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Figure 1. Overview of Lyra. Lyra shows superiority compared with leading models in the following aspects: 1. Stronger performance.
Lyra achieves state-of-the-art results across a variety of modalities understanding and reasoning tasks. 2. More versatile. Lyra can directly
handle images, videos, and audio tasks even lasting several hours. 3. More efficient. Lyra is trained with less data and increases the speed,
reduces memory usage, making it suitable for latency-sensitive and long-context multi-modality applications.

Abstract

As Multi-modal Large Language Models (MLLMs) evolve,
expanding beyond single-domain capabilities is essential
to meet the demands for more versatile and efficient Al
However, previous omni-models have insufficiently explored
speech, neglecting its integration with multi-modality. We
introduce Lyra, an efficient MLLM that enhances multi-
modal abilities, including advanced long speech compre-
hension, sound understanding, cross-modality efficiency,
and seamless speech interaction. To achieve efficiency
and speech-centric capabilities, Lyra employs three strate-
gies: (1) leveraging existing open-source large models and
a proposed multi-modality LoRA to reduce training costs
and data requirements; (2) using a latent multi-modality
regularizer and extractor to strengthen the relationship
between speech and other modalities, thereby enhancing
model performance; and (3) constructing a high-quality, ex-
tensive dataset that includes 1.5M multi-modal (language,
vision, audio) data samples and 12K long speech sam-
ples, enabling Lyra to handle complex long speech in-
puts and achieve more robust omni-cognition. Compared
to other omni-methods, Lyra achieves state-of-the-art per-
formance on various vision-language, vision-speech, and
speech-language benchmarks, while also using fewer com-
putational resources and less training data.
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1. Introduction

With the rapid evolution in Large Language Models
(LLMs) [23, 28, 45, 59, 61], empowering the impressive
capabilities for multi-modality inputs is becoming an es-
sential part of current Multimodal Large Language Models
(MLLMs). However, most current MLLMs are limited to
just two modalities: either vision-language [2, 12, 27, 31,
32, 34, 37, 84] or speech-language [11, 16, 69]. OpenAI’s
recent release of GPT-40 [46], an advanced omni-modal
model, has reignited interest in intelligent assistants capable
of fine-grained visual perception, understanding spoken in-
structions, and generating vocal responses simultaneously.
It highlights a strong demand for MLLMs that integrate
more functions and modalities, such as visual, language,
speech, sound, and even other new abilities [7, 19, 67, 77].
Based on our study, most existing omni-models [7, 16,
19, 77] primarily focus on the relationship between speech
and text, without exploring connections between speech and
other modalities, such as vision. Consequently, speech-
related evaluation metrics are typically limited to text. In
this paper (Sec. 4.3), we observe that strong performance in
the speech-text modality does not necessarily imply good
performance in the speech-vision modality. Thus, we sug-
gest that omni-model evaluation should be speech-centric,
expanding its involvement with additional modalities.



To further enhance the speech capabilities of MLLMs,
we inevitably encounter the following challenges: First,
larger datasets (e.g., the extensive data required to train
models like LLaMA3 [15] and Qwen2-VL [64]) are needed
for both previous modalities and speech. Second, there is a
clear trend toward increasing context length across modal-
ities. More long-context benchmarks for specific modali-
ties are being proposed, including long-document [5, 9] and
long-video tasks [6, 18, 35, 66, 70, 80]. Last, building a
sufficiently powerful model may demand significant finan-
cial and computational resources, which raises environmen-
tal concerns related to high carbon emissions.

Combining the above three points, we propose Lyra, an
efficient and speech-centric framework for omni-cognition:

Leveraging existing open-source large models. We
efficiently start with powerful LLMs and VLMs, like
LLaMA3 [15] and Qwen2-VL [64], which already demon-
strate strong multi-modal capabilities. Through our multi-
modality Lo module, we can effectively preserve cer-
tain strong capabilities of open-source large models in spe-
cific modalities with minimal training data, while simulta-
neously developing their abilities in the speech modality.

Enhancing information interaction between modalities,
especially within the speech modality. 1) Considering the
implicit correspondence between speech and text, we pro-
pose latent cross-modality regularizer. 2) Based on instruc-
tions, we identify potential redundancy in context token in-
formation across multiple modalities. We further propose
atent multi-modality extractor to mine informative tokens,
which brings significant advantages in training speed, infer-
ence speed and GPU memory efficiency.

High-Quality Datasets for Omni-Cognition. Centered
on speech, we have constructed two types of high-quality
datasets: To enhance the model’s speech capabilities, we
collect and generate a multi-modal dataset of 1.5M text-
image-speech samples from diverse public sources, ensur-
ing a rich and varied data foundation; To handle longer
speech inputs and demands, we are the first to construct
a long speech dataset comprising 12K samples. Through
training, our model achieves robust omni-cognitive abilities
and can handle long speech inputs lasting several hours.

With these three improvements, Lyra offers the follow-
ing advantages (Fig. 1). More versatile: As shown in Ta-
ble 1, Lyra now supports both sound and speech under-
standing and generation, while also handling more com-
plex long speech cases. More efficient: Lyra achieves
faster training and inference speed across speech, image,
and video tasks. Compared to previous models, Lyra has a
smaller model size and is trained with less data. Stronger:
Lyra demonstrates enhanced omni-comprehension capabil-
ities over previous MLLMs, achieving state-of-the-art per-
formance in vision-language and vision-speech and speech-
language tasks simultaneously.
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Table 1. Function comparison of related work. SU, SG, and
LS represent speech understanding, speech generation, and long
speech support, respectively.

2. Related Work

Multi-modal Large Language Models. Recent advance-
ments in Large Language Models (LLM) and Multi-
modal Large Language Models (MLLMs) have pushed
the boundaries of human-computer interaction, expand-
ing their capabilities from text-based tasks to complex
multi-modality scenarios. Large Language Models, like
GPTs [45], LLaMA [15, 61] and Qwen [4, 71], have
demonstrated strong capabilities in textual understanding
and generation. Building on these foundations, Vision
Language Models [31, 34-39, 64, 65, 74] extend LLMs
with visual perception capabilities, leveraging advanced en-
coders [50] and high-resolution techniques to interpret vi-
sual inputs. Speech Language Models (SLMs) [52], includ-
ing SpeechGPT [78] and LLaMA-Omni [16], have intro-
duced real-time speech understanding and generation, with
advanced models enabling control over speech styles. Mov-
ing further, MLLMs [67] such as AnyGPT [77], VITA [19]
and EMOVA [7], integrate vision, text, and audio within a
unified architecture, enabling robust interaction across di-
verse modalities. The abilities and modalities of previous
leading MLLMs are listed in Table 1. In contrast, Lyra tack-
les complex scenarios, enabling seamless, dynamic multi-
modal interactions for rich, real-time Al experiences.
Token Reduction for MLLMs. Token reduction tech-
niques aim to improve the efficiency of LLMs and VLMs
by minimizing redundant tokens during inference and train-
ing. In LLMs, methods like Streamingl.LM [68] and Fast-
Gen [20] optimize memory usage by selectively retain-
ing essential tokens, while techniques like HyO [83], Scis-
sorHands [40] and Quest [57] use attention-based scoring
to prioritize valuable tokens. In VLMs, approaches such as
FastV [8] and VisionZip [73] reduce visual tokens to tackle
the high computational cost of image processing. Lyra gen-
eralizes token reduction to additional modalities such as
video and speech, where token lengths grow with longer
contexts. By analyzing the interplay between context and
instruction tokens, it incrementally removes redundancy to
boost efficiency without sacrificing performance.
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Figure 2. The framework of Lyra. Lyra supports multi-modal inputs. When the data contains a speech modality, we use the latent
cross-modality regularizer to assist. Data from each modality is processed through encoders and projectors before being sent into the LLM.
Within the LLM, multi-modality LoRA and latent multi-modality extraction modules operate synergistically, facilitating the simultaneous

generation of both speech and text outputs.

3.Lyra

As shown in Fig. 2, the overall architecture of Lyra is com-
posed of four main components: latent cross-modality reg-
ularizer, multi-modality LoRA, latent multi-modality ex-
tractor, and streaming generation. Lyra is designed as a
unified framework, with each component being easily and
efficiently extendable to support additional modalities and
functionalities. In this paper, Lyra primarily focuses on the
three modalities of audio (speech, sound), vision, and lan-
guage. Therefore, in the following subsections, we will pro-
vide a detailed introduction to the mechanisms of the fol-
lowing modules: latent cross-modality regularizer, multi-
modality LoRA, and latent multi-modality extractor. Due
to space limitations, streaming speech-text generation will
be detailed in Appx. B.5. Since speech contexts tend to be
lengthy, the integration of long speech capabilities will be
discussed at the end of this section. To ensure clarity in the
following discussion, let’s define some key notations: the
X|;) be the token of modality-:. For example, X« r€p-
resents the text token, X(imag0) represents the image token,
X [video] Tepresents the video token, Xspeech]> X [sound] F€P-
resents the speech and sound token, respectively.

3.1. Preliminary: Transcript v.s. Raw Speech

It is easy to conceive that the simplest way to enable speech
interaction with LLMs is through a cascaded system based
on automatic speech recognition (ASR) and text-to-speech
(TTS) models, where the ASR model transcribes the user’s
speech instruction into text, and the TTS model synthesizes
the LLM’s response into speech. However, these cascade-
based approaches (transcript) have several limitations, and
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the latest SLMs [16, 52, 78] have abandoned this approach
and adopted an end-to-end method to integrate the audio
modality into the LLM.

Computational efficiency and latency. Cascaded models
require loading and running the entire ASR model, e.g.,
Whisper has a 32-layer encoder and decoder, which in-
creases GPU memory by 4-10 GB compared to ours and
slows inference speed by about 2x. However, latency criti-
cally impacts the user experience in MLLMs [16, 69].
Greater flexibility and higher potential. Since current
SOTA ASR models cannot achieve 100% accuracy (around
90% in real-world scenarios), cascade-based approaches are
unable to correct errors during the audio encoding pro-
cess and instead directly input incorrect transcripts, which
limits the upper bound of speech processing capabilities.
Furthermore, systematic discrepancies between spoken lan-
guage patterns and textual representations (e.g., process-
ing multiple-choice question options, more examples are
given in Appx. A.2) are inherently challenging. Conven-
tional transcription models, constrained by their non-end-
to-end training paradigm, exhibit low performance and lack
the flexibility required for true speech understanding of
MLLM. In summary, we have placed the above specific
comparative experimental results in Table 2.

3.2. L.atent Cross-Modalit

For MLLMs, it is crucial to achieve effective alignment be-
tween tokens from each modality and LLM. As the view
from the speech modality, there is a high degree of informa-
tional overlap with the text modality. Specifically, consid-
ering only semantic information, speech can be converted
into its corresponding transcribed text. However, our exper-

egularizer



Evaluation Text-Image ‘Whisper-transcript Lyra (LCMR)
DocVQA (9B) 90.0% 84.1%(-5.9%) 85.6%(+1.5%)

AI2D (9B) 72.4% 60.8%(-11.6%) 66.4%(+5.6%)
InfoVQA (9B) 61.5% 55.5%(-6.0%) 56.8%(+1.3%)
Inference Timet 0.56 s/sample 1.39 s/sample(+148%) 0.73 s/sample(+30%)

DocVQA (74B) 91.0% 86.5%(-4.5%) 89.6%(+3.1%)

Table 2. Performance and efficiency comparison of text, Whis-

per v3 transcripts, and raw speech inputs on VLM benchmarks.
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Figure 3. Illustration of the DTW algorithm in our alignment.
Our goal is to make the speech tokens as similar as possible to the
corresponding translated tokens.
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iments from Table 2 (and Table 9 in Appx. B.1) have shown
that using speech with naive alignment training as the in-
struction (for speech instruction and image context) gen-
erally yields less effective results compared to using tran-
scribed text (text instruction and image context).

To address this, we aim to make the tokens from the
speech modality as similar as possible to the correspond-
ing transcribed text tokens before feeding them into LLM,
thereby minimizing the loss of relevant information. An-
other challenge arises from the variable length of speech:
a sentence can be spoken quickly or slowly while retaining
the same meaning in the text modality, leading to length dis-
crepancies. In general, the tokens produced by a speech en-
coder (like Whisper) tend to be much longer than the corre-
sponding text tokens (speech-to-text, STT), i.e., X[speech] €
R>E | Xgrr) € RS, L > S, d is the token dimension.
We define the latent distance between the [-th speech token
and the s-th SST token as:

dist(l, s) =—log SOftmaX(X[speech],zXEgTT],S/T) , (D

Where 7 is the temperature. To get the minimum distance
between two different length tokens, we follow the Dy-
namic Time Warping (DTW) algorithm:

Dl,s = diSt(l, 5) + min{Dl,s—la Dl—l,sa Dl—l,s—1}~ (2)

The illustration is shown in Fig. 3. We define the latent
cross-modality regularization loss as L1,cyr = ﬁD LS.
Finally, the total loss of the system becomes the combina-
tion of two losses: Liotal = Lo + ALLoMmR, Where Lcg is
the cross-entropy loss on LLM output, and A is a loss weight
hyper-parameter. LCMR introduces additional supervised
learning to optimize the audio encoder for more linguisti-
cally meaningful semantic features. Furthermore, LCMR
is more suitable for powerful unified audio encoders: The

naive Whisper encoder can only extract semantic features
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from the speech and audio, which is why we proposed
LCMR to Whisper. Currently, many new and powerful
audio encoder models, such as Moshi [14], SpeechTok-
enizer [82], and Encodec [13], produce two types of embed-
ding features from the input audio: the semantic features
and the acoustic features. Under such a unified situation,
LCMR can also be extended and applied to enhance the se-
mantic features learning, making the audio understanding
more powerful (refer to Table 2 and Appx. B.1, Table 9).

3.3. Multi-Modality Lo

The current open-source VLM (such as Qwen2-VL) is al-
ready quite powerful. With limited data quantity and qual-
ity, jointly training vision-speech-language modalities may
reduce the model’s original capabilities. Therefore, we
adopt an efficient multi-modality LoRA [26] pipeline. Re-
visiting the notation introduced at the beginning of this sec-
tion, we represent X|; as the token of modality-i. The
modality-¢ can be text, image, video, speech token, and
sound. Since our model involves joint training across multi-
ple modalities, here we define X[M] can be any combination
of the above different modality tokens. The output of multi-
modality LoRA can be written as:

H = (BpgApng + W)X,

Pipeline

3)

where W is the original weight of LLM, Ay and By is
low-rank adapter of combination-M. During training, our
Multi-Modality LoRA is integrated into each layer of the
LLM. Because each modality is trained using LoRA, the
process is highly efficient, achieving strong performance
with minimal data while preserving much of the original
model’s visual capabilities.

3.4. Latent Multi-Modality Extractor

As MLLMs expand their functionality and accommodate
longer contexts, efficiently using tokens within a limited



context window becomes essential to address the long-
context problem. We now consider the relationship between
non-text modalities and the text modality. In response to a
given question, many tokens from non-text modalities may
be largely irrelevant to the question itself. For example, as
shown in Fig. 2, only a subset of image tokens is relevant to
the instructed question. Similarly, for the video and speech
modality, only a portion of tokens from video and speech
directly corresponds to the question instruction.

We observe that in LLM training, the long-context ef-
fect brought by high-resolution images, lengthy videos, and
long audio (in the following subsection) often includes to-
kens with limited relevance, which not only increases the
computational load for training and inference but also con-
sumes unnecessary memory. To address this, we propose
dynamically selecting multi-modality tokens based on their
relevance to the text query, discarding redundant multi-
modality tokens. To achieve this, we introduce a latent
multi-modality information extraction strategy.

Concretely, instead of applying this strategy to every
layer, we implement a block-based manner. Suppose the
LLM consists of mn layers; we divide them into blocks of
m layers each, resulting in n blocks. At the final layer of
each block, we apply our following information extraction
strategy, which evaluates the similarity between the atten-
tion scores of tokens from each modality and the question
text tokens. We represent this with the following equation:

topk (softmax ( ) ) ,

where Qiext) denotes the query corresponding to text
modality tokens, and K[T\t ext] Tepresents the key corre-
sponding to tokens from other modalities. For clarity, let’s
assume that the length of multi-modality tokens KRtext]
is L. After passing through each block, we retain only
pL multi-modality tokens. From a block-wise perspective,
the token length decays exponentially, significantly reduc-
ing computational and memory costs. A similar mechanism
exists in the brain’s neural processing of complex informa-
tion [53]. Notably, text tokens can be extended to instruc-
tion tokens for other modalities, such as speech. This ex-
tractor enables us to handle long speech more efficiently.

Q[tEXt] KRtext]

4
Nz “4)

3.5.

There is a growing trend toward increasing the length of
single-modality content processed by models, such as long
text and long video inputs in MLLMs. However, exist-
ing MLLMs are limited in handling long speech due to the
constraints of speech encoders. Specifically, models like
Intern-Omni [47], VITA [19], and LLaMA-Omni [16] use
Whisper-like encoders, which restrict audio input to around
30 seconds. VITA and Mini-Omni, which employ more

ong Speech Capability Integration
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complex encoders, can process at most one minute of au-
dio input. This limitation largely stems from the lack of
suitable long speech SFT datasets and appropriate prepro-
cessing methods. To address this issue, we developed the
first SFT dataset for long speech understanding, aimed at
enhancing model capabilities in handling extended audio
content. Our dataset comprises about 12K long-form au-
dio recordings, with durations ranging from several min-
utes to two hours. These recordings were collected from
diverse YouTube sources, including informational videos,
interviews, and speeches, covering a wide range of top-
ics—from humanities and current events to technology and
society. With related transcripts, we utilized LLM to gen-
erate question-and-answer pairs derived from the captions
and instructions. These questions cover summarization and
other types of inquiries that encourage a comprehensive un-
derstanding of long speech content. The overall question
distribution and details are illustrated in Fig. 4.

Once the dataset was ready, we tackled the challenge
with the speech encoder. Inspired by high-resolution image
segmentation methods like LLaVA-NeXT [39], we adopted
a similar strategy to better handle the speech encoder for
long audio processing (illustrated in Fig. 4). However, un-
like previous speech cases, a new challenge emerged: for
a naive Whisper-v3 encoder, a 30-second audio clip is en-
coded into 1,500 tokens. Under typical short speech scenar-
ios, an LLM can handle 1,500 tokens comfortably. When
we consider long speech cases, such as a two-hour audio
clip, this would result in an astonishing 360,000 tokens,
which is beyond our processing capacity. Thus, it is es-
sential to consider compression techniques on speech to-
kens. We compress speech tokens by combining several
time-contiguous tokens into one token in the speech projec-
tor, using a view operation and multiple linear layers. The
token number is varied during both training and inference.
The experimental results are presented as follows:

#(Token)* 100 150 300 500 1500
TextVQAS  759%  768%  718%  780%  76.8%
MM-VetS 553%  544%  563%  58.8%  58.9%

The results indicate that having a higher number of speech
tokens provides certain benefits. However, beyond a cer-
tain threshold, the performance improvement becomes quite
limited. Taking into account both computational costs and
model performance, we ultimately decided to use the 300
compressed tokens version for extending the model to han-
dle long speech cases.

4. Experiments

In this section, we conduct a speech-centric evaluation, as-
sessing its integration with image, video, and text modal-
ities. We first outline our experimental framework, com-
mencing with the experimental setup. Subsequently, we
compare Lyra with leading methods on various benchmarks



Omni Comparison Text-Image Text-Video Image-Speech Text-Speech
Method Params.  TextVQA MME MM-Vet VidleoMME MVBench Egoschema TextVQAS  DocVQAS  ChartQAS LibriSpeech*
Mini-Gemini 8B 71.9 1989 53.5 - - - -

LLaVA-OV 7B 65.4 1998 57.5 58.2 56.7 60.1 -

Intern-VL2 8B 77.4 2211 60.0 54.0 66.4 - -

Mini-Omni 7B - - - 4.5
SALMONN 13B - - - 2.1
Qwen2-Audio 8B - - - 1.6
Intern-Omni 8B 80.6 2210 60.0 - - 69.1 79.9 56.0 -
VITA 66B - 2097 41.6 59.2 - - - - 8.1
EMOVA 14B 82.0 2205 55.8 - - - 4.0
Lyra-Mini 3B 78.3 1884 51.2 55.0 62.5 54.1 73.4 74.8 40.7 24
Lyra-Base 9B 82.6 2335 65.0 68.0 67.5 63.2 80.7 87.1 67.5 1.8
Lyra-Pro 74B 83.5 2485 71.4 69.9 72.3 75.8 81.0 89.4 68.5 1.7

Table 3. Omni-comparison on vision-language-speech benchmarks. Bench® indicates that it uses speech instruction as the input.

and qualitative results. Detailed component-wise analysis
(based on Lyra-Base) is given at the end of this section. For
more experiment details and results refer to our Appx. A.

4.1. Experimental Setup

Implementation Details. In this study, we instantiate Lyra
with the following designs and settings:

 Strong vision encoders and LLMs: Building on the
previously applied vision model Qwen2-VL’s ViTs and
LLMs [64], they can now process images of any resolu-
tion, dynamically converting them into a variable number
of visual tokens. We have also designed three versions: For
Lyra-Mini, we use Qwen2-VL 2B. For Lyra-Base, we apply
Qwen2-VL 7B. For Lyra-Pro, we choose Qwen2-VL 72B.
« Efficient audio encoder: We adopted Whisper-large-
v3 [51] (Lyra-Base and Lyra-Pro) and its light-weight ver-
sion, Whisper-large-v3-turbo (Lyra-Mini), which have been
trained on a large amount of audio data and has strong ca-
pabilities in speech recognition and translation.

* Four-stage training for omni-cognition: (refer to our
Appx. A for specific details) In the first stage, we conduct
text-to-speech pretraining to train the speech encoder. In
the second stage, we perform joint training on text, image,
and speech modalities to train the LLM along with the cor-
responding projectors. In the third stage, we train the LLM
to extend the model’s capability in handling long speech.
In the fourth stage, we train our speech generator, enabling
the model to simultaneously output text and corresponding
audio in a streaming manner.

Datasets and Evaluations. For model optimization, we
construct high-quality data for omni-understanding, long-
context speech, and speech generation.

* High-quality multi-modal dataset: Based on the Mini-
Gemini SFT [34] dataset, we carefully collected and ex-
tended a high-quality multi-modal dataset that covers com-
mon scenes and document images and speeches. It con-
tains about 1.5M open-source image-speech, text-image,
and text-speech instruction samples. To enhance the gen-
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eralization of speech modality, we utilize ChatTTS [1] with
varying configurations to generate different audios.

* Long speech SFT dataset: As mentioned in Sec. 3.5,
we constructed a delicate long speech SFT dataset for
long speech capability integration with 12K samples. The
dataset involves a distribution of longer audio durations and
covers a wide range of domains.

* Evaluation: Unlike the previous omni-model [7, 19],
which only tested text-to-speech capabilities, we employed
a more omni comprehensive evaluation that covers interac-
tions across the image, video, text, and speech modalities.

4.2. Main Results

Quantitative Results. In the quantitative analysis ex-
periments, we primarily compare our model with cur-
rent leading VLMs, such as Mini-Gemini [34], LLaVA-
OV [31], Intern-VL2 [10], and SLM, like Mini-Omni [69],
SALMONN [56], Qwen2-Audio [11], and Omni models in-
cluding Intern-Omni [47], AnyGPT [77], VITA [19], and
EMOVA [7]. The input modalities we compare are also the
most widely used, including text-image, text-video, image-
speech, and text-speech. Detailed results are presented in
Table 3. In calculating the total parameters of the model, we
considered all modality-specific encoders, projectors, and
related components. Our model includes three versions: a
mini version (3B), a base version (9B), and a pro version
(74B). Benefiting from multi-modality LoRA and Qwen2-
VL, our model maintains relatively high performance in
text-image and text-video tasks. For the speech modality,
as we mentioned in the Introduction part, previous mod-
els have evaluated the speech modality rather crudely, with-
out extensively testing metrics for interactions between the
speech modality and other modalities. Our model compre-
hensively outperforms existing omni models in both image-
speech (with an improvement of approximately 9%) and
text-speech (with an improvement of approximately 2%)
tasks. Additionally, our model is more lightweight, requir-
ing fewer training samples.



Effectiveness TexVQA MM-Vet LibriSpeech
Type S+1I T+I S+1I T+I S+T
Baseline - 82.3 - 62.8 -

Lci 76.7 79.5 53.1 61.1 1.9
LcE + ALLcMR 77.8 80.1 58.1 62.6 2.0

Table 4. Latent cross-modality regularizer. With our regular-
izer, the performance of both the speech-image (S+I) and text-
image (T+I) modalities improves, and the gap narrows.

Method Overall Short Medium Long
Baseline (7B) 62.8 73.8 62.3 523
Baseline + subtitle 64.4 76.2 63.4 534
LSCI (7B, solve 33%) 78.6 89.8 71.7 74.8
Baseline + LSCI 66.2 75.7 64.0 58.9
GPT-4o0 [46] + subtitle 71.1 82.8 76.6 72.1

Table 5. Effectiveness of long speech capability integration.
Lyra integrated with long speech ability, using only audio input,
can handle one-third of VideoMME cases, and its accuracies on
long, medium, short metrics are better than the current best VLM.

Qualitative Results. To ascertain the omni comprehension
prowess of Lyra in real-world settings, we apply it to a vari-
ety of understanding and reasoning tasks in the bottom left
part of Fig. 1 and our Appx. C, Figs. 12-15. By contrast,
Lyra can well solve more complex multi-modality cases.

4.3. Component-Wise Analysis

Latent Cross-Modality Regularizer. We first delve into
the proposed latent cross-modality regularizer and report
results in Table 4. It is clear that the model achieves sig-
nificant gains for both speech-image inputs and text-image
inputs, with the regularizer integrated as an assistance be-
tween speech modality and text modality. In the train-
ing of the image-speech-text tri-modal model, introducing
the L1,cmr significantly enhances the performance of both
image-speech and image-text alignments, reducing the gap
between them. We also observe that with only Lcg, image-
text performance lags behind image-speech by 8% on the
MM-Vet benchmark. However, the performance of speech-
text remains relatively unchanged whether using the CE
loss or joint loss. Therefore, previous omni models [7, 19]
that assessed the speech modality just based on the Lib-
riSpeech [48] WER metric for speech-text alignment are
rather arbitrary. We need to evaluate the performance of
the speech modality alongside other modalities to accu-
rately measure the effectiveness of omni-models. This also
demonstrates the effectiveness of our L,cpmr. More abla-
tions of hyper-parameter A and speech/audio improvement
results are shown in Appx. B.1, Tables 9 and 11.

Latent Multi-Modality Extractor. For the latent multi-
modality extractor (LMME) module, we focus primarily on
its effectiveness and efficiency in multi-modal tasks.

First, to verify the effectiveness of our extractor mod-
ule, we examine the retention of multi-modal tokens. We
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Modality Benchmark Baseline + SFT + MLoRA
TextVQA [54] 82.3 81.3 82.6
Image MME [17] 2332 2275 2335
MMMU [76] 49.2 48.7 50.8
VideoMME [ 18] 62.8 61.0 62.8
Video MVBench [33] 66.7 66.8 67.2
EgoSchema [42] 62.4 63.5 63.2
TextVQAS [54] - 77.8 80.0
Speech DocVQAS [60] - 84.0 84.6
MM-Vet® [75] - 54.0 60.0

Table 6. Effectiveness of multi-modality LoRA (MLoRA). For
powerful pretrained models, adding a new modality can impair the
abilities of other modalities. MLoRA can effectively address it.

primarily assess three types of tokens: image tokens, video
tokens, and speech tokens. The specific visualizations are
shown in Figs. 5 and 10. As seen in the figures, our model
ultimately retains only about 10%-25% of the tokens across
all three modalities. Moreover, the retained token positions
are highly relevant to the user-provided instructions, effec-
tively helping to remove information unrelated to the in-
structions and thereby accelerating training and inference.
We also have included more performance and comparisons
with FastV [8], related to LMME in Appx. B.2, Table 10.

Second, we analyze its efficiency with the examined
metrics including prefill time, tokens-per-second (TPS),
FLOPs, and memory usage on the GPUs. The detailed com-
parison is shown in Appx. B.2, Tables 14 and 12.

Long-Speech Capability Integration. After performing
SFT on our long speech 12K data mentioned Sec. 3.5, we
design the following experiments to validate the capabilities
in processing long speech and latent multi-modality extrac-
tion, given the current lack of a long speech benchmark.
The first experiment is the long speech “Needle in a
Haystack” evaluation. We selected five audio files, each
more than three hours in length, and inserted open-ended
audio questions and answers at various points throughout
the files. The results are shown on the left side of Fig. 6.
According to the figure, we observe that, without enhanc-
ing long-speech processing capabilities, the model can han-
dle up to approximately eight minutes of audio. Beyond that
length, it fails to generate a proper output (Fig. 6a). How-
ever, with SFT on our Lyra long speech 12K data, the model
can handle audio lengths of up to 4,500 seconds. With au-
dio exceeding 4,500 seconds, the model’s memory usage
surpasses the limit (Fig. 6b). By leveraging the latent multi-
modality extractor module, we achieve the ability to process
even longer audio, extending up to and beyond two hours
(Fig. 6¢). Additionally, In Fig. 6d, we visualize the token-
level attention retention and variations for the “needle” with
the information extractor module, under the same question
instructions. Notably, we can see that as the needle is placed
in different locations, the information extractor module dy-
namically adjusts the attention distribution accordingly.
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Figure 5. Visualization of latent multi-modality extractor in audio modality. Through latent multi-modality information extraction,
semantic tokens related to the instruction are retained, reducing the computational cost of the MLLM. More visualizations of the image
and video modality and different blocks can be found in Appx. B.2 and Fig. 10.
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Figure 6. Comparison of needle in long speech haystack (average with five samples). (a) The baseline model can not retrieve right
needles after 450 seconds. (b) Model finetuned on our long speech datasets can not retrieve right needles after 4,500 seconds and achieves
96% accuracy in 4,500 seconds. (c) Our latent extractor, trained on our long speech datasets, can retrieve longer audio (9,900 seconds),
and presents 98% accuracy in 4,500 seconds. (d) As the position of the needle changes, the attention in our model also shifts accordingly.

The second experiment is based on VideoMME. This
benchmark includes videos ranging from 30 seconds to one
hour. We first extract the audio from these videos and feed
only the audio data into our long speech model to obtain
predictions and perform the VideoMME evaluation. Along
with generating predictions, we also require our model to
output whether it can answer the question based on the au-
dio alone. Specific results are shown in Table 5. From the
table, it is evident that long audio can resolve about one-
third of the test samples, with model accuracy exceeding
78%, significantly outperforming the 7B model. We inte-
grate the long-speech output into our Lyra model, which
ultimately performs better than using subtitles alone.

Multi-Modality LoRA (MLoRA) Pipeline. The effective-
ness results of MLoRA are presented in Table 6. Com-
pared to multi-modal SFT, MLoRA maintains better orig-
inal vision performance while enhancing the capability in
new modalities like speech. Additionally, our framework is
more efficient, achieving better results with less data (67%).

VITA EMOVA
5M samples 4M samples

Intern-Omni
27M samples

Lyra
2.7M samples
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5. Conclusion

In conclusion, Lyra marks a major advancement in MLLMs
by efficiently integrating speech, vision, and language with
lower computational costs (less data, faster speed). We em-
phasize speech to improve its interaction with other modal-
ities. With our proposed modules and high-quality SFT
datasets, Lyra achieves state-of-the-art results on vision-
speech, speech-language, and vision-language benchmarks,
which offer a more comprehensive omni-modal evaluation
than prior work. Our findings highlight the critical role
of speech in multimodal understanding, which previous
MLLMs have underutilized. We hope it inspires further ex-
ploration of speech, especially long-form, in MLLMs.
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