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Abstract

Recent work suggests that Whisper-style
speech encoders exhibit semantic alignment
across languages, based on spoken translation
retrieval using representational similarity. If
so, this would enable Whisper-style encoders
as a viable way to obtain acoustic representa-
tions with semantic knowledge, enabling down-
stream semantic tasks with speech input. How-
ever, prior work does not control for phonetic
overlap between equivalent utterances, which
may artificially support retrieval. We therefore
conduct pronunciation-controlled experiments
to test whether cross-lingual alignment arises
from semantic rather than phonetic similarity,
and further probe semantic information in the
encoder by way of lexical semantic analogy
tasks. Results show that spoken translation
retrieval remains strongly above chance with
substantially reduced phonetic cues in the fi-
nal layers of Whisper’s encoder. Furthermore,
for both word-level and utterance-level input,
Whisper’s encoder representations exhibit non-
trivial analogy performance, attaining as high
as 25.98% accuracy in an analogy test set. Mo-
tivated by this layerwise semantic specializa-
tion, we test whether earlier encoder layers pre-
serve representations better suited to ASR in
unsupported low-resource languages. Our re-
sults confirm it to enable performance gains in
automatic speech recognition on low-resource
languages unseen during training.

1 Introduction

In speech, a growing body of work has shown
speech foundation models to exhibit emergent mul-
tilingual capabilities (Peng et al., 2023; Yang et al.,
2024), implying the existence of cross-lingual
alignment in such models. Prior work probes such
alignment through spoken translation retrieval (Ab-
dullah et al., 2024; Ma et al., 2025), where Ma et al.
(2025) find Whisper’s encoder to have an accuracy
of up to 80% on the FLEURS dataset for language
pairs such as English and French. If such retrieval

English:  You can use a to get around
Goma. The is ~500 Con-
golese Francs for a short ride.

Italian: E possibile usare un per
muoversi a Goma. Il edi
circa 500 franchi congolesi per una corsa
breve.

Chinese: 1% ®] DL 3 Ak W XD
(gema) - 5 3% T2 KU IE 5 M #E 2500 W
FIERB (gangguo falang) -

Table 1: Example parallel utterance from FLEURS.
Highlighted items share pronunciation similarities that
spoken translation retrieval could rely on instead of se-
mantic cues. Colors indicate phonetically similar items.

is driven by semantic similarity, this would suggest
that Whisper-style encoders provide a viable way
to obtain acoustic representations with semantic
knowledge, enabling downstream semantic tasks
directly from speech.

However, a possible confounding factor in using
speech retrieval as a proxy for measuring cross-
lingual alignment is the existence of pronunciation-
level cues such as cognates, loanwords, numbers,
and proper nouns, which could serve as shortcuts
even in the absence of a shared semantic space for
retrieving semantically equivalent utterances in a
different language (Table 1). As such, in this paper
we ask: fo what degree does spoken translation
retrieval actually rely on semantic features? To
answer this question, we explicitly control for such
pronunciation-level cues by constructing a chal-
lenge set with substantially reduced pronunciation
overlap between typologically distant languages,
with the goal of understanding whether and to what
extent such shortcuts impact cross-lingual align-
ment in speech. In addition, to observe whether
such an alignment is likely to be induced by the
speech translation objective or whether it can arise
through the next-token prediction objective in ASR
alone, we perform a controlled study on compa-
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rable Whisper-style speech encoders trained with
and without the speech translation objective. We
find that the latter exhibits weak but non-trivial
spoken translation retrieval capabilities, while the
model trained with a speech translation objective
shows substantially stronger retrieval in the final
layers, suggesting speech translation to be a po-
tential driver in cross-lingual alignment of such
models.

We further ask whether the semantic structure
observed at the utterance level is also reflected in
word-level acoustic representations. To this end,
we construct acoustic word embeddings by aver-
aging Whisper encoder representations over word
occurrences, and evaluate them on lexical seman-
tic analogy tasks. We additionally compare these
contextualized acoustic word embeddings against
a single-word input control, finding non-trivial per-
formance across all setups. Finally, leveraging
our findings above, we perform early exiting ex-
periments in the encoder layers to induce repre-
sentations less tied to language-specific semantics,
yielding performance gains for speech recognition
on low-resource languages unseen during training.
The contributions of our paper are as follows:

Cross-lingual speech retrieval is possible af-
ter controlling for pronunciation cues. We
propose a challenge set where we aim to miti-
gate pronunciation-level cues, showing cross-
lingual retrieval accuracy can remain strong
particularly in the final layers, despite notice-
able performance drops.! In addition, we
show such retrieval capabilities in Whisper-
style speech encoders to potentially be driven
the existence of a speech translation objective,
rather than arising from the next-token predic-
tion objective in multilingual ASR alone.

Whisper encoder representations support
acoustic word embeddings with lexical
structure. To further confirm semantic struc-
ture in the Whisper encoder, we show that
averaged encoder representations over word
occurrences exhibit non-trivial analogy perfor-
mance.

Early exiting the encoder generalizes bet-
ter to related languages for ASR. Leverag-
ing our insights, we early exit the ASR en-
coder to induce representations less tied to

1https ://github.com/mainlp/
pronunciation-challenge-set

language-specific semantics. Applying such
an early exiting approach to ASR on seven
low-resource languages, we observe consis-
tent improvements in word and character error
rates over using the final encoder layer on 5
out of 7 low-resource languages examined.

2 Related Work

In this section, we review prior work that analyze
cross-lingual alignment in audio representations,
and early exiting of neural models.

2.1 Cross-Lingual Alignment in Speech

Cross-lingual alignment is well established in
multilingual text encoders such as mBERT (De-
vlin et al., 2019) and XLM (Conneau and Lam-
ple, 2019). For speech models, however, it re-
mains unclear to what extent semantic alignment
emerges, especially when training is dominated by
multilingual ASR, where next-token prediction is
tightly coupled to the input signal. Recent work
on probing speech representations suggests that
self-supervised models are predominantly phonetic
(Choi et al., 2024), though such analyses often rely
on short word-level inputs. In contrast, models
trained with speech translation objectives show
strong spoken translation retrieval performance
(Abdullah et al., 2024; Ma et al., 2025), suggesting
the emergence of a shared semantic subspace. Fur-
ther, Ogtinrémi et al. (2025) observe that Whisper-
style encoders exhibit an English-centered interlin-
gua, hypothesized to arise from the speech trans-
lation objective. However, retrieval-based evalua-
tions may be inflated by pronunciation-level cues
such as cognates and proper nouns, and it remains
unclear whether semantic alignment is primarily
driven by speech translation supervision or can
emerge from multilingual ASR alone. We address
both questions by (i) constructing a pronunciation-
controlled challenge set across typologically dis-
tant languages, and (ii) comparing Whisper-style
encoders trained with and without speech transla-
tion objectives.

2.2 Acoustic Word Embeddings

The idea of learning word embeddings from speech
is initially explored in Chung and Glass (2017)
and Chung and Glass (2018), where an RNN-based
encoder-decoder is used to learn fixed-length vector
representations of audio segments from a speech
corpus, where such embeddings are argued to have
access to alternative sources of information that do
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Figure 1: Spoken translation retrieval results in Whisper-large-v2. Plot shows Recall@1 (R@1), R@5, and R@10,
micro-averaged across language pairs. Shaded regions indicate 95% Wilson confidence intervals. Dashed line is a
random baseline. We observe that even after filtering out potential pronunciation shortcuts, semantic-based retrieval
remains strongly above chance (dashed baseline) towards the later layers for all R@K values.

not exist in text. Such fixed-length word represen-
tations are in practice challenging to construct, due
to factors such as speaker variation, phonetic varia-
tion, requirement of word boundaries (Porjazovski
et al., 2024). Our study extends upon this line of
work by showing acoustic word embeddings can be
extracted from Whisper’s encoder representations.

2.3 Early Exiting

Prior work has shown that representations at ear-
lier layers of a neural network are often already
adequate for making a correct prediction (Kaya
et al., 2019), which allows for early exiting strate-
gies that minimize compute (Schuster et al., 2022)
and mitigate the influence of false demonstrations
(Halawi et al., 2024). Recent work in mechanistic
interpretability (Rai et al., 2025) extend this line
of research by using early exiting as a way to un-
derstand model internals. For instance, the logit
lens method (nostalgebraist, 2020) interprets the
incremental layer updates of large language models
by projecting intermediate hidden states into the
vocabulary space. However, the work above has
mainly been applied to decoder-based text mod-
els. (Langedijk et al., 2024) adapt the method to
encoder-decoder architectures and also apply it to
Whisper. However, their work aims to identify
at what encoder layer stable predictions emerge,
and focuses on the tasks Whisper was explicitly
trained on. We extend this line of work and apply
early exiting to strengthen model generalization,
providing concrete applications as to how it can aid
low-resource speech recognition.

3 Experimental Setup

In this section, we describe the methods we employ,
along with our dataset construction procedure.

Langs Original pool ~ Challenge  Sampled original
eng—zho 427 113 113
fra—zho 427 109 109
deu-zho 427 101 101
eng—jpn 427 80 80
fra—jpn 427 71 71
deu—jpn 427 69 69

Table 2: FLEURS dataset statistics. The sampled orig-
inal condition is drawn without replacement from the
original pool to match the challenge-set size within each
language pair.

3.1 Model

In our experiments, we follow Ma et al. (2025) in
examining Whisper (Radford et al., 2023). Whisper
is an encoder-decoder Transformer model trained
on the tasks of language identification, speech
recognition, and X — English speech translation.
It is trained on 680,000 hours of data, where 10%
is for the task of X — English translation. Audio
is first converted to a mel spectrogram, then passed
through convolutional layers to extract features that
are then passed to the Transformer’s blocks. In this
paper, we use the whisper-large-v2 model for our
main experiments, which has been shown to ex-
hibit stronger cross-lingual alignment than later
variants (Ma et al., 2025). In addition, to observe
the effect of the speech translation objective on en-
coder representations, we employ Open Whisper-
style Speech Models (OWSM) (Peng et al., 2024),
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which provide a series of open-source, Whisper-
style encoder-decoder models. OWSMs provide
an ideal testing ground for this hypothesis due to
the open source nature of its training data; their
adherence to Whisper-style training specifications;
and they provide models of various sizes and se-
tups. OWSM includes two models of comparable
size and architecture, OWSM v3.1 Small and Small
Low-Restriction, of which the latter is not trained
on speech translation. As such, we repeat our spo-
ken translation retrieval experiments on the two
models to gain insights on the impact of the speech
translation objective.

3.2 Datasets

For our speech retrieval experiments, we follow
Ma et al. (2025) in employing FLEURS (Conneau
et al., 2023), a multilingual parallel speech dataset.
They build their test set by combining the dev and
test sets of English, French, German, Mandarin
and Japanese, where only utterances common to
all five languages are kept. This is followed by a
deduplication step to remove utterances with the
same content spoken by different speakers. We
build our challenge set on top of this procedure.

We employ the spaCy (Honnibal et al., 2020)
pipeline to filter out utterances containing proper
nouns (such as Goma in Table 1). For pairs with
Japanese, we further remove samples containing
katakana script, which are largely reserved for loan-
words in Japanese. We pair together typologically
and phylogenetically distant languages to avoid the
influence of cognates between related varieties, re-
sulting in six language pairs (Table 2). Proficient
in-house speakers of the five languages then man-
ually inspect the resulting dataset to confirm their
quality, which further removes utterances with sim-
ilar sounding measurement units (e.g. GHz). As
cross-lingual retrieval is direction-dependent, we
perform our experiments on both src-trg and trg-src
retrieval directions. To keep language pair propor-
tions comparable, we sample the full set to contain
the same language pair proportions as the challenge
set.

To verify that our filtering procedure reduces
pronunciation-level shortcuts, we measure local
phonetic similarity directly from the audio. We
first obtain IPA phone sequences using a state-of-
the-art phone recognition model (Bharadwaj et al.,
2026), and represent each phone using PanPhon
articulatory features (Mortensen et al., 2016). For
each utterance pair, we search for the most similar

Window Original A Challenge A Filter A
4 phones —0.35 0.00 +0.35
95% CI  [—0.47,—0.24] [—0.11, 0.11] [ 0.19, 0.51]
5 phones —0.43 —0.04 +0.39
95% CI [-0.57,—0.30] [-0.17, 0.07] [ 0.21, 0.57]
6 phones —0.41 0.02 —+0.44

95% CI [-0.57, —-0.27] [-0.10, 0.14] [ 0.25, 0.62]

Table 3: Local phonetic similarity before and after
challenge-set filtering, measured using PanPhon fea-
tures (values multiplied by 100). Original and Challenge
report the difference (A) between translation pairs and
length-matched random pairs; negative values indicate
that translations are more phonetically similar than ex-
pected by chance. Filter A measures the change from
Original to Challenge; positive values indicate that fil-
tering reduces this excess phonetic similarity.

short pronunciation segment (4—6 phones) across
the two languages. We then compare this similar-
ity against randomly paired utterances from the
same language pair. Because longer utterances
have more opportunities for accidental matches,
random pairs are matched approximately by utter-
ance length. We repeat this randomization 1,000
times and compute 95% bootstrap confidence in-
tervals. Finally, we apply the same procedure to
size-matched samples from the original FLEURS
data, allowing us to measure how much phonetic
similarity is removed by our filtering procedure.

As shown in Table 3, original aligned pairs
exhibit lower local distances than their length-
controlled random baselines across all window
sizes. Challenge-aligned and random pairs, in con-
trast, obtain nearly identical distances. Accord-
ingly, the filtering effect is consistently positive,
with confidence intervals excluding zero for 4-, 5-
, and 6-phone windows. This indicates that the
challenge set substantially reduces the short pro-
nunciation matches expected from proper names,
loanwords, and similar cues. Effects are strongest
for Japanese-target pairs, while Chinese-target pair
estimates are less conclusive due to phone recog-
nition models not modeling tone, thereby losing
information in our ngram estimates. These results
establish a reduction in local pronunciation cues in
our challenge set.

For our early exiting experiments, we use the
FLEURS test sets of the same 7 low-resource lan-
guages examined in Ma et al. (2025), which include
Cebuano (ceb), Irish Gaelic (ga), Javanese (jv), As-
turian (ast), Kabuverdianu (kea), Sorani Kurdish
(ckb), and Kyrgyz (ky).
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Figure 2: Spoken translation retrieval results in models with and without (LowRestriction) speech translation
objective. Plots show Recall@1 (R@1), R@5, and R@ 10, micro-averaged across language pairs. Shaded regions
indicate 95% Wilson confidence intervals. Dashed line is a random baseline. The model with an additional speech
translation objective (Normal) shows stronger retrieval accuracy than the model without such an objective in the
final layer, although the latter model (LowRestriction) also exhibits non-trivial retrieval accuracy at R@10.

4 Methodology

4.1 Cross-Lingual Speech Retrieval

To quantify cross-lingual alignment in the encoder
of Whisper-style models, we follow prior work in
employing translation retrieval as a proxy task. Ma
et al. (2025) propose SeqSim to quantify the simi-
larity between two sequences of audio embeddings
X = {x1,...,xp}tand Y = {y1,...,yn} by
measuring how well each frame in one sequence
aligns with the most similar frame in the other,
where the process is repeated in both directions.
The benefit of this measure is that it is simple and
allows frames in two audio embeddings to match
one another regardless of their position, where
mean pooling frame representations in contrast
risks cramming too much information due to the
large number of frames. Formally, SeqSim is de-
fined as:

Regeq(X,Y) |X‘ Z maxx y,
Pr%eq X Y |Y‘ Zglea})((x Yy (1)

Prseq Reseq

SeqSim(X,Y) =2 —————.
Prgeq + Regeq

Ma et al. (2025) show SeqSim outperforms mean
pooling and dynamic time warping for spoken
translation retrieval. We thus leverage this metric
in our work.

4.2 Word-Level Analogy Structure in
Whisper Encoder Representations

To test whether Whisper encoder representations
encode word-level relational structure, we con-
struct acoustic word embeddings from LibriSpeech
train-clean-100 (Panayotov et al., 2015) and eval-
uate them on the word analogy dataset employed
in Mikolov et al. (2013), using 3CosMul retrieval
(Levy and Goldberg, 2014). For the acoustic word
embeddings, we follow prior work in leveraging
Whisper’s cross-attention for forced alignment to
obtain word-level timestamps (Yeh et al., 2025),
which has been shown to perform roughly on
par with forced alignment models, with the ad-
ditional benefit of leveraging the model’s internal
representations. As such, we first obtain word-
level timestamps using Whisper’s teacher-forced
decoder cross-attention, where for each utterance
we run Whisper with the ground-truth transcrip-
tion, aggregate cross-attention weights, and apply
dynamic time warping to align text tokens to en-
coder frames. Given the resulting word boundaries,
we pool encoder hidden states over the frames cor-
responding to each word span to obtain word rep-
resentations. We use mean pooling over frames
within each word boundary, and aggregate occur-
rences of the same word type over the whole dataset
by L2-normalizing each occurrence vector and av-
eraging across occurrences. Word types observed
fewer than five times are discarded, yielding a vo-
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Category Acc. Correct/Total OOV
Overall 25.98 1243/4785 -
Semantic 44.10 142/322 -
Syntactic 24.67 1101/4463 -
Semantic categories

capital-common  35.00 720 486
capital-world 16.67 4/24 4500
city-in-state 0.00 0/6 2461
currency - 0/0 866
family 48.16 1317272 234
Syntactic categories

adj.-to-adv. 14.77 96/650 342
opposite 24.44 22/90 722
comparative 20.22 188/930 402
superlative 17.92 43/240 882
present-participle 41.77 193/462 594
nationality-adj. 15.24 16/105 1494
past-tense 38.61 383/992 568
plural 13.67 1117812 520
plural-verbs 26.92 49/182 688

Table 4: R@5 word analogy accuracy (%) for Whisper-
large-v2 encoder acoustic word embeddings using 3Cos-
Mul. The vocabulary contains 11,734 word types. Em-
beddings are L2-normalized. OOV counts indicate ques-
tions excluded because at least one word is absent from
the vocabulary.

cabulary of 11,734 word types.

To confirm that the analogy structure is not solely
an artifact of averaging over contextualized utter-
ances, we additionally run an input-level control
with the same Whisper-medium model. In the con-
textual condition, the encoder processes the full
utterance, and word vectors are obtained by pool-
ing frames of a given word from the contextualized
utterance-level encoder states. In the input-level
condition, we use the same word boundaries, but
cut each word segment from the waveform and feed
the isolated clip through the encoder on its own.
Thus, the audio segment and timestamp source are
held fixed, while surrounding-word context is re-
moved from the encoder representation. Since this
substantially increases the number of encoder for-
ward passes, we restrict the control to Whisper-
medium.

4.3 DecoderLens

In this work, we follow nostalgebraist (2020) in
viewing the layers of a transformer as perform-
ing incremental updates to latent predictions of the
next token. This assumption implies that the hid-
den states can be decoded to gain insights as to
how the input is being processed in said layer. This
method has gained widespread usage in text-based

decoder-only language models, where it is used
to illustrate what the model captures in terms of
vocabulary space at each internal layer (Belrose
et al., 2023; Yom Din et al., 2024). Langedijk et al.
(2024) extend this method to encoder-decoder mod-
els, where the decoder is used as a probe over in-
termediate encoder representations. Concretely, let
M be an encoder-decoder model with n encoder
layers. At inference time, the model typically pro-
duces an output by passing the final encoder layer’s
representation to the decoder (after a non-linear
transformation such as layer normalization), i.e.,

M(w) = Dec(f(Enc(w),)), )

where Enc(w),, denotes the hidden states at the
final encoder layer and f captures the non-linear
operation applied prior to decoding. DecoderLens
modifies this procedure by replacing the final-layer
encoder representation with that of an intermediate
layer i. Formally, for encoder layer i € {1,...,n},
DecoderLens computes:

DecoderLens(w, i) = Dec(f(Enc(w);)). (3)

Building on the findings that the final en-
coder layer’s representations are more semantically
aligned, we early exit the encoder to induce rep-
resentations less tied to language-specific seman-
tics, which we hypothesize to generalize better to
speech recognition on low-resource languages by
weakening such target-language specialization. For
our early exiting experiments on the low-resource
languages examined in Ma et al. (2025), we se-
lect the best performing layer based on WER and
CER on the dev set of FLEURS, and use that layer
to perform inference on the FLEURS test sets of
the respective language. As our goal is only to re-
duce the influence of language-specific semantic
information, we perform this experiment on the 9
encoder layers of 24 to 32.

5 Results

In this section, we detail our results on spoken
translation retrieval, acoustic word embedding ex-
traction, and early exiting the encoder.

5.1 Cross-lingual speech retrieval remains
possible after accounting for
pronunciation cues.

First, we compare the results on the full data to
our challenge set with the Whisper encoder. Fig-
ure 1 shows our spoken translation retrieval results
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Best: Uplok lorok bubuk garing iku bebarengan lant
Gold: ublek loro bubuk garing iku bebarengan lan

Last: Ubelak lorok bubuk garing itu bebarengan dengan banjir. Kandai tangan telah
banjur. Kanti tangan telas yang
banjur kanthi tangan teles sing

sengerasik, remes itu sudah tebal.
resik, remesiku dati bal.
resik  remesiku dadi bal

Table 5: Example prediction of early exiting Whisper-large-v2 on Javanese, a language not explicitly supported by
the model. Colored words indicate comparability. In comparison against the reference, standard inference (layer 32)
heavily uses Indonesian words, whereas early exiting (layer 29) results in transcriptions more phonetically faithful

to Javanese, resulting also in lower error rates.

Category Contextual Single-word
Overall 17.95 9.78
Semantic 38.51 16.15
Syntactic 16.47 9.32
Semantic categories

capital-common 15.00 15.00
capital-world 4.17 12.50
city-in-state 16.67 0.00
currency - -
family 43.75 16.91
Syntactic categories

adj.-to-adv. 10.00 6.92
opposite 12.22 11.11
comparative 11.72 10.97
superlative 10.83 6.67
present-participle 28.79 19.91
nationality-adj. 11.43 5.71
past-tense 28.63 8.97
plural 9.11 4.19
plural-verbs 11.54 12.09

Table 6: R@5 analogy accuracy (%) for Whisper-
medium acoustic word embeddings under contextual
and single-word input conditions. Embeddings are L2-
normalized.

in Recall@K across different language pairs us-
ing the Whisper-large-v2 encoder. For all R@K
setups, performance is significantly above the ran-
dom baseline (dashed black line in Figure 1) in the
final layers. This indicates that although phonetic
cues are indeed useful for retrieval, the models
examined are able to rely more on semantic cues.
We note however that as the metric employed does
not take into account word order, the retrieval re-
sults primarily establish cross-lingual alignment
on a lexical level; to what extent syntactic level
information is encoded in the encoder remains un-
derdetermined, which we leave to future work.

5.2 Spoken translation retrieval in
Whisper-style models is potentially driven
by the speech translation objective.

Figure 2 shows our experiment in comparing
OWSM Small and OWSM Small Low-restriction,
where the latter differs from the former in lacking

Query Nearest neighbors

king queen (.986), men (.971), man (.969), wind (.969),
bill (.969)

man men (.994), woman (.989), women (.983), mind

(.982), girl (.980)

women (.993), men (.989), man (.989), girl (.981),

children (.981)

woman

paris  france (.976), forest (.973), palace (.973), house
(.971), darkness (.970)

france  forest (.979), earth (.977), house (977), paris
(.976), ours (.976)

good great (.980), real (.977), fine (.976), little (.974),
bad (974)

bad good (.974), sad (.974), high (.972), hot (.972),
quiet (971)

run running (.977), gone (.975), ran (.973), come
(.971), turn (971)

Table 7: Example nearest neighbors in the Whisper-
large-v2 encoder acoustic word embedding space.
Parentheses show cosine similarity.

the speech translation objective and speech transla-
tion data, while employing the same architecture,
training setup, parameter count, and a subset of
the ASR training data (Peng et al., 2024). We ob-
serve that on both the full and the challenge set, the
model not trained on speech translation (OWSM
Small Low-restriction) exhibits weaker retrieval ca-
pabilities in comparison with the model with such
an objective (OWSM Small). For OWSM Small,
the gap is particularly pronounced for the final lay-
ers, where we observe stronger performance under
all retrieval settings. Although differences between
the available checkpoints prevent a clean causal
attribution, the results here are consistent with the
speech translation objective contributing semantic
cross-lingual alignment capabilities in speech mod-
els, which nevertheless can still arise but to a much
lower degree when trained only on multilingual
ASR.

5.3 Whisper-style speech encoders contain
non-trivial lexical semantic knowledge.

As shown in Table 4, the Whisper-large-v2 en-
coder achieves a R@5 analogy accuracy of 25.98%.
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CER (%) WER (%)
Lang Best L32 A Best L32 A

ky  100.5(24) 1382 37.7 106.6 (24) 194.3 87.7
ga  792(31) 855 63 101.3(24) 121.8 20.5
iv 36.1(29) 413 52 87.3(29) 908 3.5
ceb 17.6(29) 192 1.7 529(29) 544 15

kea 344(29) 351 08 91.6(29) 926 1.0
ckb 57.2(32) 57.2 0.0 102.6 (25) 122.4 19.8
ast 16.4 (32) 164 00 59.6(29) 58.7 -09

Table 8: Early exiting results on FLEURS test set of
low-resource languages. Best indicates performance
and best layer selected (in parenthesis) on the dev set;
L.32 is the final encoder layer performance. A shows
performance improvement.

Performance is higher on semantic analogies than
on grammatical/syntactic analogies, where we ob-
tain 44.10% for semantic categories versus 24.67%
for syntactic categories. The per-category results
show particularly strong performance for family
relations (48.16%), present participles (41.77%),
and past tense (38.61%). Results for geography-
related categories are less stable because only a
small number of questions remain after excluding
out-of-vocabulary items. These results suggest that
Whisper encoder spaces preserve non-trivial lexi-
cal regularities, even though the model is trained
on speech recognition and translation rather than
explicit word-level text objectives. This further
supports our overall hypothesis that Whisper-style
speech encoders align more semantically. Nearest-
neighbor inspection further supports this interpre-
tation (Table 7). For example, the representation
for king retrieves semantically related words such
as queen and man among its nearest neighbors.
As shown in Table 6, embeddings extracted from
utterance-level input outperform embeddings ob-
tained by presenting words in isolation: R@5 anal-
ogy accuracy decreases from 17.95% to 9.78%.
The largest difference appears for semantic analo-
gies, which decrease from 38.51% to 16.15%,
while syntactic analogy accuracy decreases from
16.47% to 9.32%. This indicates that contextual
utterance-level encoding contributes substantially
to the relational structure observed in the acous-
tic word embedding space. Nevertheless, isolated-
word representations retain non-trivial analogy per-
formance.

5.4 Encoder representations in earlier layers
generalize better to low-resource
languages.

Finally, we evaluate early exiting, to measure to
what degree our findings may impact automatic
speech recognition quality by leveraging represen-
tations in pre-final layers. Table 8 shows our results
in using encoder representations in earlier layers
(given in parenthesis) to perform speech recogni-
tion on low-resource languages (compared to the
last layer 32). We observe that interestingly 5 out
of 7 languages examined show improved CER and
WER using some earlier encoder layer’s represen-
tation, implying that earlier encoder layers may
generalize better to low-resource languages not ex-
plicitly supported by Whisper. Table 5 provides
an example of our early exited prediction on Ja-
vanese, where we observe the final layer to produce
transcriptions with significantly more Indonesian
words than the early exited transcriptions, which
are more phonetically faithful to the Javanese gold
transcriptions.

6 Conclusion

In this work, we revisit the question of cross-lingual
alignment in Whisper-style speech foundation mod-
els. Through a series of controlled experiments, we
demonstrate that Whisper-style speech encoders
align semantically beyond phonetic clues, as tested
through our challenge dataset, analogy tests and
early exiting in decoding. We demonstrate that spo-
ken translation retrieval is potentially driven by the
additional speech translation pre-training objective,
although it also arises weakly through speech recog-
nition as an objective alone, which underscores the
role of supervised multilingual multi-task signals
in pre-training to aid shaping useful semantic rep-
resentations. Complementing the cross-lingual re-
trieval results, we further find Whisper’s encoder
to encode lexical semantic structure, obtaining non-
trivial word analogy performance. Finally, by early
exiting the encoder to induce representations less
tied to language-specific semantics, we observe
that using earlier encoder layer representations re-
sults in performance gains in speech recognition on
low-resource languages, demonstrating the down-
stream applicability of our findings. As Whisper-
style phone recognition models have been shown
to perform weaker on sociolinguistic variation and
unseen languages (Li et al., 2026), future work can
look into whether our early-exiting findings extend
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also to such phone recognition models.

Generative Al Use Disclosure

The authors acknowledge the usage of ChatGPT
as an assistant tool in part of the source code’s
development and in enhancing the coherence of
parts of the manuscript.

Limitations

A limitation of our work is our focuses on Whis-
per and Open Whisper-style Speech Models, but it
may be interesting compare whether our findings
hold also for speech foundation models of different
architectures, such as SeamlessM4T (Communica-
tion et al., 2023). Furthermore, due to the limited
availability of models fully comparable in parame-
ter count and training data that are trained with and
without speech translation, our results for the effect
of speech translation on cross-lingual alignment
remains suggestive, instead of point to a causal
effect. Future work should establish more compa-
rable training conditions to determine if there is
a causal relation between speech translation and
cross-lingual alignment. In addition, although our
retrieval results establish cross-lingual alignment
on a lexical level, the metric we employ for re-
trieval does not establish utterance-level semantic
alignment.
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