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The Semantic Bottleneck:
Leveraging Semantic Representations for Non-Invasive Speech Decoding

Anonymous Authors1

Figure 1. The Brain2Semantics2Text Method

1. MEG responses are collected while the participant listens to spoken sentence stimuli. 2. The BrainModule extracts time-resolved
neural features using spatial attention and dilated temporal convolutions. 3. A backbone with temporal masked attention pools the
neural sequence into a fixed-dimensional vector. 4. The vector is trained to align with a pre-trained sentence-embedding space
representing semantic content. 5. The predicted semantic embedding is inverted back into natural language text.

Abstract
Making non-invasive brain–computer interfaces
(BCIs) for speech decoding a practical reality
has the potential to substantially improve qual-
ity of life for many individuals. However, the low
signal-to-noise ratio that characterizes all non-
invasive recording modalities remains a funda-
mental constraint, significantly hindering progress
in this domain.

We introduce “Brain2Semantics2Text”, a new
approach to non-invasive speech decoding. Rather
than reconstructing speech directly at the word

1Anonymous Institution, Anonymous City, Anonymous
Region, Anonymous Country.AUTHORERR: Missing
\icmlcorrespondingauthor.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

or phoneme level, the proposed method extends
existing non-invasive Brain2Text efforts by explic-
itly targeting high-level semantic representations.
The approach is motivated by neuroscientific ev-
idence that semantic information is represented
across distributed cortical systems, and is enabled
by recent progress in semantic embedding models
that can be approximately inverted back into text.
We describe the central principle of the method: a
semantic bottleneck that constrains the decoding
pipeline to map neural activity into a sentence-
level semantic space before text reconstruction.
Finally, we report improved BERTScore perfor-
mance and compare our results against prior base-
lines.
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1. Introduction
Speech decoding BCIs have long been a sought-after goal
in both neuroscience and healthcare. Recent progress in
invasive Brain2Text systems has demonstrated remarkable
success in translating neural activity into language(Willett
et al. (2023),Card et al. (2024)). However, these approaches
require surgical implantation of intracranial electrodes, cre-
ating a strong incentive to develop non-invasive speech de-
coding solutions that are safer, more accessible, and easier
to deploy.

Extending this paradigm to non-invasive modalities remains
a major challenge, largely due to their lower signal-to-noise
ratios. These constraints make it difficult to reliably de-
code fine-grained linguistic units such as phonemes or in-
dividual words. In contrast, higher-order, contextual se-
mantic representations are spatially distributed across the
cortex(Huth et al., 2016), maintain high redundancy and pro-
cessed slowly(Gwilliams et al., 2025), therefore they may
be more amenable to decoding from non-invasive neural
signals.

This work directly targets the decoding of semantic repre-
sentations from brain activity, with an explicit emphasis on
the higher-level semantic branches of the proposed repre-
sentational hierarchy. The ”Brain2Semantics2Text” method
maps sentence-length segments of MEG neural activity dur-
ing heard speech, directly into a semantic embedding space,
which is subsequently decoded into text.

Several aspects distinguish our method from prior work on
Brain2Text:

• Semantic Embedding Inversion. We build on recent
advances in semantic embedding inversion (Morris
et al., 2023), which enable the reconstruction of text
from semantic embeddings either as an intrinsic prop-
erty of newer embedding models (Duquenne et al.,
2023) or via general inversion techniques applicable to
arbitrary pre-trained semantic spaces (Jha et al., 2025).

• Sentence-level semantic decoding. Our method op-
erates at the sentence level, targeting compositional
semantic from the top of the representational hierarchy
(Gwilliams et al., 2023)..

• Semantic decoding from MEG. Unlike most prior se-
mantic decoding work, which relies on the high spatial
resolution of fMRI (Tang et al., 2023), we leverage the
largest single-subject heard-speech MEG dataset of its
kind to date.

2. Related Work
Tang et al. (2023) introduced a non-invasive language de-
coding framework that reconstructs continuous language

from fMRI recordings by mapping distributed cortical re-
sponses into semantic representations, which are then de-
coded into word sequences capturing both perceived and
imagined speech. They also proposed BERTScore (Zhang
et al., 2020) as an evaluation metric to assess the semantic
fidelity of reconstructed language. Building on this frame-
work, Wang et al. (2023) later adapted the approach to MEG,
demonstrating partial but promising reconstruction perfor-
mance.

Défossez et al. (2023) developed a system that can de-
code speech from MEG by learning a mapping function
from brain signal to Wav2Vec representation (Baevski et al.,
2020). Specifically targeting the auditory aspects of speech
processing. This method established a new workflow for
speech decoding based on contrastive loss (Radford et al.,
2021), as well as an architectural module that became the
standard backbone for MEG.

Recent work has substantially advanced MEG-based Brain-
to-Text decoding through a variety of modeling strategies.
Yang et al. (2024c) align MEG signals with auditory rep-
resentations to improve speech reconstruction, Yang et al.
(2024a) frame Brain-to-Text decoding within a multi-modal
foundation-model architecture, and Yang et al. (2024b)
adapt a pre-trained Whisper model for MEG-based speech
decoding. Complementarily, d’Ascoli et al. (2024) demon-
strate closed-vocabulary word classification by leveraging
lexical semantic embeddings augmented with sentence-level
contextual information. While these approaches are capable
of producing sentence-level outputs, they do not explicitly
learn a direct mapping from neural signals to sentence-level
semantic embeddings.

3. Method
The Brain2Semantics2Text method operates in two stages.
In the first stage, MEG responses to continuously pre-
sented spoken sentences are mapped to vector represen-
tations in a pre-trained semantic embedding space, using
text-embedding-ada-002. Training is guided by ob-
jectives that encourage alignment with the target embed-
dings while preserving their global statistical structure.

In the second stage, the predicted semantic embedding is
inverted into natural language using a pre-trained inversion
model(Morris et al., 2023) that reconstructs text from se-
mantic vectors.

3.1. Backbone

MEG-to-semantic mapping. The MEG input signal x ∈
RC×T , where C denotes the number of sensors and T the
number of temporal samples, is first processed by a spatial
attention module, followed by an initial 1× 1 convolution
that projects the sensor dimension into a latent feature space.

2
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The resulting representation is then passed through a stack of
dilated temporal convolutional blocks. Each block consists
of dilated convolutions equipped with residual connections
and gated linear units (GLUs), enabling the model to capture
long-range temporal dependencies.

Temporal aggregation. To obtain a fixed-dimensional
semantic representation from the time-resolved features, we
use a 4-head self-attention Transformer over the temporal
axis. We then pool over time with a masked mean,

ŷ =

∑T
t=1 mt Ht∑T
t=1 mt

∈ Rd,

where mt is a temporal mask based on the true segment
lengths, preventing length-related surface confounders from
influencing the pooled embedding.

3.2. Objectives for Manifold Learning

At the core of our training setup is a SigLIP-style contrastive
loss (Zhai et al., 2023), which has been shown to be effective
for aligning representations across modalities with differ-
ent dimensionalities and statistical characteristics (Radford
et al., 2021). However, in the low-data regime typical of
non-invasive speech decoding, contrastive objectives alone
are insufficient to learn a the target semantic embeddings
manifold.

Previous brain-to-text and word-decoding approaches have
largely relied on contrastive objectives to align neural sig-
nals with semantic embeddings (Défossez et al., 2023;
d’Ascoli et al., 2024). However, we observe that in the
low-data regimes typical of non-invasive speech decoding,
contrastive loss primarily optimizes a retrieval objective. In
this setting, the model learns a mapping that enables nearest-
neighbor matching under cosine similarity (Minnema &
Herbelot, 2019), but does not necessarily preserve the inter-
vector distances or the scale of embedding magnitudes.

This limitation is problematic for our setting, where the goal
is not merely to retrieve a correct target embedding, but to
learn a mapping that faithfully captures the global geometry
of the target semantic manifold. To address this, we draw
inspiration from the manifold learning literature (Meilă &
Zhang, 2023) and introduce several auxiliary losses in addi-
tion to the SigLIP that force the model to learn the global
properties of the target manifold and prevent collapse. The
resulting training objective consists of the following com-
ponents (Invariance, Covariance and Varaince losses are
dopted from VICReg (Bardes et al., 2021)):

SigLip Loss:

Lctr =
1

n

n∑
i=1

n∑
j=1

log
(
1 + exp

(
− tij

(
τ ŷ⊤

i yj + b
)))

,

(1)

Following SigLIP, similarity scores are scaled by a learn-
able temperature τ and shifted by a learnable bias b, which
stabilizes optimization under the large imbalance between
matching and non-matching pairs.

Invariance Loss : mean squared distance between predicted
and target embeddings.

Linv =
1

n

n∑
i=1

∥xi − yi∥22 . (2)

Covariance Loss: a decorrelation term that penalizes off-
diagonal covariances between embedding dimensions, re-
ducing redundancy and preventing informational collapse.

Lcov =
1

d

∑
i̸=j

C(x)2i,j . (3)

C(x) =
1

n− 1

n∑
k=1

(xk − x̄)(xk − x̄)⊤, (4)

Variance Loss: a hinge loss that enforces a minimum stan-
dard deviation across the batch for each embedding dimen-
sion, preventing collapse:

Lvar =
1

d

d∑
j=1

max(0, γ − σj(x)) , (5)

σj(x) =
√

Var(xj) + ϵ. (6)

Global Cosine Alignment Loss - maximizes the average
cosine similarity between predicted and target embedding
vectors.

Lgcs = 1− 1

n

n∑
i=1

ŷ⊤
i yi

∥ŷi∥2 ∥yi∥2
. (7)

The final loss is:

L = αLctr + β Lgcs + γ Linv + δLvar + ηLcov. (8)

To test whether each component contributes to the final
decoding performance, we ablate individual terms from the
training objective while keeping the rest of the pipeline
fixed, as shown in Table 2.

3.3. Inverting Semantic Embeddings Back To Text

Embedding Inversion (Morris et al., 2023) is formulated
as an iterative conditional generation problem, where the
objective is to recover a text sequence x∗ given only its em-
bedding e∗ = f(x∗). The procedure initializes by sampling
an initial hypothesis from a base generator,

x0 ∼ pθ(x | e∗).

3
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At each iteration t, the current hypothesis xt is re-embedded
to obtain et = f(xt), and a learned correction model gener-
ates an improved hypothesis conditioned on the current text
and the embedding discrepancy:

xt+1 ∼ pϕ(x | xt, et, e
∗).

This iterative refinement progressively reduces the embed-
ding distance ∥et − e∗∥, yielding increasingly faithful re-
constructions without direct optimization in discrete token
space.

3.4. Data

For training our model we chose to use the new dataset:
LibriBrain (Özdogan et al., 2025), the largest single-subject
speech decoding MEG dataset to date:

Stimuli Words Unique Sent. Hours
Sherlock Holmes Books 466,230 16,892 32,348 52.32

Text and audio were manually corrected, normalized, and
force-aligned, with sentence boundaries defined by corpus
punctuation.

3.4.1. PREPROCESSING

The recordings were originally sampled at 1 kHz and down-
sampled to 250 Hz to preserve oscillations into the high-
gamma range (70–125 Hz).

4. Experiments
We compare our results against prior Brain2Text approaches
(d’Ascoli et al., 2024). For completeness, we report standard
metrics, including BLEU, ROUGE, and Word Error Rate
(WER). However, consistent with prior work in semantic
decoding (Tang et al., 2023), our primary evaluation focuses
on BERTScore (Zhang et al., 2020), which is designed to
assess the semantic fidelity of the reconstructed text and is
largely decoupled from exact lexical or verbatim matching.

4.1. Results

Neural decoding gain. Figure 2 evaluates the contribution
of the neural signal at two stages of the decoding pipeline.
On the left, we report ADA embedding cosine similarity be-
tween the predicted and ground-truth sentence embeddings.
The baseline reflects performance before incorporating neu-
ral information, capturing the extent to which the semantic
model can exploit corpus-level regularities without access
to brain data. The improvement over this baseline therefore
reflects the model’s actual neural decoding performance.

On the right, we report the corresponding BERTScore after
embedding inversion into text. The improvement is smaller

than in embedding space, suggesting that gains in ADA sim-
ilarity are only partially preserved during text reconstruction.
Together, these results show a measurable semantic uplift
from the neural signal, while highlighting embedding-to-
text inversion as a source of variability in the full decoding
pipeline.

Comparison with prior methods. Table 1 compares
the proposed Brain2Semantics2Text approach with prior
Brain2Text decoding methods. Our method achieves strong
BERTScore performance, indicating semantic similarity
between reconstructed and reference sentences, while under-
performing on word-level metrics such as WER and BLEU.
This pattern is expected, since the proposed approach explic-
itly targets sentence-level semantic representations and does
not rely on exact word-level alignment information, unlike
the D’Ascolli method. In particular, WER is disproportion-
ately affected by the absence of explicit alignment, since
decoded outputs may contain a different number of words
than the reference sentences even when semantic content is
preserved. By contrast, ROUGE-1, which is recall-based,
still indicates a meaningful word-level signal.

5. Discussion
5.1. Limitations and Future Work.

The current work is the first attempt of Speech Decoding
based on direct mapping from MEG into semantic repre-
sentation. Learning the semantic manifold proved to be
challenging. Other the normal culprits such as low Signal-
To-noise and small data regime, a meaningful capture of
Semantic Embeddings will require more semantic variabil-
ity. We observed that the model learned semantics that is
highly biased towards the specific corpus. Future work will
require data collection with experiment design that empha-
sizes the variability of topics and concepts, perhaps even
guided by the unique properties of the target semantic mani-
fold (Pereira et al., 2018).

5.2. Conclusion.

While fully non-invasive speech decoding systems remain
a long-term goal, decoding contextual semantic content
from brain activity represents an important step toward their
realization.
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A. Appendix

Impact Statement
This paper presents work towards non-invasive speech decoding, with potential applications in brain-computer interfaces
for individuals who have lost the ability to speak. Clinical deployment remains distant, as current performance remains
below what communication aids require, and substantial work remains. We note that neural decoding technologies raise
obvious privacy concerns, as they involve inferring mental content from brain activity. Our work uses only publicly available
research datasets with their own ethics approvals and decodes perceived speech rather than covert thought. As decoding
capabilities improve, the field will need norms around consent, data ownership, and the boundary between assistive and
surveillant applications. These are questions we do not resolve here but consider essential.

B. Hyperparameters

Parameter Value

Dropout 0.6
Learning rate 3e-5
Optimizer AdamW
Loss type SigLIP
VICReg weight 5.0
Cosine loss weight 6.0
Contrastive loss weight 2.0
Aggregation Attention (4 heads)
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Figure 3. Decoded sentences.

Figure 4. Neural signal properties supporting semantic decoding. We examine how different properties of the MEG signal affect
semantic mapping performance, providing an interpretable view of which aspects of the neural response contribute most to decoding.
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