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Abstract

Speech Retrieval-Augmented Generation
(Speech RAG) systems are increasingly
used in real-world settings where spoken
queries vary across speakers, emotions,
and acoustic conditions. However, current
evaluations primarily focus on clean-condition
retrieval accuracy, leaving unclear whether
these systems remain semantically invariant
under paralinguistic variation. We introduce
ParaSpeechRAG, a counterfactual robustness
benchmark that isolates non-semantic acoustic
factors while preserving lexical content. The
benchmark spans controlled perturbations
across speaker identity, emotion and prosody,
additive noise, speaking rate, and codec
compression, enabling systematic evaluation
of semantic invariance in speech retrieval. We
evaluate three retriever families: ASR-based
cascades, speech-text multimodal retrievers
(CLASP), and general-purpose audio-language
models (GLAP). Results reveal a consistent
robustness—accuracy trade-off: multimodal
retrievers achieve higher performance under
clean conditions but are substantially more
sensitive to paralinguistic and acoustic
perturbations, particularly emotion and
noise. In contrast, ASR-based cascades are
more robust to these variations due to their
text-centric bottleneck, though with reduced
expressive capacity. These findings highlight
an overlooked dimension of instability in
Speech RAG systems and underscore the
need for robustness-aware evaluation beyond
clean-condition benchmarks.

1 Introduction

Retrieval-Augmented Generation has fundamen-
tally changed how language systems access knowl-
edge, but when the query arrives as speech, a silent
assumption underlies every retrieval step: that the
system responds to what is said, not to who says it
or how.
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Unlike text queries, spoken utterances contain
substantial paralinguistic (Lavan et al., 2019). The
same sentence can produce markedly different
acoustic realizations depending on speaker iden-
tity, emotional state, speaking style, recording con-
ditions, or transmission artifacts, while preserv-
ing identical semantic content. As modern speech
and audio embedding models necessarily encode
these acoustic factors (Pasad et al., 2021; wen Yang
et al., 2021), retrieval representations may vary
even when meaning remains unchanged. If re-
trieval outcomes shift under such variations, then
the system is not retrieving purely based on seman-
tics.

Speech RAG systems typically rely either on
ASR-based retrieval pipelines or on multimodal
speech-text retrievers that directly map spoken
queries into shared embedding spaces (Sidiropou-
los and Kanoulas, 2024; Sun et al., 2025; Chen
et al., 2025). While these approaches achieve
strong retrieval performance under clean condi-
tions, it remains unclear whether their representa-
tions are robust to non-semantic acoustic variation.

Existing benchmarks, including Spoken-SQuAD
(Li et al., 2018), HeySQuAD (Wu et al., 2024),
and SQuAD-SRC (Tang et al., 2023), evaluate
end-to-end QA accuracy in relatively clean con-
ditions. Evaluation of retrieval specifically, and of
robustness to acoustic perturbations, remains an
open gap. In the text domain, robustness bench-
marks such as RARE (Zeng et al., 2025) and RGB
(Chen et al., 2024) have revealed that even high-
performing RAG systems are sensitive to query
and document perturbations. No analogous study
exists for the speech domain, where perturbations
are qualitatively different: they are acoustic rather
than lexical.

This gap is not merely academic. Real-world de-
ployments of Speech RAG must cope with diverse
speakers, emotional speech, background noise,
lossy codecs, and spontaneous speaking styles.
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A retriever that is sensitive to these factors will
silently degrade, returning wrong passages with-
out any signal to the downstream generator that
retrieval has failed.

In this work, we address the following three re-
search questions:

RQ1 7o what extent do current Speech RAG re-
trievers maintain semantic invariance under
controlled paralinguistic perturbations?

RQ2 Which perturbation axes, and at what sever-
ity levels, most damage retrieval performance,
and does the answer differ across retriever ar-
chitectures (ASR cascade vs. speech-text mul-
timodal vs. general audio-text)?

RQ3 Does the performance gap between multi-
modal retrievers and the ASR cascade ob-
served in clean conditions reverse or nar-
row under paralinguistic perturbations, re-
vealing a previously unrecognized robustness—
accuracy trade-off?

To answer these questions, we construct a sys-
tematic perturbation benchmark using CLASP
(Abootorabi and Asgari, 2025) on top of Spoken-
SQuAD and VoxPopuli (Wang et al., 2021), apply-
ing five categories of acoustic perturbation while
holding semantic content constant. We evaluate
three representative retriever families and report
Recall@k and MRR across all conditions.

Our main contributions are:

1. The first benchmark for paralinguistic sensi-
tivity in speech retrieval (ParaSpeechRAG),
covering five perturbation axes with con-
trolled severity levels.

2. A comparative evaluation of retriever archi-
tectures, revealing a fundamental robustness,
accuracy trade-off that is invisible in clean-
condition benchmarks.

3. Empirical evidence that multimodal audio em-
beddings encode paralinguistic information in
ways that meaningfully harm retrieval, with
practical implications for system design.

2 Related Work

The extension of RAG to spoken input has followed
two main paradigms. The cascade paradigm, ASR
followed by text retrieval, was the de facto standard

in early spoken QA work (Li et al., 2018) and re-
mains a competitive baseline due to the maturity of
ASR systems. Spoken-SQuAD (Li et al., 2018) and
HeySQuAD (Wu et al., 2024) established bench-
marks for this setting, showing that ASR errors
propagate into retrieval and that human-spoken
queries carry variability that synthetic benchmarks
underestimate. SQuAD-SRC (Tang et al., 2023)
further extended this to multi-accent scenarios.
ODSQA (Lee et al., 2018) provided an early real-
speech alternative to TTS-generated datasets.

More recent work has sought to eliminate the
ASR bottleneck by learning joint speech-text rep-
resentations. Sidiropoulos and Kanoulas (2024)
propose a multimodal dense retriever for open-
domain QA from spoken queries, trained end-to-
end to map speech directly into the retrieval space.
SEAL (Sun et al., 2025) extends this to speech
large language models, showing that embedding-
based speech retrieval significantly reduces latency
and error propagation compared to ASR cascades.
WavRAG (Chen et al., 2025) introduces a dual-
modality encoder that retrieves from both audio
and text knowledge bases simultaneously, enabling
truly multimodal document corpora.

The retrieval capabilities of multimodal au-
dio systems have advanced substantially through
contrastive pretraining. CLAP (Elizalde et al.,
2023) learns a joint audio-text embedding space
through contrastive objectives over large-scale
audio-caption pairs, achieving strong zero-shot per-
formance on audio classification and text-to-audio
retrieval. Wu et al. (2023) extend CLAP with fea-
ture fusion and keyword-to-caption augmentation,
further improving retrieval on the LAION-Audio-
630K benchmark. T-CLAP (Yuan et al., 2024)
addresses temporal reasoning limitations in CLAP
by introducing temporal-contrastive captions and
a specialized loss. CoLLAP (Wu et al., 2025)
scales contrastive audio-language pretraining to
long-form audio, improving retrieval over extended
acoustic contexts.

While these models were originally designed for
audio event retrieval and classification, their zero-
shot cross-modal capabilities make them attractive
as Speech RAG retrievers, a use case their training
objectives did not anticipate.

The fragility of RAG systems under perturba-
tion has received increasing attention in the text
domain. Zeng et al. (2025) introduce RARE, a
unified benchmark that stress-tests query and docu-
ment perturbations over dynamic corpora, finding
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that RAG systems are systematically sensitive to
input noise. Percin et al. (2025) study robustness
to typographical and linguistic variations at the re-
trieval stage, showing that mid-sized generators can
outperform larger ones under perturbation. RGB
(Chen et al., 2024) evaluates four capacity dimen-
sions, noise robustness, negative rejection, infor-
mation integration, and counterfactual resistance,
revealing consistent weaknesses in LLMs handling
distracting context.

Recent benchmarks have also started to exam-
ine robustness in spoken-query retrieval. SQuTR
(Li et al., 2026) evaluates spoken query-to-text
retrieval under controlled acoustic noise, while
MSEB (Heigold et al., 2026) includes Simple Voice
Questions (SVQ), providing broader evaluation
across spoken queries and acoustic conditions. In
contrast, ParaSpeechRAG focuses on controlled
counterfactual perturbations across multiple par-
alinguistic and acoustic axes, including speaker
identity, emotion and prosody, speaking rate, codec
compression, noise, and reverberation, while ex-
plicitly preserving lexical content. Thus, our bench-
mark complements these efforts by enabling sys-
tematic analysis of how individual non-semantic
factors affect speech retrieval.

The robustness of speech representations under
acoustic perturbation has been extensively studied
in ASR and speaker verification, though less fre-
quently in retrieval settings. Prior work shows that
noise, reverberation, and channel degradation can
substantially alter downstream speech representa-
tions (Tseng and Harwath, 2025). Meanwhile, mod-
ern voice conversion systems (Choi et al., 2023; Li
et al., 2023) and expressive speech synthesis frame-
works enable controlled manipulation of speaker
identity and emotional prosody while preserving
lexical content, making them suitable tools for
counterfactual robustness evaluation.

3 Methodology

3.1 Task Formulation

We study the retrieval stage of Speech RAG in iso-
lation. Given a spoken query ¢ (an audio signal)
and a text corpus C = {p1,...,pn} of passages,
aretriever f returns a ranked list of passages. Re-
trieval is correct if the ground-truth evidence pas-
sage p* appears in the top-k results.

We evaluate robustness by applying a paralin-
guistic perturbation ¢ to the query audio, producing
g = ¢(q), and measuring how much retrieval per-

formance degrades relative to the clean condition.
By construction, ¢ and g have identical semantic
content, only the acoustic surface form changes. A
retriever that is paralinguistically invariant should
maintain its clean-condition performance under all

o.
3.2 Retriever Systems

We evaluate three retriever families that together
span the design space of Speech RAG:

ASR Cascade (Parakeet TDT + Text Retrieval).
The spoken query is transcribed by Parakeet TDT
(Xu et al., 2023), a state-of-the-art ASR model. The
transcript is then used to retrieve passages using
LaBSE (Feng et al., 2022). This system is our fra-
ditional baseline: it is the most widely deployed
approach and benefits from the maturity and robust-
ness of modern text retrieval pipelines. Its main
limitation is error propagation from the ASR stage,
particularly under adverse acoustic conditions.

CLASP (Speech-Text Multimodal Retriever).
CLASP is trained to align speech and text represen-
tations in a shared embedding space, enabling di-
rect retrieval of text passages from spoken queries
without ASR. We evaluate two pooling variants:
mean pooling (CLASP-mean), which aggregates
over the full audio sequence, and chunked max-sim
(CLASP-chunked), which splits longer utterances
into chunks and uses maximum similarity across
chunks, inspired by ColBERT-style late interaction.

GLAP (General Audio-Text Retriever).
GLAP (Dinkel et al., 2025) is a general-purpose
audio-language model trained on diverse audio
events, music, and speech. Unlike CLASP, it was
not specifically trained for spoken QA retrieval.
We include it as a probe of zero-shot cross-modal
retrieval from a model with broader acoustic
coverage but less speech-specific alignment.

3.3 Perturbation Axes

All perturbations are applied to the query audio
only, keeping the corpus unchanged. For each axis,
we define multiple severity levels to trace perfor-
mance degradation curves.

Speaker Variation (¢s,k). We apply zero-shot
voice conversion to replace the original speaker
identity in Spoken-SQuAD dev queries while pre-
serving phonetic content. Each query is converted
to six target voices: four speakers drawn from Lib-
riSpeech (Panayotov et al., 2015) and two reference
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voices (Azuma and Trump), resulting in three male
and three female target voices. To ensure robust-
ness of our findings across conversion systems, we
generate two parallel sets of converted audio using
Seed-VC (Liu, 2024) and GenVC (Cai et al., 2025),
two independent zero-shot voice conversion mod-
els. This set spans diverse vocal characteristics,
allowing us to test whether retriever embeddings
are invariant to speaker identity.

Emotion and Prosody (¢emo). We re-synthesize
the Spoken-SQuAD dev queries via zero-shot voice
conversion using Seed-VC (Liu, 2024), condi-
tioned on expressive reference utterances from Ac-
tor 01 of the RAVDESS dataset (Livingstone and
Russo, 2018). We cover four discrete emotion cate-
gories (neutral, happy, sad, angry) at two intensity
levels (normal, strong), yielding seven condition
combinations. The intensity level serves as a proxy
for acoustic activation, allowing us to disentangle
the effect of emotional category from the effect of
expressive magnitude on retrieval performance.

Additive Noise (¢noise)- Following Tseng and
Harwath (2025), we add white noise and convo-
lutive reverberation at four SNR levels: 20, 15,
10, and ~5 dB. These cover the range from mild
environmental noise to severely degraded speech.

Speaking Rate (¢ate). We apply time-scale mod-
ification to produce speech at 0.5 %, 0.625x, 0.75 %,
0.875x%, 1.25x%, 1.5, 1.75x% and 2.0x the original
rate without affecting pitch. This perturbation is or-
thogonal to content and tests sensitivity to temporal
structure in audio embeddings.

Codec Compression (¢codec). We encode and de-
code audio through MP3 at bitrates ranging from 8
to 128 kbps, and through Opus at equivalent quality
levels. This simulates transmission over bandwidth-
constrained channels.

3.4 Evaluation Metrics

We report Recall@k (R@k) for k € {1,5,10} and
Mean Reciprocal Rank (MRR); mean and median
rank are additionally recorded for diagnostic pur-
poses.! For each perturbation condition we addi-
tionally report the relative degradation AR@1 with
respect to the clean baseline. All results are com-
puted over the full Spoken-SQuAD validation set

"Each query has a single relevant paragraph, so Recall@k
is equivalent to the Hits@k implemented in our evaluation
code, and Mean Average Precision coincides with MRR.

(2,067 paragraphs); each query is ranked against
the entire validation pool.

4 Experimental Setup

4.1 Training Details

We train CLASP on the concatenation of Spoken-
SQuAD and VoxPopuli English, which provide
complementary supervision signals for Speech
RAG retrieval. Spoken-SQuAD provides task-
aligned spoken question answering pairs that
closely match the downstream retrieval setting eval-
uated in our benchmark. Additionally, its compara-
tively controlled acoustic conditions make it partic-
ularly suitable for generating counterfactual pertur-
bations, since performance variations can be more
reliably attributed to the applied acoustic transfor-
mations rather than uncontrolled environmental
factors. In contrast, VoxPopuli contributes sub-
stantially greater variability in speakers, recording
conditions, speaking styles, and prosody through
large-scale real-world parliamentary speech. Al-
though VoxPopuli is not directly used in the per-
turbation benchmark itself, its acoustic diversity
exposes the retriever to broader real-world variabil-
ity during training, encouraging more robust and
generalizable speech-text representations.

The final training set contains 18,896 spoken-
query/text pairs from Spoken-SQuAD and 184,219
speech-text pairs from VoxPopuli English.

CLASP is trained using a contrastive objective
over paired speech and text representations, en-
abling direct alignment between spoken queries
and textual passages in a shared embedding space.

Training is performed for 50 epochs using the
Adam optimizer with learning rate 1 x 104, batch
size 32. Model selection is based on validation
contrastive loss computed on the Spoken-SQuAD
development set.

4.2 Noise Robustness Evaluation

We evaluate retrieval robustness under three classes
of acoustic corruption: white noise, ambient en-
vironmental noise, and reverberation. Following
Tseng and Harwath (2025), perturbations are ap-
plied exclusively to the query audio while keeping
the retrieval corpus unchanged, isolating the sensi-
tivity of the query representation to non-semantic
acoustic variation. White Gaussian noise and ESC-
50 environmental recordings (Piczak, 2015) are
added at 20, 10, and 5 dB SNR levels, correspond-
ing to mild, moderate, and severe degradation. Re-
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verberation is simulated through delayed room re-
flections at equivalent severity levels. All perturbed
audio is processed through the same preprocessing
pipeline as clean speech before retrieval evaluation.

4.3 Codec Compression

We evaluate retrieval robustness under lossy codec
compression using MP3 and Opus encoding. Per-
turbed queries are generated through an encode-
decode pipeline implemented with FFmpeg, where
each spoken query is compressed at a target bitrate
and reconstructed back to uncompressed PCM be-
fore retrieval. We evaluate five bitrate levels (8,
16, 32, 64, and 128 kbps) for both codec fami-
lies, covering the range from severe compression
to near-transparent quality. This perturbation tests
whether retrieval embeddings remain stable under
bandwidth-constrained transmission artefacts while
preserving lexical content and utterance duration.

4.4 Speaker Variation

We evaluate retrieval robustness under speaker
identity variation using zero-shot voice conversion.
Spoken-SQuAD queries are converted to six target
voices while preserving phonetic content, allowing
us to isolate the sensitivity of retrieval embeddings
to speaker-dependent acoustic characteristics. To
reduce dependence on a single conversion frame-
work, we generate parallel perturbation sets using
two independent systems: Seed-VC (Liu, 2024)
and GenVC (Cai et al., 2025). The target speakers
include four LibriSpeech voices (Panayotov et al.,
2015) (IDs 1089, 2803, 3081, and 6319) alongside
two additional Seed-VC reference voices (Azuma
and Trump), spanning both male and female speak-
ers.

4.5 Emotion and Prosody

We evaluate retrieval robustness under emotion-
driven prosodic variation using Seed-VC v2 (Liu,
2024). Spoken queries are re-synthesized using ex-
pressive reference utterances from the RAVDESS
corpus (Livingstone and Russo, 2018), modifying
pitch contour, vocal quality, thythm, and spectral
energy while preserving lexical content. We eval-
uate seven emotion conditions spanning four cat-
egories and two intensity levels: neutral, happy
(normal, strong), sad (normal, strong), and angry
(normal, strong). A single reference utterance from
Actor 01 is used as the affective template for each
condition. All converted audio is resampled to

16 kHz and processed through the same retrieval
pipeline as clean speech.

4.6 Speaking Rate

We evaluate retrieval robustness under temporal
speech variation using pitch-preserving time-scale
modification (TSM). Spoken queries are stretched
or compressed in time while preserving pitch and
speaker identity, isolating the sensitivity of retrieval
embeddings to speaking-rate variation independent
of lexical content. Following Speech Robust Bench
(Shah et al., 2024), we evaluate eight speed factors
spanning both slow and fast speech: 0.5x, 0.625x,
0.75x, 0.875x%, 1.25x%, 1.5%, 1.75%, and 2.0x.
This perturbation probes whether retrieval repre-
sentations remain stable under substantial changes
in temporal speech dynamics.

4.7 Reproducibility and Resources

To facilitate reproducibility, we release the
ParaSpeechRAG evaluation resources at the project
repository.” The repository includes all evalua-
tion code, perturbation scripts, dataset manifests,
model configurations, and checkpoints necessary
to replicate our experiments. All components are
distributed under their respective licenses, with re-
distribution strictly adhering to the original data
and model agreements.

4.8 Lexical Preservation Validation

The counterfactual evaluation assumes that pertur-
bations modify acoustic or paralinguistic charac-
teristics while largely preserving linguistic con-
tent. To assess this assumption, we use Para-
keet TDT, the same ASR model employed in the
ASR cascade, to transcribe clean and perturbed
utterances and compute WER against the origi-
nal transcripts. The clean baseline yields a WER
of 4.11%. As shown in Table 1, codec compres-
sion and noise/reverberation introduce only minor
changes in WER (4.10-5.68% and 4.37-4.78%,
respectively), while speaking-rate modifications
result in WERs of 4.72-8.37%. Speaker conver-
sion and emotion transfer produce larger increases,
reaching 8.24-11.39% and 10.95-14.17%, respec-
tively, indicating some residual lexical distortion in
these conditions.

This residual degradation does not, however,
fully explain the retrieval effects. The ASR cascade
remains highly stable across speaker and emotion

2https://github.com/AKCIT—Speech/
ParaSpeechRAG-Benchmark
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Table 1: Lexical fidelity audit of the generated queries
using Parakeet TDT. WER is computed against the origi-
nal clean-audio transcripts. AWER denotes the absolute
change in percentage points (pp) relative to the clean
baseline.

Perturbation WER (%) AWER (pp)
Clean (baseline) 4.11 -

Codec compression 4.10-5.68 —0.01 to +1.57
Noise / reverberation 4.37-4.78 +0.26 to +0.67
Speaking rate 4.72-8.37 +0.61 to +4.27
Speaker conversion 8.24-11.39 +4.13 to +7.29
Emotion transfer 10.95-14.17 +46.84 to +10.07

conditions despite the increased WER, whereas
CLASP exhibits substantial retrieval degradation
under the same perturbations. Moreover, among
the speaker-converted conditions, the target voice
with the lowest WER produces the largest CLASP
degradation. These results suggest that the ob-
served retrieval shifts cannot be attributed solely to
lexical degradation, and provide support for inter-
preting them as sensitivity to acoustic and paralin-
guistic variation.

5 Results and Discussion

5.1 Clean Retrieval Performance

Table 2 reports retrieval performance for all sys-
tems on the clean Spoken-SQuAD validation set
(2,067 paragraphs). CLASP with mean pool-
ing achieves the highest results across all met-
rics, reaching a Recall@1 of 0.954 and an MRR
of 0.971, with perfect Recall@5 and Recall@10.
These results establish CLASP-mean as the clear
upper bound within the evaluated retriever fami-
lies and confirm that direct speech-text alignment,
when pooled globally, produces highly discrimina-
tive query representations.

The ASR + LaBSE cascade achieves a Recall@1
of 0.694 and an MRR of 0.771, positioning it-
self as a competitive baseline given its reliance
on transcription as an intermediate step. This per-
formance level demonstrates the maturity of ASR-
then-retrieve pipelines under clean acoustic condi-
tions, while also establishing the ceiling that tran-
scription errors impose.

In contrast, the CLASP-chunked (max-sim) vari-
ant reaches only 0.547 Recall@1 (MRR 0.671),
substantially below both CLASP-mean and the
ASR cascade. This gap suggests that chunked
ColBERT-style late interaction pooling, while ben-
eficial in text-based retrieval, may not straight-

forwardly transfer to speech. One possible ex-
planation is that segmenting speech into fixed-
size chunks introduces boundary artifacts and mis-
matches between the temporal granularity of au-
dio and text representations, penalizing retrieval
for short queries that derive limited benefit from
chunk-level aggregation.

GLAP, despite being a general audio-language
model, achieves moderate zero-shot performance
(Recalll 0.209, MRR 0.289). Although GLAP
was not trained for spoken QA, its contrastive pre-
training on diverse audio-caption pairs transfers
non-trivially to this domain, suggesting a degree
of semantic alignment between speech and text
even without task-specific fine-tuning. CLAP, in
turn, essentially fails on this task (Recall@1 =
0.000), indicating that audio-event-oriented pre-
training alone is insufficient for speech-based fac-
tual retrieval, where the retrieval signal is lexical
rather than acoustic-event-based.

5.2 Paralinguistic Robustness

Table 3 presents retrieval performance under
speaker variation, evaluated using zero-shot voice
conversion across six target identities (three male,
three female). Two key findings emerge from these
results.

First, the ASR cascade exhibits near-perfect in-
variance to speaker identity: its Recall@1 and
MRR remain essentially constant across all con-
verted voices (mean 0.693/0.770), indistinguish-
able from the original audio baseline (0.694/0.771).
This stability is expected, since speaker-related
acoustic cues are largely removed during ASR tran-
scription before retrieval. Speaker variation affects
the cascade only through potential ASR degrada-
tion, which, under these controlled conditions with
a high-quality voice conversion model, appears neg-
ligible.

Second, CLASP-mean, while substantially out-
performing the cascade in clean conditions, is mea-
surably sensitive to speaker identity: mean Re-
call@1 drops from 0.954 (baseline) to 0.889 (A
= —6.8%), and MRR from 0.972 to 0.930 (A =
—4.3%). This degradation is not uniform across
target voices. Cross-gender conversion to voice
3081 (female) induces the largest drop (Recall@1 =
0.818), while same-gender and other cross-gender
targets cause smaller but still consistent drops. The
pattern suggests that CLASP’s speech encoder en-
codes speaker-correlated acoustic features, that
shift query embeddings away from the representa-
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Table 2: Clean retrieval on Spoken-SQuAD validation (2,067 paragraphs).

System Recall@1 Recall@5 Recall@10 MRR
CLASP (mean) 0.954 1.0 1.0 0.971
CLASP (chunked, max-sim) 0.547 0.827 0.898 0.671
CLAP (audio-only) 0.000 0.001 0.002 0.001
GLAP (audio-only) 0.209 0.366 0.442 0.289
ASR + LaBSE (cascade) 0.694 0.868 0911 0.771

tions computed during training, even when lexical
content is preserved.

These results reveal a robustness—accuracy trade-
off that is largely hidden under clean-condition
evaluation: although CLASP-mean achieves sub-
stantially higher retrieval performance, the ASR
cascade remains markedly more stable under
speaker variation due to the invariance introduced
by the acoustic-to-text bottleneck. Consequently,
multimodal retrievers may degrade as speaker char-
acteristics shift, even when semantic content re-
mains unchanged.

Table 4 presents retrieval performance under
emotion-driven prosodic variation. Compared to
the speaker conversion setting, these perturbations
introduce substantially stronger expressive varia-
tion while preserving semantic content, providing a
more challenging test of robustness to paralinguis-
tic variation.

The ASR cascade remains comparatively sta-
ble across all emotional conditions, with Recall@1
varying only marginally from 0.697 (sad-normal)
to 0.679 (strong anger). This behavior is consis-
tent with the invariance introduced by the ASR
bottleneck, which largely removes paralinguistic
information before retrieval.

Table 3: Results varying the target voice in the con-
version (Mean of Models), comparing the proposed
approach against the ASR Cascade baseline. All values
are presented as Recall@1 / MRR.

Target Voice Gender Cascade CLASP
1089 Male 0.695/0.772  0.919/0.950
2803 Male 0.696/0.772  0.908 /0.943
trump Male 0.688/0.766  0.890/0.930
3081 Female 0.694/0.771 0.818/0.881
6319 Female 0.694/0.771 0.916/0.948
azuma Female 0.693/0.770  0.884/0.928
WAV (Original/Baseline)  0.694/0.771  0.954/0.972
Mean (Converted) 0.693/0.770  0.889/0.930

In contrast, CLASP exhibits substantial degrada-
tion under emotional perturbations despite achiev-
ing the strongest clean-condition performance. Rel-
ative to the clean baseline (Recall@1 = 0.954,
MRR = 0.972), all emotional conditions reduce
retrieval quality, with the strongest degradation oc-
curring under high-intensity speech. Strong happy
speech reduces Recall@1 to 0.651 (MRR = 0.757),
while strong anger reaches 0.672 (MRR =0.771),
bringing CLASP close to the performance level of
the ASR cascade.

Compared to speaker variation alone, emotional
perturbations produce substantially larger degra-
dation, suggesting that CLASP is particularly sen-
sitive to expressive prosodic variation. Moreover,
degradation consistently increases with emotional
intensity: for both happy and angry speech, the
strong condition performs markedly worse than
the normal condition despite identical lexical con-
tent. This pattern suggests that retrieval instability
is driven primarily by the magnitude of acoustic
deviation from the training distribution rather than
by emotion category itself.

These results indicate that emotional and
prosodic characteristics remain partially entan-
gled with semantic representations in multimodal

Table 4: Results across different emotional states and in-
tensities, comparing the Multimodal approach (CLASP)
against the ASR Cascade baseline. All values are pre-

sented as Recall@1 / MRR.
Emotion Intensity Cascade CLASP
Normal 0.695/0.771 0.769/0.848
Angry
Strong 0.679/0.756 0.672/0.771
Normal 0.694/0.771  0.836/0.894
Happy
Strong 0.693/0.769 0.651/0.757
Neutral Normal 0.695/0.771 0.799/0.868
Sad Normal 0.697/0.773 0.780/0.856
Strong 0.692/0.769 0.770/0.847
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Figure 1: Retrieval robustness of CLASP and the ASR cascade under controlled acoustic perturbations. Subfigures

show codec compression, speaking-rate modification,
indicates bitrate, rate factor, or SNR.

speech retrieval embeddings, leading to retrieval
degradation even when semantic content is pre-
served.

5.3 Acoustic Perturbation Robustness

Figure 1 summarizes the robustness behavior of
CLASP under four classes of acoustic perturbation:
codec compression, speaking-rate modification, ad-
ditive noise, and reverberation.

A first observation is that the degradation profiles
differ substantially across perturbation axes, indi-
cating that not all non-semantic acoustic variations
affect retrieval equally. While some perturbations
produce only minor shifts in retrieval quality, oth-
ers cause catastrophic collapse despite preserving
the underlying lexical content. This asymmetry
reinforces the central premise of our benchmark:
Speech RAG retrievers are not uniformly invariant
to paralinguistic and acoustic transformations.

The codec compression results reveal that
CLASP is comparatively robust to bandwidth-
related degradation. Both MP3 and Opus maintain
retrieval performance close to the clean baseline
across nearly the entire bitrate spectrum. Even un-
der severe MP3 compression at 8 kbps, Recall@1
remains at 0.885 and MRR at 0.927, representing
only moderate degradation relative to the clean con-
dition (0.954 / 0.972). Opus exhibits even stronger
robustness, remaining near-baseline across all eval-
uated bitrates, including 8 kbps. This behavior

5

white noise, reverberation, and ambient noise. The x-axis

suggests that codec artifacts primarily remove per-
ceptually redundant spectral detail while preserving
the coarse phonetic and temporal structure required
by the retriever.

In contrast, the speaking-rate experiments
demonstrate that CLASP is substantially more sen-
sitive to temporal distortions than to compression
artifacts. Retrieval quality degrades progressively
as playback speed diverges from the original utter-
ance. Moderate changes in speaking rate remain
relatively tolerable, but extreme accelerations and
slowdowns cause pronounced collapse. At 0.5x
speed, Recall@1 falls to 0.674, while at 2.0x it fur-
ther drops to 0.630. The asymmetry between mild
and extreme modifications suggests that CLASP
partially relies on temporal dynamics learned dur-
ing training, including rhythm, phoneme duration,
and prosodic pacing. When speech deviates sub-
stantially from canonical temporal structure, the
resulting embeddings drift away from their original
semantic neighborhood.

The most severe degradation appears under addi-
tive noise and environmental corruption. All three
noise families produce dramatic reductions relative
to the clean baseline, with ambient noise causing
the strongest collapse overall. Under ambient noise
at 5 dB, Recall@1 drops to 0.301 and MRR to
0.389, corresponding to more than a 65% relative
reduction in top-1 retrieval accuracy. White noise
produces similarly severe degradation, falling from
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0.954 Recall@1 in the clean setting to 0.335 at 5
dB. These results indicate that the retrieval repre-
sentation is highly vulnerable to acoustic corrup-
tion that alters spectral consistency and phonetic
salience.

Interestingly, reverberation exhibits a qualita-
tively different behavior from additive noise. While
performance remains substantially below the clean
baseline across all reverberation conditions, degra-
dation does not monotonically worsen with de-
creasing SNR. Recall@1 remains relatively stable
between 0.420 and 0.435 across all reverberation
severities. Unlike white or ambient noise, which
inject competing acoustic energy into the signal,
reverberation preserves much of the underlying
speech content while redistributing it temporally.
Consequently, retrieval degradation saturates early
instead of collapsing progressively with severity.

These analyses reveal a clear robustness hierar-
chy: codec compression causes limited degrada-
tion, while speaking-rate variation, additive noise,
and reverberation produce substantially larger re-
trieval instability. The results suggest that CLASP
is comparatively robust to perceptual compression
artifacts but remains sensitive to perturbations that
distort temporal and prosodic speech structure,
likely reflecting the predominance of clean and
acoustically canonical speech during training.

6 Conclusion

In this work, we introduced ParaSpeechRAG, the
first benchmark for evaluating paralinguistic robust-
ness and semantic invariance in Speech Retrieval-
Augmented Generation systems. Unlike prior work
focused on clean-condition retrieval or ASR robust-
ness, our benchmark isolates non-semantic acous-
tic variations while preserving lexical content, en-
abling controlled analysis of sensitivity to speaker
identity, emotion, speaking rate, codec compres-
sion, reverberation, and noise.

Our experiments reveal a consistent robust-
ness—accuracy trade-off across Speech RAG archi-
tectures. While multimodal speech-text retrievers
such as CLASP achieve strong performance under
clean conditions, they are substantially more sen-
sitive to paralinguistic and acoustic perturbations
than ASR-based cascades. In particular, emotional
prosody, speaking-rate variation, and additive noise
induce significant retrieval instability despite pre-
serving semantics, indicating that current speech
retrieval embeddings remain partially entangled

with non-semantic acoustic factors.

These results show that clean-condition evalu-
ation is insufficient for real-world Speech RAG
systems, and that robustness to acoustic and par-
alinguistic variation should be treated as a core
evaluation dimension alongside retrieval accuracy
and latency.

Limitations

Our study has several limitations that motivate fu-
ture work. First, although ParaSpeechRAG enables
controlled evaluation of speaker, emotional, and
acoustic variation, the employed perturbations do
not fully capture the variability that naturally oc-
curs in real-world interactions. In particular, un-
controlled environmental conditions, spontaneous
speech, and conversational dynamics may intro-
duce interactions between factors that are not rep-
resented by our isolated perturbations. Future work
should therefore evaluate Speech RAG systems on
naturally occurring speech across diverse speakers,
environments, and conversational settings.

Second, our evaluation considers a limited set
of retriever architectures whose training objectives
and supervision differ, making direct comparisons
under fully matched training conditions difficult.
Expanding retriever coverage and evaluating mod-
els under more closely matched training settings
would provide a more comprehensive assessment
of the robustness—accuracy trade-off.

Third, we focus exclusively on the retrieval stage
to isolate the effects of acoustic and paralinguis-
tic variation. While this design enables a more
controlled analysis of retrieval robustness, it does
not reveal how retrieval failures ultimately affect
the quality of downstream responses. Future work
should therefore extend the benchmark to end-to-
end Speech RAG evaluation on a representative
subset, allowing the impact of retrieval instability
on generation quality to be quantified.

Finally, the current benchmark is restricted to
English datasets, limiting the extent to which our
findings can be generalized to multilingual and
cross-lingual settings. Extending the benchmark
to additional languages, particularly those with dif-
ferent phonetic, prosodic, and conversational char-
acteristics, would provide a broader assessment of
Speech RAG robustness across linguistic contexts.
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A Voice Conversion and Emotion
Transfer Details

Speaker perturbations are generated using two inde-
pendent zero-shot voice conversion systems: Seed-
VC (Liu, 2024) and GenVC (Cai et al., 2025). Both
systems transfer speaker identity from a reference
utterance while preserving the linguistic content of
the source speech.

For Seed-VC, inference uses 30 diffusion steps,
CFG rate of 0.7, and length adjustment factor of
1.0. All converted audio is resampled to 16 kHz
prior to embedding extraction.

For GenVC, we use the GenVC_large check-
point with top-k sampling (k = 15). Source and
reference audio are loaded at the model-specific
sampling rates and converted output is evaluated
without additional resampling.
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Emotion conversion is performed with Seed-VC
v2 (Liu, 2024), which disentangles linguistic con-
tent from speaker style via a two-stage pipeline:
an autoregressive model extracts style tokens from
the reference - encoding timbre, pitch patterns, and
energy contour - while a flow-matching diffusion
model (CEM) resynthesises the audio conditioned
on those tokens alongside a content representa-
tion derived from the source. Operating in full
style-transfer mode (convert_style=True) causes
both the speaker characteristics and the affective
prosodic patterns of the reference to be imposed on
the source utterance, as opposed to identity-only
conversion used in the speaker variation experi-
ments.

B Codec Compression Details

Codec perturbations are implemented through
an encode-decode reconstruction pipeline using
FFmpeg. MP3 compression uses libmp3lame,
while Opus compression uses 1ibopus (Valin et al.,
2012). Each spoken query is compressed at target
bitrates of 8, 16, 32, 64, and 128 kbps before re-
construction to uncompressed PCM for retrieval
evaluation.

For MP3, decoded audio is restored to PCM
WAV format at the original sampling rate. For
Opus, reconstructed waveforms are resampled to
24 kHz prior to retrieval evaluation to match the
original audio configuration.

C Speaking Rate Perturbation Details

Speaking-rate perturbations are gen-
erated using pitch-preserving time-
scale  modification implemented through
librosa.effects.time_stretch (McFee

et al.,, 2015). The phase vocoder algorithm
stretches or compresses speech temporally while
preserving pitch and spectral characteristics.

We evaluate four slow-speech factors (0.5x,
0.625x%, 0.75x%, 0.875x) and four fast-speech fac-
tors (1.25x, 1.5%, 1.75x%, and 2.0x), following
the perturbation levels defined in Speech Robust
Bench (Shah et al., 2024). Audio is processed at
its original sampling rate without additional resam-

pling.
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