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Abstract

Spoken Language Models (SLMs) generate tex-
tual responses directly from speech, offering an
alternative to cascaded systems. Despite recent
advances, existing SLMs still exhibit weaker
instruction-following behavior and limited
generalization across diverse tasks compared
to text-based language models. Our analysis
shows that speech and text representations in
current SLMs remain weakly aligned despite
strong downstream performance, indicating
that structural differences between continuous,
temporally varying speech and discrete text
remain insufficiently addressed. To address
this, we propose a simple framework that
decouples length mismatch from semantic
alignment and encourages closer correspon-
dence between speech and text representations.
Experiments across multiple benchmarks
demonstrate competitive performance against
strong baselines, underscoring the importance
of explicitly addressing structural differences
between speech and text in SLM training.
Our code is publicly available at https://
github.com/jaykim9870/Do_SLMs_
Hear_Speech_as_They_Read_Text.

1 Introduction

Spoken Language Models (SLMs) have attracted
significant attention as a paradigm for enabling
more general-purpose interaction with speech.
SLMs broadly encompass pure speech LMs,
speech+text LMs, and speech-aware text LMs,
which differ in how speech and text are represented
and modeled (Arora et al., 2025). In this work, we
focus specifically on speech-aware text LMs, which
combine a text LLM with a speech encoder to gen-
erate textual responses from speech and natural-
language instructions, and refer to this class as
SLMs throughout the paper. By processing speech
directly rather than relying on an explicit ASR–
LLM cascade, these models can mitigate error prop-
agation and preserve speech-specific information

such as acoustic and paralinguistic cues (Fathullah
et al., 2023; Wang et al., 2024a).

Prior studies (Tang et al., 2023; Wang et al.,
2023a; Yu et al., 2024; Pan et al., 2023) have shown
that when SLMs are trained on automatic speech
recognition (ASR) data to predict the transcription,
they tend to focus only on speech content while
ignoring textual instructions, a behavior referred to
as speech anchor bias (Yu et al., 2024) or task over-
fitting (Tang et al., 2023). To mitigate this issue,
prior works (Fathullah et al., 2023; Yu et al., 2024;
Kang et al., 2024; Lu et al., 2025b) leverage diverse
instructions by generating responses from text de-
scriptions of speech and training SLMs to repro-
duce the same behaviors directly from speech. This
behavior alignment strategy improves instruction-
following while allowing SLMs to capture par-
alinguistic information, even without updating the
LLM weights (Kang et al., 2024; Lu et al., 2025b).

However, these approaches primarily enforce
alignment at the behavioral level by encouraging
the same responses, while leaving the alignment
of internal speech representations implicit. Re-
cent studies have shown that current SLMs still ex-
hibit notable limitations, including difficulties with
instruction-following on Speech-IFEval (Lu et al.,
2025c), limited generalization of diverse tasks on
Dynamic-SUPERB (Huang et al., 2024b,a), and
a consistent performance gap relative to text-only
models on SpeechR (Yang et al., 2025). These ob-
servations raise a fundamental question: Do SLMs
Hear Speech as They Read Text?

We are motivated by this question and analyze
the internal representations of speech and text in
current SLMs. As detailed in Section 3.1, we
observe that even when SLMs perform well on
downstream tasks, their internal representations of
speech remain weakly aligned with text. This sug-
gests that, despite the strong semantic correspon-
dence between speech and its transcription, current
SLMs map speech into representations that remain
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structurally different from text embeddings.
We argue that structural differences between

speech and text are a key factor underlying this
discrepancy. Unlike text, speech is a continuous
and time-varying signal, which leads to longer and
structurally distinct representations compared to
text embeddings. Prior studies (Zhang et al., 2023;
Wang et al., 2023b; Tang et al., 2023) have recog-
nized these structural differences and have largely
focused on reducing the length of mapped speech
features to narrow this gap.

In parallel, other works have explored explic-
itly treating text embeddings as alignment targets,
by measuring an L2 distance using only a sub-
set of mapped speech tokens (Held et al., 2024)
or employing the Wasserstein distance (Züfle and
Niehues, 2024). Alternatively, another line of work
(Wang et al., 2024b; Deng et al., 2024) explicitly
aligns sequence lengths using a CIF mechanism
and applies an internal alignment loss. However,
this design requires the modality adapter to perform
length matching and semantic alignment simulta-
neously.

In this work, we propose a simple framework
that explicitly addresses structural differences be-
tween speech and text and encourages closer corre-
spondence between the two representations. Specif-
ically, during training, we dynamically match the
length of mapped speech features to text embed-
dings, thereby decoupling length matching from
semantic alignment. Building on this design, we
further incorporate a token-level internal alignment
alongside behavior alignment to encourage more
consistent correspondence between speech and text
representations. Experimental results across mul-
tiple benchmarks demonstrate that our approach
achieves competitive performance against strong
baselines, highlighting the importance of explicitly
addressing structural differences between speech
and text in SLM training.

In summary, our contributions are threefold:

• We analyze the internal representations of
speech and text in current SLMs and show
that they remain weakly aligned, even when
models perform well on downstream tasks.

• We propose a simple framework that decou-
ples length mismatch from semantic align-
ment and incorporates token-level internal
alignment, encouraging closer correspon-
dence between speech and text features.

• We demonstrate competitive performance
across multiple benchmarks, including com-
parisons with strong closed-source models,
highlighting the importance of explicitly ad-
dressing structural differences between speech
and text in SLM training.

2 Related Work

Researchers have explored SLMs with a variety of
input/output modality setups and training methods
(Arora et al., 2025). Here, we concentrate on the
line of research that generates textual responses
from speech inputs.

Early SLM research often involve single-task
training such as automatic speech recognition
(ASR) or automatic speech translation (AST)
(Lakhotia et al., 2021; Kharitonov et al., 2021;
Chang et al., 2022; Wu et al., 2023; Zhang et al.,
2023; Chen et al., 2024). More recent studies have
shown that involving multiple speech tasks can en-
hance SLMs with a broader understanding of spo-
ken language (Tang et al., 2023; Chu et al., 2024;
Deshmukh et al., 2023). These architectures in-
tegrate a pre-trained speech encoder and a large
language model with a modality adapter, and it is
common to freeze the pre-trained model (Fathullah
et al., 2023; Wang et al., 2023a; Kang et al., 2024)
or to apply lightweight LoRA-based fine-tuning
(Gong et al., 2023a; Wang et al., 2024a) to preserve
the rich knowledge in each component.

A central challenge when stitching an LLM with
a speech encoder is the mismatch between the en-
coded speech representation and the LLM’s input
space. This discordance arises not only from differ-
ences in semantic representations between speech
and text, but also from the substantially longer se-
quence lengths (Wang et al., 2024c). To address
this, many approaches introduce a modality adapter
that downsamples speech features (Fathullah et al.,
2023; Wang et al., 2023b; Ma et al., 2024; Li et al.,
2024), although such temporal compression may
not explicitly preserve higher-level linguistic struc-
ture. Some studies have proposed techniques to
match the length of speech representations to that
of the text transcription (Wu et al., 2023; Deng
et al., 2024; Ma et al., 2025; Wang et al., 2024b).

In addition to temporal mismatches, ensuring
robust instruction-following capabilities in SLM re-
mains a critical challenge. Studies have shown that
SLMs trained solely on ASR objectives overlook
textual prompts and focus exclusively on speech in-
puts (Tang et al., 2023; Wang et al., 2023a; Yu et al.,



(a) BLSP-emo (b) Qwen2-Audio-Instruct (c) Ours(Cos) (d) Ours(InfoNCE)
Figure 1: Token-wise similarity maps between Zs and Zt on LibriTTS (Zen et al., 2019) test-clean for BLSP-emo
(Wang et al., 2024a), Qwen2-Audio-Instruct (Chu et al., 2024), and our models. Existing SLMs show weak diagonal
patterns, whereas our model exhibits a clear diagonal trend by addressing structural difference between speech and
text. Non-diagonal activations correspond to identical text tokens appearing at different positions.

Model CKA
BLSP-emo (Wang et al., 2024a) 0.3570
Qwen2-Audio-Instruct (Chu et al., 2024) 0.4113
DiVA (Held et al., 2024) 0.3992
DeSTA2 (Lu et al., 2025a) 0.4302
Ours 0.6399

Table 1: Centered Kernel Alignment (CKA) metric be-
tween speech and text in the LLM input space.

2024; Pan et al., 2023). To address this, behav-
ior alignment frameworks have been introduced,
which generate synthetic instruction–response pairs
and then train the SLM on those examples (Fathul-
lah et al., 2023; Yu et al., 2024; Kang et al., 2024;
Lu et al., 2025b).

3 Method

3.1 Do SLMs Hear Speech as They Read
Text?

Given speech input s, SLMs encode the input using
a speech encoderEnc(·) and project the output into
the LLM input space with a modality adapter ψ(·).
Previous works have observed that when SLMs are
trained on paired data from automatic speech recog-
nition (ASR) (s, t) to predict transcriptions t from
speech s, as in Equation 1, they focus only on the
speech content while ignoring textual instructions,
a phenomenon called speech anchor bias (Yu et al.,
2024) or task overfitting (Tang et al., 2023).

Lasr = − logP
(
t | ψ(Enc(s))), (1)

To mitigate this issue, several works (Fathullah
et al., 2023; Yu et al., 2024; Kang et al., 2024; Lu
et al., 2025b) incorporate a diverse instruction set I .
Given text descriptions of speech t̃ and an instruc-
tion Ii ∈ I , the backbone LLM is used to generate a
target response yi, as formalized in Equation 2. The

text descriptions t̃ may include not only transcrip-
tions but also additional attributes such as emotion
or intent (Kang et al., 2024; Lu et al., 2024).

yi ∼ P
(
y | t̃, Ii

)
(2)

Then the SLM is trained to predict yi directly
from speech, as in Equation 3. This behavior align-
ment (Wang et al., 2023a) strategy has been shown
to improve the instruction-following capability of
SLMs, and demonstrates that models can capture
paralinguistic information even without updating
the LLM weights (Kang et al., 2024).

Lbehavior = − logP
(
yi | ψ(Enc(s)), Ii

)
, (3)

However, these behavior-alignment approaches
mainly encourage the model to produce the same
responses from speech inputs, while the alignment
between speech and text representations inside the
model remains implicit. Recent studies report that
current SLMs still struggle with simple instruction-
following (Lu et al., 2025c), and exhibit limited
generalization across dynamic tasks (Huang et al.,
2024b,a) compared to text-only LLMs. These ob-
servations motivate a fundamental question: Do
SLMs hear speech as they read text?

To examine this, we compare mapped speech
features Zs = ψ(Enc(s)) in the LLM input
space with text embeddings Zt. We first measure
their similarity using CKA (Kornblith et al., 2019;
Raghu et al., 2021), which measures shared sub-
space structure. Existing SLMs exhibit low CKA
scores (Table 1), which indicates limited structural
similarity between speech and text representations.

To obtain a more fine-grained perspective, we vi-
sualize the token-wise similarity maps between Zs

and Zt. As shown in Figure 1, existing SLMs ex-
hibit weak or inconsistent diagonal patterns. This
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Figure 2: Model architecture. Given a speech input, a frozen speech encoder extracts frame-level features, which are
mapped into the LLM input space with a windowed Q-former adapter. To explicitly resolve length mismatch, the
adapter dynamically allocates the number of query tokens to match the target text length during training, decoupling
length alignment problem from semantic alignment. The model is trained with behavior alignment, together with an
token-level internal alignment which encourages fine-grained correspondence between speech and text.

observation implies that the learned cross-modal
mapping in current SLMs may yield representa-
tions with a different structure from text, rather
than naturally aligning with them at the token level.

3.2 Persistent Structural Differences in SLMs

In this section, we take a closer look at structural
differences between speech and text that may con-
tribute to this discrepancy. That is, speech consists
of continuous and temporally varying signals and
the encoded speech Enc(s) ∈ RLs×ds is much
longer and structurally different from their textual
counterparts, which are discrete and symbolic.

Prior approaches reduce the length of mapped
speech features using convolutional layers (Zhang
et al., 2023; Das et al., 2024), downsampling (Wang
et al., 2023b; Gong et al., 2023b; Kang et al., 2024),
or a windowed Q-former (Tang et al., 2023; Wang
et al., 2025b; Mousavi et al., 2025). For example,
Qwen2-Audio (Chu et al., 2024) produces 25 to-
kens per second of audio, while DeSTA2 (Held
et al., 2024) yields 64 tokens regardless of input
length. However, such compression can merge mul-
tiple subword or phonetic units into a single token,
making the representation sensitive to temporal
variations such as hesitations, stuttering, elongated
vowels, or speaking rate changes. Recent methods
further explore length reduction using CTC posteri-
ors (Ma et al., 2025) or residual vector quantization
(RVQ) (Tseng et al., 2025), but they still primarily
focus on alleviating length mismatch as a way to

address speech-text structural differences.
In parallel, several studies have attempted to im-

prove cross-modal alignment by explicitly treat-
ing text embeddings as alignment targets. For in-
stance, DiVA (Held et al., 2024) measures an L2
distance using only a subset of mapped speech fea-
tures, while Züfle and Niehues (2024) employ the
Wasserstein distance to compare representations
with different lengths. Alternatively, methods that
explicitly align sequence lengths using CIF mech-
anisms allow KL divergence (Wang et al., 2024b)
or mean squared error (Deng et al., 2024) to be di-
rectly applied. However, these approaches rely on
additional objectives to train the CIF module itself
and require the adapter to perform length matching
and semantic alignment simultaneously.

3.3 Our Approach

In the previous sections, we show that existing
SLMs process speech differently from text (Sec-
tion 3.1), and that structural differences between
speech and text can persist (Section 3.2). In this
work, we argue that explicitly addressing these
structural differences can improve cross-modal
alignment between speech and text. To this end,
we introduce a simple framework that decouples
length mismatch from semantic alignment and en-
courages closer correspondence between speech
and text representations. Figure 2 illustrates the
overall architecture.

Our modality adapter ψ(·) is based on a win-



Benchmark Model

AIR-Bench

Chat-speech↑

SALMONN 6.16
BLSP 6.17
DeSTA2 7.16
Qwen2-Audio 7.18
Phi-4-Multimodal 7.47
Gemini-1.5-pro* 6.97
Gemini-2.0-Flash* 7.92
Ours 7.85

SpeechR

Multi-Choice↑ Generative-Procedural
(FC↑, LR↑, CoH↑)

Generative-Normative
(FC↑, LR↑)

SALMONN 34.73 (12.50, 1.90, 1.33) (34.75, 3.03)
Qwen2-Audio 12.83 (9.52, 1.50, 1.00) (31.25, 2.82)
Qwen2-Audio-Instruct 33.90 (25.00, 3.50, 2.16) (38.91, 3.46)
Gemini-1.5-Pro* 67.68 (83.04, 4.49, 4.47) (51.92, 3.58)
Ours 52.91 (73.51, 4.58, 4.79) (40.83, 3.12)

MMSU

Perception↑ Reasoning↑ Average↑

BLSP 28.36 44.77 35.96
DiVA 33.95 65.04 48.31
Qwen2-Audio-Instruct 39.02 68.90 53.27
Gemini-1.5-Pro* 46.10 76.16 60.68
Gemini-2.0-Flash* 40.83 59.18 51.03
Ours 38.39 70.31 53.85

Speech-IFEval

(CEQ↑, CW↑) CoT↑ Forgetting Rate↑

SALMONN (37.41, 61.25) 12.00 -50.20
BLSP-emo (66.35, 63.75) 50.50 -17.92
Qwen2-Audio-Instruct (41.59, 67.75) 32.00 -
DeSTA2 (83.71, 92.49) 91.50 -3.57
Ours (96.14, 69.50) 67.50 -12.18

Table 2: Performances on Air-bench chat, SpeechR, MMSU, and Speech-IFeval benchmarks. Best results are
highlighted in bold, and second-best results are underlined. For SpeechR, FC, LR, and CoH denote final correctness,
logical relevance, and coherence, respectively. For Speech-IFEval, CEQ, CW, and CoT indicate close-ended
question, creative writing, and chain of thought, respectively. Models marked with * are closed-source models.

dowed Q-former (Tang et al., 2023), in which
mapped speech features attend to speech represen-
tations via cross-attention and their output length
is determined by the learned query. Unlike prior
approaches that rely on a fixed rate of query alloca-
tion, we adopt a dynamic query allocation strategy
to adjust the length of mapped speech features. Dur-
ing training, we leverage speech–transcription pairs
(s, t) and allocate Lt queries to match the length of
the target text embeddings Zt ∈ RLt×d, explicitly
controlling the length of mapped speech features.
At inference time, we employ a lightweight speech
rate predictor (Yeo et al., 2025) to estimate the tar-
get token length from speech and allocate queries
accordingly. Details of the speech rate predictor
are provided in Appendix A.1, and its performance

is reported in Table 6. By decoupling length align-
ment from semantic alignment, this simple design
facilitates learning meaningful semantic correspon-
dences between speech and text.

We adopt behavior alignment and train our
model to generate the same LLM response y pro-
duced from the text descriptions of speech t̃, as de-
fined in Equation 3. Note that we randomly sample
instruction-response pair (Ii, yi) from instruction
set I during training, as illustrated in Figure 2, but
for brevity we omit the instruction index below.

Lbehavior = −
T∑

j=1

logP
(
yj | y<j , ψ(Enc(s)), I

)
(4)

In addition, we apply a fine-grained token-level
internal alignment loss between speech and text



Air-bench SpeechR MMSU Speech-IFeval Rel. ∆ (%) ↑

Ours(w/o Lbehavior) 7.59 47.33 52.45 -22.94 -16.20
Ours(w/o Linternal) 7.24 52.00 53.14 -17.68 -10.66

Ours(MSE) 7.66 48.46 53.63 -24.51 -15.59
Ours(InfoNCE) 7.48 48.75 53.67 -23.30 -15.39

Ours(Cformer) 5.07 36.13 39.97 -29.60 -48.71
Ours(FQA) 7.78 52.41 53.25 -18.26 -9.07
Ours(w/o SRP) 7.89 51.93 54.24 -14.64 -4.37
Ours(w/o SRP, GT) 7.85 53.05 53.69 -12.70 -1.07

Ours 7.85 52.91 53.85 -12.18 0.00

Table 3: Ablation study across four benchmarks. We report performance on each benchmark and relative changes
(%) with respect to the full model, where higher values indicate better performance.

Figure 3: Trade-off between representation similarity
and task performance across different values of λ.

representations. Specifically, we use a cosine sim-
ilarity loss, defined in Equation 5, to encourage
alignment between the length-matched speech and
text representations at selected token-level hidden
states h(ℓ)s and h(ℓ)t of the LLM. Since dynamic
query allocation matches the mapped speech se-
quence length to the target text length Lt during
training, the loss is computed over corresponding
token positions. We compute the token-level inter-
nal alignment loss at the input embedding layer, de-
noted as L(0)

internal, as well as at four evenly spaced
hidden layers, N/4, N/2, 3N/4, and N , where
N denotes the number of layers in the LLM. The
losses are obtained by averaging across layers.

L(ℓ)
internal =

1

Lt

Lt∑
j=1

(
1−

⟨h(ℓ)s,j , h
(ℓ)
t,j ⟩

∥h(ℓ)s,j∥2 ∥h
(ℓ)
t,j ∥2

)
. (5)

The final training objective is defined as below:

L = Lbehavior + λLinternal, (6)

where λ controls the relative strength of the
token-level internal alignment objective.

Figure 4: Effect of the number of instructions on model
performance.

4 Experiments

4.1 Implementation Details
We use a total of approximately 69,000 hours of
paired speech–text data, which includes diverse
speech-specific attributes. The instruction set I con-
sists of 18 instructions, constructed based on prior
work (Yu et al., 2024). For the LLM backbone,
we employ Qwen2.5-7B-Instruct (Team, 2024) and
use Whisper-large-v3 (Radford et al., 2022) as the
speech encoder. Further details on the datasets and
training are provided in Appendix A.1.

4.2 Benchmarks
AIR-Bench (Chat-speech) (Yang et al., 2024) con-
tains open-ended question–answer pairs designed
to evaluate instruction-following and generative in-
teraction capabilities from audio, and is presented
as the first generative benchmark for SLMs.
SpeechR (Yang et al., 2025) is designed to evaluate
speech-based reasoning capabilities of SLMs and is
constructed using synthetic speech data. SpeechR
evaluates three types of reasoning, factual retrieval,
procedural inference, and normative judgment, and
consists of three subsets of multiple-choice, gener-
ative, and acoustic-feature formats.



Model AIR-Bench Foundation AIR-Bench SpeechR↑ MMSU↑ CKA

Linguistic ↑ Speech-specific ↑ Chat-speech ↑

Ours (text input) 70.35 44.11 8.43 58.85 34.43 -
Ours (w/o Lbehavior) 53.09 47.90 7.59 47.33 52.45 0.6436
Ours (InfoNCE) 52.94 47.89 7.48 48.75 53.67 0.7113
Ours 53.33 50.63 7.85 52.91 53.85 0.6399

Table 4: Analysis of linguistic and speech-specific performance. The text-input variant performs strongly on
tasks primarily requiring linguistic content, but underperforms on tasks that rely more heavily on speech-specific
information.

MMSU (Wang et al., 2025a) is a comprehensive
benchmark that emphasizes the understanding of
speech with diverse acoustic and paralinguistic sig-
nals, and is mostly built on real-world speech data.
It contains 5,000 expert-annotated multiple-choice
questions spanning 47 tasks that cover both percep-
tion and reasoning.
Speech-IFEval (Lu et al., 2025c) is designed to
evaluate the instruction-following capability of
SLMs. It disentangles instruction-following from
speech perception and introduces instruction con-
straints that are independent of the speech content,
enabling a focused assessment of whether models
correctly follow textual instructions.

4.3 Main Results

Table 1 and Figure 1 show that our model exhibits
stronger structural similarity between two represen-
tations, as evidenced by higher CKA scores and
more consistent token-level similarity patterns.

Table 2 summarizes performance across four
benchmarks. Our model achieves competitive re-
sults on most benchmarks, including comparisons
with strong closed-source models.

SALMONN (Tang et al., 2023) employs a
window-level Q-former as a modality adapter and
introduces behavior alignment to mitigate task over-
fitting. Our model outperforms SALMONN on
most benchmarks, with a particularly large im-
provement in forgetting rate on Speech-IFEval.

Qwen2-Audio-Instruct (Chu et al., 2024) is
trained via a multi-stage pipeline with large-scale
pre-training, supervised fine-tuning, and prefer-
ence optimization. Despite using substantially less
training data, our model achieves competitive per-
formance and surpasses it on several subsets on
SpeechR and Speech-IFEval.

DeSTA2 (Lu et al., 2025a) augments textual de-
scriptions of speech using auxiliary models for bet-
ter training, and incorporates ASR output along
with the audio for inference. While DeSTA2 bene-

fits from transcription access, our model achieves
stronger performance on AIR-Bench and remains
competitive on Speech-IFEval.

Finally, our model demonstrates competitive
performance against strong closed-source base-
lines such as Gemini-1.5-Pro and Gemini-2.0-Flash
across multiple benchmarks. Overall, these results
suggest that explicitly addressing structural differ-
ences between speech and text can improve perfor-
mance across diverse tasks.

4.4 Ablation Study

In this section, we conduct controlled ablations on
key components of our model to analyze their con-
tributions and training dynamics. The results are
summarized in Table 3, where we report multiple-
choice accuracy on SpeechR, average scores on
MMSU, and the forgetting rate on Speech-IFEval.

4.4.1 Effects of Alignment Objectives and
Instruction Diversity

We first train variants of our model by removing
each term in Equation 6, and results are shown in
the top rows of Table 3. Both settings lead to over
10% performance degradation, with a larger drop
observed when excluding the behavior alignment.

We further analyze the effect of Linternal by vary-
ing λ. As shown in Figure 3, increasing λ con-
sistently improves CKA, indicating stronger rep-
resentational similarity between speech and text.
However, excessively large λ values lead to perfor-
mance degradation, suggesting that internal align-
ment is beneficial only at an appropriate strength,
as overly strong alignment can compromise overall
performance, potentially by reducing the preserva-
tion of speech-specific information.

Finally, we study the effect of instruction di-
versity by progressively expanding the instruction
set. Among the 18 instructions spanning six cate-
gories, we add one category at a time, with three
instructions per category. The categories are intro-



Emotional Speech
(Real) TextNeutralized Speech

(Qwen3-TTS)

Emotion: Frustrated

Emotional Speech
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Figure 5: Attention analysis on IEMOCAP across real speech, neutralized cloned speech generated by Qwen3-TTS
(Hu et al., 2026), and text. Brighter colors indicate higher attention weights from the input representations to
the corresponding emotion label. Our model shows clear activations around regions associated with emotional
expression in real speech.

duced in order of increasing semantic complexity:
Speech Recognition, Content Repetition, Continua-
tion, Keyword Extraction, Intent Recognition, and
Sentiment Analysis. As shown in Figure 4, perfor-
mance improves as instruction diversity increases,
with noticeable gains when more complex instruc-
tions such as Keyword Extraction are introduced.
These results suggest that adding instructions re-
quiring more structured understanding can further
improve performance, and that the best results in
our setting are obtained by combining behavior
alignment with token-level internal alignment. De-
tailed results are provided in Table 8.

4.4.2 Effect on Different Types of Token-level
Internal Alignment Losses

We explore different types of token-level internal
alignment losses and analyze their impact. In addi-
tion to Equation 5, we consider an MSE loss that
enforces alignment in Euclidean space and an In-
foNCE loss that introduces contrastive token-level
alignment. Specifically, for each speech token, we
treat the text token at the same index as a posi-
tive pair, while all other tokens serve as negative
pairs, excluding identical text tokens at different
positions from the negative set.

Table 3 (middle) summarizes the results. Both
variants degrade performance by approximately
15%, despite higher CKA scores (MSE: 0.6679,
InfoNCE: 0.7113). In particular, InfoNCE pro-
duces a clearer diagonal structure in the token-level
similarity maps (Figure 1) due to its contrastive
formulation. These results suggest that stronger
alignment can improve representational similarity
without necessarily improving performance, sug-
gesting that overly constraining speech represen-
tations toward text may interfere with information
that is not preserved in text. We examine this pos-
sibility in the following section.

4.4.3 Why Does Better Alignment Not Always
Lead to Better Performance?

To understand why stronger speech–text alignment
does not necessarily improve downstream perfor-
mance, we analyze linguistic and speech-specific
information separately. We use a text-input vari-
ant as a reference for linguistic information, pro-
viding ground-truth transcriptions when available
and Whisper-large-v3 transcriptions otherwise. We
additionally group the nine AIR-Bench Founda-
tion tasks into linguistic tasks (Speech Ground-
ing, Spoken Language Identification, Speech Entity
Recognition, and Intent Classification) and speech-
specific tasks based on whether they can primar-
ily be solved from linguistic content. We exclude
Speech-IFEval, whose forgetting-rate metric is de-
fined relative to text-input performance.

First, linguistic understanding alone does not
guarantee optimal downstream performance. As
shown in Table 4, the text-input variant performs
best on the linguistic subset of AIR-Bench Founda-
tion and strongly on AIR-Bench Chat and SpeechR,
but substantially worse on the speech-specific sub-
set and MMSU. This indicates that some speech
tasks additionally require acoustic and paralinguis-
tic information absent from text.

Second, stronger internal alignment objectives
do not necessarily lead to stable or effective train-
ing. Ours (InfoNCE) achieves higher CKA than
our final model but underperforms it across both
AIR-Bench Foundation subsets and other down-
stream benchmarks. Likewise, removing Lbehavior

and relying only on internal alignment causes sub-
stantial degradation, suggesting that overly strong
alignment can over-constrain speech representa-
tions toward text.

Together with Figure 3 and Section 4.4.2, these
findings suggest that internal alignment should
complement behavior alignment rather than be
maximized.



4.4.4 Effect on Different Query Allocation
Strategies

We analyze the impact of dynamic query allocation
(DQA) by comparing it with a fixed query alloca-
tion (FQA) strategy. Following prior work (Tang
et al., 2023), FQA assigns a constant number of 3
tokens per second of audio, whereas our approach
dynamically adjusts the number of queries based
on the target token length during training and uses a
speech-rate predictor (SRP) at inference. To isolate
the effect of each component, we consider two vari-
ants. Ours (FQA) replaces DQA with FQA during
both training and inference, while Ours (w/o SRP)
retains DQA during training but uses FQA only
at inference to simulate prediction errors in SRP.
Additionally, we compare with a CIF-based vari-
ant, Ours (Cformer) (Wang et al., 2024a), where
the modality adapter jointly learns to handle both
length mismatch and semantic alignment.

Table 3 (bottom) summarizes the results. Ours
(Cformer) shows a substantial performance drop,
highlighting the benefit of separating length match-
ing from representation alignment. Ours (FQA)
also exhibits significant degradation across most
benchmarks, whereas Ours (w/o SRP) results in
only minor performance loss. These results suggest
that the main benefit of DQA comes from length
matching during training rather than from precise
length prediction at inference.

4.5 How SLMs Understand Speech-Specific
Information

A potential concern with token-level internal align-
ment is that close alignment with text may hinder
the model’s ability to capture speech-specific in-
formation. While MMSU results suggest that the
model retains sensitivity to prosodic and paralin-
guistic cues, we further analyze how such informa-
tion is reflected internally.

We analyze this on the IEMOCAP (Busso et al.,
2008) dataset by prompting the model to classify
emotions from three types of inputs: real emo-
tional speech, neutralized cloned speech, and text.
The neutralized speech is generated using Qwen3-
TTS (Hu et al., 2026) by cloning the real speech,
while instructing the model to remove emotional
expression. To examine which parts of the input
contribute to the prediction, we compute attention
weights from the input to the emotion labels. Addi-
tional details are provided in Appendix A.2.

Figure 5 presents the results. For real speech,

strong activations appear around regions associated
with emotional expression. When the same utter-
ances are converted into neutralized speech, these
activations become noticeably weaker, suggesting
that the highlighted regions reflect emotional ex-
pression rather than lexical content alone. In con-
trast, text inputs show the strongest activations on
punctuation tokens. These findings suggest that,
despite token-level internal alignment, the model
still captures speech-specific cues absent from tran-
scripts. Additional examples and audio samples
are provided in the supplementary material.

4.6 Discussion
Our results show that speech-text alignment in
SLMs should be treated as a balanced objective
rather than a quantity to be maximized. While
moderate token-level alignment improves perfor-
mance, overly strong alignment can increase rep-
resentational similarity without improving down-
stream results. This highlights the need to preserve
speech-specific cues while encouraging linguistic
correspondence with text. Although our analysis in
Section 4.5 suggests that the model retains speech-
specific cues, understanding how SLMs encode and
balance linguistic content with such cues remains
an important direction for future work.

SLMs have also been extended toward broader
audio understanding beyond speech. In such set-
tings, it becomes hard to define a strong correspon-
dence analogous to speech–transcription pairs. In-
vestigating how Large Audio Language Models
(LALMs) can learn and align representations for
non-speech audio represents another promising di-
rection for future research.

5 Conclusion

In this work, we investigate how current Spoken
Language Models process speech relative to text
and find that their internal representations remain
weakly aligned, suggesting persistent structural dif-
ferences between the two modalities. We propose
a simple framework that addresses this issue by
decoupling length matching from semantic align-
ment and encouraging speech-text correspondence.
Experiments across multiple benchmarks show that
our approach improves representational alignment
while achieving competitive performance against
strong baselines. Our findings highlight the impor-
tance of addressing structural differences between
speech and text for more effective SLM training.



6 Limitations

As discussed in Section 4.6, this work has sev-
eral limitations. First, while our analysis shows
that explicitly mitigating structural differences be-
tween speech and text and modeling fine-grained
internal alignment can improve downstream perfor-
mance, as shown in Section 4.4, the extent to which
internal alignment should be encouraged may de-
pend on the target task, model architecture, and
training data. Thus, our findings should not be
interpreted as suggesting that improving internal
speech–text alignment alone will necessarily lead
to better downstream performance.

Second, although our analysis in Section 4.5
suggests that SLMs can retain speech-specific cues,
we do not fully characterize how linguistic content
and speech-specific information are jointly encoded
and balanced inside the model. A more detailed
analysis of this interaction remains an important
direction for future work.

Finally, this work focuses on speech–text corre-
spondence, where paired speech and transcription
data provide a natural basis for alignment. Extend-
ing the analysis to broader audio understanding
settings is less straightforward, since non-speech
audio often lacks a direct textual counterpart. In-
vestigating how Large Audio Language Models
can learn and align representations for non-speech
audio remains an interesting direction for future
research.
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Score Criterion

0 Useless: ignores the instruction or refuses to
respond

1 Poor: barely related, incomplete, or unhelpful

2 Weak: partially relevant but lacking clarity or
depth

3 Fair: mostly relevant and informative, but lim-
ited in quality

4 Good: relevant, coherent, and reasonably infor-
mative

5 Excellent: directly follows the instruction and
provides clear, useful content

Table 5: LLM-as-a-judge evaluation scale.

A Appendix

A.1 Further Details on Dataset and
Implementation

Table 9 summarizes the datasets used for training.
In addition to speech transcriptions, the datasets
include various speech-specific annotations such
as emotion, intent, and gender. These attributes
are jointly paired with the corresponding transcrip-
tions and are utilized during response generation,
as described in Equation 2.

Table 10 presents the instruction set I adopted
in our training framework. The instruction set is
largely based on prior work (Yu et al., 2024) but
the Speech Translation category is excluded in our
setting since it yields too many language pairs.

After response generation, we apply an ad-
ditional filtering step to remove low-quality re-
sponses using an LLM-as-a-judge strategy. Specif-
ically, we employ the same backbone model,
Qwen2.5-7B-Instruct (Team, 2024), to score each
instruction–response pair on a 5-point scale as
shown in Table 5. Only samples with a score of 3
or higher are utilized for training.

Our modality adapter ψ(·) is implemented us-
ing a Q-former architecture with a maximum query
length of 512. It adopts the same hidden dimen-
sionality as the LLM and consists of 2 transformer
layers with 4 attention heads. During training, we
freeze the speech encoder, and apply LoRA to the
LLM with conservative settings (r = 2, α = 2),
as we observed that larger LoRA configurations
led to excessive deviation in the LLM behavior.
Our model contains approximately 350M trainable
parameters.

Training is conducted on 8 NVIDIA H100 GPUs,
with a per-device batch size of 10 and 30 gradient
accumulation steps to stabilize the token-wise in-
ternal alignment loss. Our final model is trained

LibriSpeech LibriTTS IEMOCAP

L1 distance 8.198 4.073 4.071
Pearson Correlation 0.971 0.972 0.920

Table 6: Performance of our speech rate predictor across
datasets. We report L1 distance and Pearson correlation
with respect to ground-truth token lengths.

with λ = 0.1 for 8K training steps with a learn-
ing rate of 5 × 10−5. Optimization is performed
using AdamW with β1 = 0.9, β2 = 0.99, and
ϵ = 1e−08.

A.2 Additional Details for Speech-Specific
Information Analysis

We use the following instruction for the emotion
classification analysis:

“Please select the most appropriate emotion ex-
pressed in the following speech. Choose only from
<angry, happy, sad, neutral, frustrated, excited, fear,
surprise, disgust>. Respond with exactly one label
only.”

We construct the input prompts using a chat tem-
plate that includes both a system prompt and the
above instruction. For the purpose of analysis, the
ground-truth emotion label is appended to the input
sequence, allowing us to examine attention patterns
directed toward the label tokens. For each layer, we
average the attention weights across grouped-query
attention (GQA) heads and visualize the resulting
attention maps for both speech inputs and text tran-
scriptions.

In some emotion categories, the tokenizer splits
the emotion label into multiple tokens. In such
cases, we compute the average attention weights
across the corresponding label tokens and visualize
them as a single emotion label. In Figure 5, the
attention weights at the emotion label positions are
set to zero for clarity.

A.3 Artifact Licenses
We use publicly available datasets (Table 9), bench-
marks, and pretrained models in accordance with
their respective licenses and terms of use. The
benchmarks used in our experiments, including
Air-Bench, SpeechR, MMSU, and Speech-IFeval,
are used solely for research evaluation. We do not
redistribute the original datasets, benchmark data,
or model checkpoints. For pretrained models and
codebases, we follow the licenses and usage condi-
tions specified by the original authors or providers.



Air-bench SpeechR MMSU Speech-IFeval Rel. ∆ (%) ↑ CKA

λ = 0.0 7.24 52.00 53.14 -17.68 -10.66% 0.6044
λ = 0.1 7.85 52.91 53.85 -12.18 0.00% 0.6399
λ = 0.2 7.78 54.90 53.77 -13.81 -2.31% 0.6601
λ = 0.4 7.57 52.17 53.12 -17.48 -9.20% 0.6914
λ = 0.8 7.64 53.15 53.62 -17.66 -8.44% 0.7266
λ = 2.0 7.62 50.77 51.81 -23.62 -14.90% 0.744

Table 7: Ablation results across different values of λ. We report performance on multiple benchmarks along with
representation similarity (CKA).

Air-bench SpeechR MMSU Speech-IFeval Rel. ∆ (%) ↑

instructions=1 7.59 47.33 52.45 -22.94 -16.20%
instructions=2 7.64 48.04 52.22 -23.92 -16.27%
instructions=3 6.96 48.46 52.10 -27.71 -20.34%
instructions=4 7.53 48.66 53.77 -23.08 -15.09%
instructions=5 7.74 50.59 53.85 -21.51 -12.35%
instructions=6 7.85 52.91 53.85 -12.18 0.00%

Table 8: Ablation results with varying numbers of instructions. All metrics improve consistently as the number
of instructions increases, with the largest gains observed when instructions = 6. Higher is better for all metrics,
while Speech-IFeval is better when closer to zero.

Dataset Hours Information
GigaSpeech (Chen et al., 2021) 10,044.55 transcription, data source
DailyTalk (Lee et al., 2022) 21.67 transcription, emotion, action
LJSpeech (Ito and Johnson, 2017) 23.92 transcription
SLURP (Bastianelli et al., 2020) 26.27 transcription, intent, action, scenario
VCTK (Yamagishi et al., 2019) 43.89 transcription, age, gender, accent, region
Libriheavy (Kang et al., 2023) 51,024.12 transcription
LibriTTS (Zen et al., 2019) 585.83 transcription
Librispeech (Panayotov et al., 2015) 961.05 transcription
People’s speech (Galvez et al., 2021) 6,246.09 transcription
AniSpeech (ShoukanLabs, 2024) 34.79 transcription
EMNS (Noriy et al., 2023) 1.91 transcription, emotion, gender, age
EmoV-DB (Adigwe et al., 2018) 9.49 transcription, emotion
ESD (Zhou et al., 2021) 13.41 transcription, emotion
EXPRESSO (Nguyen et al., 2023) 10.18 transcription, emotion
Fair-Speech (Veliche et al., 2024) 55.55 transcription, gender, age, first language, socioeco-

nomic background, ethnicity
FSC (Lugosch et al., 2019) 14.72 transcription, action, object, location
GLOBE (Wang et al., 2024d) 611.99 transcription, accent, age, gender
IEMOCAP (Busso et al., 2008) 12.44 transcription, gender, speaking rate, pitch, relative

dB, emotion, emotion intensity
JL-Corpus (CLAPv2, 2025) 1.41 transcription, emotion, country
L2-ARTIC (Zhao et al., 2018) 27.51 transcription
MELD (Poria et al., 2019) 8.72 transcription, emotion
STOP (Tomasello et al., 2023) 116.59 transcription, gender, speaker nativeness, intent

Table 9: Summary of datasets



Category Instruction

Content Repetition
1. Repeat the provided speech, ensuring to maintain its original meaning and details.
2. Provide the speech exactly as given—do not alter wording, structure, or omit any
content.
3. Echo the content of the speech, maintaining its exact purpose and details.

Keyword Extraction
1. Extract the most frequently occurring words or phrases in the speech, excluding
common stopwords, to identify main topics.
2. Identify and list the most common words or phrases from the speech, omitting
typical stopwords, to highlight central themes.
3. Extract significant words or phrases that appear often in the speech, exclude basic
stopwords, to uncover the main subjects.

Intent Recognition
1. Determine the primary purpose of the speech and evaluate how clearly and
effectively the message is conveyed.
2. Identify the main intent of the speech and assess the clarity and effectiveness of
its delivery.
3. Assess the central purpose of the speech and evaluate the directness and impact of
its expression.

Sentiment Analysis
1. Determine the sentiment of the speech and identify which sections contribute most
to sentiment.
2. Evaluate the emotional tone of the speech and determine which segments primarily
affect the sentiment.
3. Assess the sentiment expressed in the speech and highlight which areas contribute
most to this feeling.

Continuation
1. Please write a coherent and engaging continuation of the given speech with less
than 50 words.
2. Compose a logical and captivating follow-up to the provided speech within 50
words.
3. Write a fluent and engaging continuation of the speech, limited to 50 words.

Speech Recognition
1. Provide the transcription according to the speech.
2. Convert the spoken language into a written transcript.
3. Write down the speech as a text transcript.

Table 10: Instruction Set
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