000 training
steps for good performance with finetuning the smolVLA.
Due to restrictions on compute resources we were able to
achieve only 3,000 training steps for two versions of ”au-
diosmolvla”. One version we wrapped audio embeddings
with special start and end audio tokens. These special added
tokens to the language tokenizer were also projected to have
similar embeddings to the word ”audio” to have semantic
similarity without learning. The other version we removed
special audio tokens, which follows how the base pretrained
smolVLA [46] handles images with no image special to-
kens, with pretrained projector weights from stage 1 3 not
being isolated. Due to an implementation error the special
token approach also had randomly initialized audio projec-
tor weights.

We can see that after 3,000 steps the special audio tokens
approach achieved a slightly lower training loss 5 than the
approach without special audio tokens 4.

4.2.2. Evaluation

We are only able to provide qualitative assessment of eval-
uation for each trained policy. We recorded two evalua-
tion datasets, where the SO-101 Follower arm actions are
dictated by the policy as opposed to tele-operation con-
trols from the SO-101 Leader. The policy without special
audio tokens [34], performed adequately on the pick and
place task with some errors and incompletions as well as
slightly noisy actions. In terms audio performance, the pol-
icy seemed to be extremely sensitive to audio with no real
distinction for the particular bell sound, with talking caus-
ing the arm to start the pick and place task. The policy
trained with special audio tokens [35] seemed to hesitate
more before starting the pick and place waiting for the bell
sound, and we have one recorded instance where a clap did
not cause the arm to move but the bell did. However, the
policy would eventually move the arm without the bell cue.
These datasets can be visualized with the Hugging Face
space [24], although without audio.

The reasoning for the poor performance is likely in great
part to the limited training steps. Especially with the new
modality introduction we believe that more than the recom-
mended base finetuning 20,000 steps are required. We be-
lieve also the dataset also should be extended past the rec-
ommended 50 steps in order to encapsulate the new modal-
ity better, as we see both policies being influenced more
heavily on the base smolVLA pick and place fine tuning.

Another consideration is that the task could also be in-
herently flawed as waiting for an audio cue before starting
a task poses alignment challenges where the policy can just
learn to wait. The use of conditional logic in the instruc-
tion maybe overwhelming the reasoning capabilities of the
simpler first half of the smolVLM backbone. We initially
proposed a similar task to the one described in FuSe [19]
where the policy learns to pick up an object with the same
color as the button that plays a specific sound, but we be-
lieve this would have been too complex for the smolVLA
model in terms of reasoning as its pretraining is almost ex-
clusively pick and place, sorting, and stacking.

4.2.3. Challenges

The special tokens were removed in an attempt to im-
prove training efficiency as both models had a speed of 400
steps/hour on a High RAM A100 in Google Colab [14],
compared to the base smolVLA finetuning which is cited by
the LeRobot to progress at a rate of 4,000 steps/hour. We
believe there might be some inefficiencies with our added
audio encoder and pre-processing steps that seem to not
work well with Hugging Face’s accelerate library [15]. We
provide the GPU utilization graphs for both the special to-
ken approach 7 and without 6, which show sparse GPU us-
age a likely indicator of inefficient CPU or I/O operations.
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Figure 4. Action expert action chunk regression L1 loss over train-
ing steps for audiosmolvla with pretrained audio projector without
special audio tokens from Weights & Biases

Figure 5. Action expert action chunk regression L1 loss over train-
ing steps for audiosmolvla with randomly initialized audio projec-
tor with special audio tokens from Weights & Biases

Figure 6. GPU utilization for audiosmolvla with pretrained audio
projector and no audio special tokens from Weights & Biases

5. Future Works

Our inefficiency problems need to be solved to achieve
the desired training steps we believe are necessary of over
20,000 steps in order for the policy to learn the audio modal-
ity effectively. We also believe a longer dataset needs to be
recorded for a better designed task for audio. We believe
maybe a task of responding to a bell via dropping an object
would be better suited or tasks where audio is required in

Figure 7. GPU utilization for audiosmolvla with randomly ini-
tialized audio projector and audio special tokens from Weights &
Biases

tandem with vision such as plugging in an electrical socket
[5]. We were unable to also evaluate our proposed policy
on the LIBERO benchmark [29] used on the base smolVLA
policy [46] in order to quantitatively determine the preser-
vation of pretrained capabilities.

We want to also conduct a complete ablation study on
audio modality projection. Fully compare the performance
and efficiency on the permutation of: special audio to-
kens, pretraining of projector, pretraining of smolVLM
backbone, CNN vs. Transformer based audio encoders.
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6. Appendix

Figure 8. Data collection setup with SO-101 Leader arm pictured
on the right, SO-101 Follower arm pictured on left, and cameras
with microphone in middle.

Figure 9. Screenshot of live data collected when recording dataset
visualized with the rerun tool [43]

Figure 10. Subset of objects used and attempted to be used in the
dataset recording. The small cubes proved too small and difficult
for the manipulator and two camera setup.
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