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Abstract

In recent years, applying multi-modal large language mod-
els (MLLMs) in various fields has achieved remarkable suc-
cess. However, as the foundation model for many downstream
tasks, MLLMs comprise the well-known Transformer net-
work, which has a less efficient quadratic computation com-
plexity. In this paper, we introduce Cobra, a multi-modal
large-scale language model built upon a state-space model,
which has demonstrated significant potential in efficiently
handling long sequences with fast inference and linear scal-
ability concerning sequence length. Specifically, Cobra in-
volves replacing Transformer-based backbone models (e.g.,
LLaMA or Phi) with pre-trained Mamba language models.
We then empirically explore effective strategies for align-
ing visual and textual modalities and integrating various pre-
trained Mamba model variants with visual encoders. Exper-
iments across various multi-modal benchmarks demonstrate
that: (i) Cobra performs 3x ~ 4x faster than the most com-
putationally efficient state-of-the-art methods, e.g., LLaVA-
Phi and MobileVLM v2. Additionally, its performance is sig-
nificantly enhanced thanks to the implementation of linear se-
quential modeling. (ii) Cobra fine-tunes a small parameter (~
48% of model parameters), leading to a significant improve-
ment in overall performance compared to LLaVA.

Code — https://github.com/h-zhao1997/cobra

1 Introduction

Multi-modal large language models (MLLMs) have re-
cently achieved impressive results across a variety of down-
stream tasks, including multi-modal content generation (Lu
et al. 2022; Wu et al. 2024), vision-based question answer-
ing (OpenAl 2023; Gao et al. 2023; Liu et al. 2023b,c),
and embodied intelligence (Brohan et al. 2023; Kim et al.
2024; Ding et al. 2024). By effectively aligning pre-trained
large language models with visual modalities, MLLMs have
demonstrated a strong ability to comprehend and navigate
complex visual-language contexts. These advancements not
only highlight the versatility of MLLMs but also pave the
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way for further research into more nuanced and sophis-
ticated applications. For example, as MLLMs continue to
evolve, there is potential for significant improvements in ar-
eas such as real-time interaction in dynamic environments,
cross-modal retrieval tasks, and the seamless integration of
language and visual processing in everyday technology.

MLLMs typically rely on the well-known Transformer
network as a foundational model for many downstream
tasks. However, due to their quadratic computational com-
plexity, Transformer networks are often less efficient, mak-
ing it challenging to meet the demands of application scenar-
ios that require high real-time performance and are suitable
for edge deployment. As shown in Figure 1 (d), the MoE-
LLaVA (Lin et al. 2024) model can process only 20.33 to-
kens generated per second, indicating a low processing effi-
ciency. Despite these challenges, there remains a significant
demand for MLLMs in such areas. Therefore, the ability
to deploy MLLMs that support fast inference with low
resource utilization is particularly crucial.

Traditional approaches have primarily focused on improv-
ing the efficiency of MLLMs by reducing model capacity
or compressing the length of the visual context while gen-
erally maintaining the Transformer architecture within the
language model (Zhu et al. 2024; Zhou et al. 2024; Zhang
etal. 2024; Chu et al. 2023, 2024; Lin et al. 2024). For exam-
ple, LLaVA-Phi (Zhu et al. 2024) builds a multi-modal base
model using a small-scale Phi-2 as the core language model.
MobileVLM (Chu et al. 2023, 2024) utilizes MobileLLaMA
as its base model, training a series of smaller-scale language
models based on the LLaMA architecture. These methods
aim to enhance the inference speed of MLLMs by reduc-
ing the size of the language models. Although this approach
improves efficiency, it often comes at the expense of sig-
nificantly reduced model performance. In Figure 1 (b), Mo-
bileVLM v2-3B (Chu et al. 2024) has the worst performance
on all MLLM benchmarks compared to the other models.

In this paper, our primary goal is to enhance the infer-
ence speed of multi-modal large language models (MLLMs)
while ensuring their performance remains uncompromising.
To achieve this, we propose Cobra, which integrates the
Mamba large language model and utilizes the linear scal-
ability of state-space modeling (SSM). This approach ef-
fectively addresses the quadratic computational complex-
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Figure 1: Overview of Cobra. (a) Our innovative integration of a vision encoder with the efficient Mamba language model
significantly enhances the reasoning efficiency of MLLMs. (b) Cobra demonstrates competitive performance on general MLLM
benchmark tests. (c) Cobra generates accurate textual descriptions (e.g., green text indicates a correct answer), outperforming

&

current state-of-the-art MLLMs that produce inaccurate answers (shown in red text) while maintaining rapid reasoning speeds.
(d) A comparison of our proposed Cobra and the baseline in terms of the number of tokens generated per second.

ity inherent in traditional Transformer architectures. Specif-
ically, Cobra consists of three key components: a vision en-
coder that concatenates DINOv2 (Oquab et al. 2024) and
SigLIP (Zhai et al. 2023) features, a projector that maps
visual features to the language embedding space and the
Mamba LLM backbone, as shown in Figure 1 (a) and Fig-
ure 2. In Figure 1 (c), Cobra performs 3x ~ 4x faster than
MobileVLM v2-3B. Interestingly, Cobra can generate more
accurate responses, as highlighted by the text in green, effec-
tively mitigating the hallucination problem commonly seen
in MLLMs. Even compared to the much larger LLaVA v1.5
model with 7 billion parameters, Cobra still performs com-
parably on several specific benchmarks with about 48% of
the parameters. Our main contributions are summarised:

e We investigate that existing MLLMs typically rely on
Transformer networks, exhibiting a quadratic compu-
tational complexity. To address this inefficiency, we
present Cobra, a novel MLLM with linear computation.

Our research investigates various multi-modal fusion
strategies to enhance the integration of visual and lan-
guage within the Mamba LLM. Extensive experiments
evaluate the effectiveness of different fusion approaches.

Extensive experiments are conducted to evaluate the per-
formance of Cobra in comparison to concurrent studies
aimed at improving the computational efficiency of foun-
dational MLLMs. Notably, Cobra-3.5B even achieves
comparable performance to LLaVA with fewer parame-
ters, underscoring its efficiency. Cobra-8B surpasses the
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LLaVA v1.5 model of similar size on all tested bench-
marks, achieving an average accuracy improvement of
approximately 6%. It also remains faster in inference
compared to MobileVLM v2-3B.

2 Related Works

2.1 Multi-Modal Large Language Models

Building on the success of large language models (LLMs),
numerous extensions have been developed to apply LLMs
to multi-modal tasks, integrating information from multiple
sources such as text, images, and audio to enable compre-
hensive understanding and reasoning across different modal-
ities (Chu et al. 2023; Liu et al. 2023b; Taori et al. 2023;
Bai et al. 2023; Alayrac et al. 2022; Awadalla et al. 2023;
Liu et al. 2023c; Chen et al. 2023b). These models leverage
vast amounts of data and intricate architectures to achieve
state-of-the-art performance in tasks such as image caption-
ing (Ke et al. 2019), visual question answering (Antol et al.
2015) and cross-modal retrieval (Hendriksen et al. 2023).
Recent advances have harnessed the formidable reasoning
power of LLMs such as LLaMA (Touvron et al. 2023) and
Vicuna (Chiang et al. 2023). However, a notable common-
ality among existing MLLMs is their reliance on the Trans-
former backbone to model dependencies among sequential
tokens. Despite the Transformer network’s exceptional ca-
pability in capturing relationships within data, its quadratic
computational complexity presents a significant drawback,
particularly when dealing with large-scale language models.



To mitigate this problem, several studies have been pro-
posed to present more compact and efficient MLLMs (Zhu
et al. 2024; Zhou et al. 2024; Zhang et al. 2024; Chu et al.
2023, 2024). For example, LLaVA-Phi (Zhu et al. 2024)
builds a multi-modal foundation model taking the small-
scale Phi-2 as the LLM. MobileVLM (Chu et al. 2023, 2024)
introduces MobileLLaMA as the base model which trains a
family of small-scaled LLM based on LLaMA architecture.
However, these methods achieve effective MLLMs by us-
ing smaller-scale LLMs that significantly reduce the perfor-
mance while increasing the speed of inference.

2.2 State Space Models

State space models (SSMs) have demonstrated highly
promising performance across various tasks, including long-
range sequence modeling (Smith, Warrington, and Linder-
man 2023; Hasani et al. 2022), image generation (Yan, Gu,
and Rush 2023; Bellagente et al. 2024) and reinforcement
learning (Bar-David et al. 2023; Lu et al. 2023). One of the
key advantages of SSMs is their flexibility, as they can be
formulated as recurrent neural networks (RNNs) for efficient
inference or as models capable of parallel processing entire
input sequences, enabling more efficient training.

Recently, a new selective SSM structure called
Mamba (Gu and Dao 2023) has been introduced, which
is regarded as a strong competitor to the Transformer
architecture. Compared to LLMs of similar capacity,
Mamba-based language models (Dao and Gu 2024; Waleffe
et al. 2024) demonstrate competitive performance with a
distinct advantage: their inference speeds scale linearly
with sequence length while maintaining constant memory
usage. This efficiency allows Mamba to handle long con-
texts and perform inference more effectively. In contrast,
Transformer-based models face challenges such as increas-
ing GPU memory consumption and computation time that
grows quadratically with sequence length (Katharopoulos
et al. 2020). In this paper, we conduct an in-depth explo-
ration of extending Mamba-based LLMs into practical
and efficient MLLMs. Through extensive experiments, we
examine the distinctive characteristics of Mamba MLLMs
and develop efficient training strategies to significantly
enhance their performance.

3 Methodology

This section introduces the preliminary concepts of state
space models (Section 3.1). Then we describe the details of
our proposed Cobra (Section 3.2), which mainly includes the
vision encoder, the projector, and the Mamba LLM.

3.1 Preliminaries

Traditional state space models (SSMs) (Gu, Goel, and Ré
2022; Smith, Warrington, and Linderman 2023) are charac-
terized by the parameters (A, A, B, C'). Given a continuous-
time scalar input signal z(t), the SSM can be described by
the following ordinary differential equation:

B (t) = Ah(t) + Bx(t), (la)
y(t) = Ch(1), (1b)

where the parameters of the SSM, A € RV*N B ¢ RVx1
and C' € RV represent constant matrices. The variables
h, z, and y are continuous-time variables concerning time ¢,
representing the hidden state, input, and output.

In practice, the SSMs operate in a discretized form to han-
dle input sequences, and we use a mixer layer that constructs
an SSM for each input channel independently. A is a time-
scale parameter that helps transform A and B into discrete-
time parameters A and B, respectively. The discretization
rule for A and B with the zero-order hold is as follows:

A =exp(AA), (2a)
B = (AA) " (exp(AA) —I)- AB. (2b)

Thus, the structured SSM can be summarized as the fol-
lowing recurrence form in Equation(3a) and (3b):

hy = th—l + Exk., (3a)
yr = Chy. (3b)

The model can also be written as the convolution form
(4a), (4b) to process the sequence in parallel:

K= (CE, CAB,... CA"B, .. ) (4a)
y=xxK (4b)

Based on the structured SSM, the selective SSM (Gu and
Dao 2023) is further introduced to endow the model with
the ability to selectively propagate or forget information ac-
cording to the sequential input tokens. Specifically, the se-
lective SSM achieves these functions by making the param-
eters (A, B, C) depend on the input x, which significantly
enhances the model’s expressive capacity. Gu et al. (Gu and
Dao 2023) proposed a hardware-aware algorithm called se-
lective scan to allow efficient implementation of the model.

3.2 Cobra Model

To accomplish the purpose of building a multi-modal large
language model (MLLM) that is capable of receiving visual
information, we introduce Cobra as illustrated in Figure 2.
Cobra consists of three key components: a vision encoder,
a projector, and a Mamba LLM backbone. We present the
implementation details for each component below.

* Vision encoder: We fuse DINOv2 (Oquab et al. 2024)
and SigLIP (Zhai et al. 2023) as our vision backbone.
The intuition is that combining the visual representations,
which capture low-level spatial properties from DINOv2
and the semantic properties provided by SigLIP further
improves the performance on downstream tasks (Tong
et al. 2024; Karamcheti et al. 2024). Considering an
image X, € RE*HXW a5 input, the vision encoder
splits the image into N, = HW/P? same-size patches,
where P? is the patch size. Both two vision encoders
take the patchified image as an input token sequence
and extract the channel-wise concatenation of the out-

put of two encoders as the compact visual representations
R, € RNvXx(Dpinovz+DsigLip) .

R, = [epinova (Xy); sigrip (Xu)], %)
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Figure 2: Cobra model architecture. Given an image observation and a language instruction, the model generates the corre-
sponding answer. The architecture consists of three key components: (I) a vision encoder that concatenates DINOv2 (Oquab
et al. 2024) and SigLIP (Zhai et al. 2023) features, (2) a projector that maps visual features to the language embedding space and
(3 the Mamba LLM backbone, a Mamba 2.8 or 7B-parameter large language model (Gu and Dao 2023; Mercat et al. 2024).

for a subsequent task-specific head, where D, denotes
the dimension of the above-produced tokens.
Projector: The projector is a simple learnable module that
aligns the feature of vision and text by transforming the
dimension of the original visual representation to the di-
mension of the tokens in the Mamba language model:
H, = ¢(R,). (6)
We introduce two implementations of the different pro-
jectors in Cobra to map visual tokens into the same la-
tent space as the language tokens. The multiple-layer per-
ceptron (MLP) can be used to merge information from
different modalities. In addition, the lightweight down-
sample projector suggested by (Chu et al. 2024) is also
tested to achieve a greater reduction in computation cost.
Mamba backbone: The Mamba backbone is a stack of
multiple identical basic blocks with the short convolu-
tion, SSM module, the residual connection, and RM-
SNorm (Zhang and Sennrich 2019) for each block. The
model receives the concatenation of visual embeddings
transformed from the projection layer and text embed-
dings, denoted as H € RZin*P and transforms this se-
quence into target token sequence Y = {y;}£ , in an
auto-regressive manner:

L]

L
p(Y|H,, Hy) = [ [ p(vil Ho, Hy, y<i)-
i=1
Lastly, the tokens will be detokenized to the response an-
swer in natural language.

N

3.3 Training Recipe

Recent research (Karamcheti et al. 2024) suggests that the
pre-alignment phase may be unnecessary in the LLaVA-
based training paradigm (Liu et al. 2023b; Chu et al. 2024)
(i.e., training only the pre-alignment phase of the projection
layer and fine-tuning the large language model (LLM) for
one epoch each). It has been observed that even after fine-
tuning, the model remains underfitted. In light of this, we
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Vision Encoder DINOV2 + SigLIP ViT-SO
LLM init. Mamba-2.8b-Zephyr / Mamba-7B
Projector init. Random

Image resolution 384 x 384

Image token num. 729

Global batch size 128

Training steps 19K

Optimizer AdamW

LR schedule Cosine decay

Learning Rate 2e-5

Weight decay 0.1

Warm-up ratio 0.03

Number of epochs 2

Table 1: The configuration of models and hyperparameters.

chose to eliminate the pre-alignment stage and instead di-
rectly fine-tune the entire LLM backbone and the projec-
tor. This fine-tuning process spans two epochs, with random
sampling conducted on a combined dataset comprising:

1. The mixed dataset used in LLaVA v1.5, which con-
tains a total of 655K visual multi-turn conversations includ-
ing academic VQA (Goyal et al. 2017; Hudson and Man-
ning 2019; Krishna et al. 2016; Singh et al. 2019) sam-
ples, as well as visual instruction tuning data in LLaVA-
Instruct (Liu et al. 2023c) and pure text instruction tuning
data in ShareGPT (ShareGPT 2023).

2. LVIS-Instruct-4V (Wang et al. 2023), which contains
220K images with visually aligned and context-aware in-
structions generated by GPT-4V.

3. LRV-Instruct (Liu et al. 2023a), a 400K visual instruc-
tion dataset that covers 16 vision-and-language tasks aiming
on mitigating hallucination.

Overall, the entire dataset contains approximately 1.2 mil-
lion images, corresponding multi-turn dialogue data, and
pure text dialogue data.



Model LLM Backbone Res. VQA-v2 GQA VizWiz TextVQA VSR POPE
Large Scale MLLMs
OpenFlamingo (Awadalla et al. 2023) MPT-7B 336 52.7 - 27.5 33.6 - -
BLIP-2 (Li et al. 2023a) Vicuna-13B 224 - 41.0 19.6 42.5 50.9 -
MiniGPT-4 (Zhu et al. 2023) Vicuna-7B 224 322 - - - - -
InstructBLIP (Dai et al. 2023) Vicuna-7B 224 - 49.2 34.5 50.1 54.3 -
InstructBLIP (Dai et al. 2023) Vicuna-13B 224 - 49.5 334 50.7 52.1 -
Shikra (Chen et al. 2023a) Vicuna-13B 224 77.4 - - - - -
IDEFICS (Laurencon et al. 2023) LLaMA-7B 224 50.9 - 35.5 25.9 -
IDEFICS (Laurencon et al. 2023) LLaMA-75B 224 60.0 - 36.0 30.9 - -
Qwen-VL (Bai et al. 2023) Qwen-7B 448 78.2 59.3 35.2 63.8 - -
LLaVA v1.5 (Liu et al. 2023b) Vicuna-7B 336 78.5 62.0 50.0 58.2 51.5 859
Cobra-8B (ours) Mamba-7B 384 79.2 63.9 56.2 59.5 629 87.6
Small Scale MLLMs
MoE-LLaVA (Lin et al. 2024) StableLM-1.6B 336 76.7 60.3 36.2 50.1 - 85.7
MoE-LLaVA (Lin et al. 2024) Phi2-2.7B 384 79.9 62.6 43.7 57.0 - 85.7
LLaVA-Phi (Zhu et al. 2024) Phi2-2.7B 336 71.4 - 35.9 48.6 - 85.0
MobileVLM v2 (Chu et al. 2024) MobileLLaMA-2.7B 336 - 61.1 - 57.5 - 84.7
Cobra-3.5B (ours) Mamba-2.8B 384 77.8 62.3 49.7 58.2 584 88.4

Table 2: Experiments of four open-ended benchmarks (blue) and two closed-set benchmarks (red). Res. represents the image
resolution used for the vision encoder input. The best performance is highlighted in bold and the second-best result is underlined.

4 Experiments

In this section, we conduct extensive experiments to evaluate
the performance of our proposed Cobra method, aiming to
answer the following questions: RQ1: How does the perfor-
mance of our proposed Cobra method compare with state-
of-the-art MLLMSs? (Section 4.2) RQ2: How does the in-
ference speed of Cobra compare to three transformer-based
baselines? (Section 4.3) RQ3: How effective is the proposed
Cobra in different settings (or ablation study)? (Section 4.4)

4.1 Experimental Setup

Datasets. We conduct our experiments on a diverse set
of nine benchmarks, including (1) four open-ended vi-
sual question answering (VQA), i.e., VQA-v2 (Goyal et al.
2017), GQA (Hudson and Manning 2019), VizWiz (Gu-
rari et al. 2018) and TextVQA (Singh et al. 2019). (2) two
closed-set visual question answering (VQA), i.e., VSR (Liu,
Emerson, and Collier 2023) and POPE (Li et al. 2023b). (3)
three visual grounding, i.e., RefCOCO, RefCOCO+ and Re-
fCOCOg (Kazemzadeh et al. 2014; Yu et al. 2016).
VQA-v2 (Goyal et al. 2017) evaluates models’ general
ability to understand and reason about images and ques-
tions. GQA (Hudson and Manning 2019) assesses spatial un-
derstanding and multi-step inference in real-world images.
VizWiz (Gurari et al. 2018) is similar to VQA-v2 but in-
cludes a series of unanswerable questions. TextVQA (Singh
et al. 2019) focuses on reasoning from text in images.
VSR (Liu, Emerson, and Collier 2023) is composed of de-
manding True/False questions that probe individual spatial
relationships within various scenes, which is challenging to
MLLMs. POPE (Li et al. 2023b) is comprised of specific
Yes/No questions designed to evaluate MLLMs’ tendency to
generate hallucinations. RefCOCO focuses on short descrip-
tions with spatial anchors, RefCOCO+ relies on appearance-
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based descriptions, and RefCOCOg emphasizes long and
rich descriptions (Kazemzadeh et al. 2014; Yu et al. 2016).

Baseline methods. We compare Cobra to a large num-
ber of algorithms that span different sizes, including (1)
large-scale MLLMs: OpenFlamingo (Awadalla et al. 2023),
BLIP-2 (Li et al. 2023a), MiniGPT-4 (Zhu et al. 2023), In-
structBLIP (Dai et al. 2023), Shikra (Chen et al. 2023a),
IDEFICS (Laurengon et al. 2023), Qwen-VL (Bai et al.
2023) and LLaVA v1.5 (Liu et al. 2023b). (2) small-scale
MLLMs: MoE-LLaVA (Lin et al. 2024), LLaVA-Phi (Zhu
et al. 2024) and MobileVLM v2 (Chu et al. 2024).

Implementation details. Our training process includes
multi-modal instruction tuning, during which we fine-tune
both the multi-modal projector and the Mamba LLM. The
model is trained using 8 NVIDIA A100 80GB GPUs. We
have selected various open-source model weights, including
Mamba with 2.8 billion and 7 billion parameters, to serve as
the LLM backbone for our model. The model configurations
and hyperparameters are detailed in Table 1, with additional
information provided in the supplementary material.

Prompt order. In our prompt template design, we were sur-
prised to discover that the word order in the templates sig-
nificantly impacts the model’s performance, particularly in
TextVQA. For example, Cobra, which follows LLaVA and
InstructBLIP evaluations, uses input tokens parsed by the
OCR system as prompts—formatted as “Question\n Ref-
erence OCR token: ...”. We found that this specific prompt
structure reduced performance substantially, from 47.9% to
43.0%, compared to not using any prompts at all. Through
extensive experimental exploration, we addressed this issue
by adjusting the prompt order to “Reference OCR token:
...\n Question”, which improved performance. This sensi-
tivity to prompt order may be due to an inductive bias in
the RNN model. We hope that our findings will encourage



Model LLM Backbone Total Params Visual Tokens Fvalg,q (tokens/s) Total (s)
MoE-LLaVA Phi-2-2.7B 5.3B (3.6B Activated) 576 20.33 12.59
LLaVA-Phi Phi-2-2.7B 3.1B 576 40.89 6.26
MobileVLM v2 MobileLLaMA-2.7B 3.1B 144 49.50 5.17
Cobra-3.5B (ours) Mamba-2.8B 3.5B 729 166.47 1.54
Cobra-LDPv2-3.5B (ours) Mamba-2.8B 3.5B 196 166.85 1.53
Cobra-8B (ours) Mamba-7B 7.8B 729 79.92 3.20

Table 3: Latency comparison of small-scale MLLMs with ~3 billion parameters.

Model RefCOCO RefCOCO+ RefCOCOg Avg.
LLaVA v1.5 55.1 49.5 50.9 51.8
Cobra-3.5B 52.7 45.6 46.9 48.4
Cobra-8B 58.2 52.5 54.4 55.0

Table 4: Experiments of three visual grounding benchmarks.
Avg. represents the average accuracy of the model on three
benchmarks. The best performance is highlighted in bold.

further research in the community on this problem.

4.2 Overall Performance

In Table 1, we report the overall performance of Cobra
and fourteen baselines under large-scale MLLMs and small-
scale MLLMs on six datasets. According to Table 1, we have
the following findings: (1) In the large scale MLLM:s set-
ting with more than 7 billion parameters. our proposed
Cobra-8B achieves the best performance on all evaluated
benchmarks. (2) In the small scale MLLMs setting with
around 3 billion (total or activated) parameters. Cobra-
3.5B achieved the best performance on all benchmarks ex-
cept VQA-v2 and GQA, where it was only surpassed by
MOoE-LLAVA, a multi-modal mixture-of-experts language
model expanded and fine-tuned from phi-2-2.7B. Our model
lags behind by 1%-2% in accuracy on these two metrics,
while our inference speed is over 8 times faster than that of
the model as shown in Section 4.3.

It is noteworthy that Cobra-3.5B, with only 48% of the
total parameters of LLaVA v1.5-7B, achieves comparable
results on open-ended VQA benchmarks and shows signif-
icant improvements in the challenging closed-set prediction
tasks of VSR and POPE. On these two benchmarks, there are
performance improvements of 6.9% and 2.5% respectively.

As shown in Table 4, we also evaluated the localiza-
tion capabilities of our two models alongside LLaVA v1.5-
7B. The results indicate that Cobra-3.5B has accuracy rates
that are 3%-4% lower than LLaVA v1.5-7B across all three
benchmarks. In contrast, Cobra-8B exhibits the highest ac-
curacy among the three models, outperforming the others by
over 3% in accuracy on all benchmarks. Given that the train-
ing schemes for Cobra were identical, these results demon-
strate that the grounding ability of the model is significantly
influenced by the performance of the language model itself.

4.3 Inference Speed

We evaluated the generation speed of our model compared to
three transformer-based baseline models of similar activated
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parameter scales with different architectures: MoE-LLaVA,
LLaVA-Phi, and MobileVLM v2.

In the evaluation, all models received the same exam-
ple image. We used the same question “Describe the image
specifically” as the textual prompt and set the number of out-
put tokens to 256 for all models. The total time 7},¢; from
the image encoding to finished generating the complete an-
swer is recorded and we calculated the average number of
tokens generated per second by Evalgyg = 256/ Totai-

All the evaluations were done on the hardware with a sin-
gle Nvidia A100 PCIe 80GB GPU. The results from Table 3
show that our model has a significant advantage in inference
speed compared to transformer-based models. Compared to
MobileVLM v2, which has undergone several lightweight
optimizations, Cobra only took about 30% of the time to
complete inference when the number of visual tokens pro-
cessed significantly increased.

We also evaluated the results of Cobra-LDPv2, a vari-
ant of our model that replaces the projector with an LDPv2
block, which reduces the number of visual tokens per image
to 196. The results showed no significant speed improve-
ment in our evaluation method. Due to the nature of par-
allel RNN models, the number of prompt tokens only af-
fects the speed of the model’s first parallel forward process.
Given that LDP significantly compresses visual information
through pooling, it can impact the performance of MLLM to
some extent (see our ablation studies for performance com-
parison). We believe that for the structure of Cobra or other
RNN-based MLLMs, adopting such a lightweight design on
the projector may be unnecessary.

4.4 Ablation Studies

We conduct ablation studies to verify the network design of
Cobra, mainly involving the choice of projectors, vision en-
coders, language models, and training strategies.

Vision encoders. Recent works discover that despite CLIP-
like language-image models may offer rich semantics, it
has the potential to lose the detailed information for images
themselves. Therefore, we adopt DINOv2 as a supplemen-
tary encoder and concatenate visual representations from
two encoders for the subsequent LLM. As shown in Table 3,
the fusion of DINOv2 and SigLIP features leads to better
performance compared with SigLIP-only on all the bench-
marks except TextVQA. Especially, we found the fused ar-
chitecture significantly improves the accuracy by 5%-6% on
VSR and localization benchmarks. This result implies that
there is a meaningful principle when selecting the vision en-
coder for downstream tasks.



Model VQA-v2 GQA VizWiz TextVQA VSR POPE RefCOCO  RefCOCO+  RefCOCOg
Cobra-3.5B 77.8 62.3 49.7 58.2 58.4 88.4 52.7 45.6 48.9

w/SigLIP  77.5(03]) 61.8(0.5)) 483(14]) 588(0.67) 532(52]) 882(02)) 467(6.0)) 40.1(55]) 438(5.1))
w/LDPv2 762 (1.6]) 619(04]) 502(0.57) 547(35]) 56.1(23)) 87.7(0.7]) 503(24]) 429270 46920
w/ Base 778(0.0]) 627(041) 47225]) 579(03]) 544(40]) 89.0(067) 522(05]) 456007 48.6(0.3 )
w/1EpFT 765(1.3]) 609(1.4]) 485(1.2]) 575(0.7]) 53.8(4.6)) 88.1(03]) 425(102)) 343(1131) 39.0(9.9])
Ww/PT+FT 757 (2.1]) 604(1.9]) 442(55]) 580(02]) 51.6(6.8)) 869(1.5]) 373(154]) 29.7(159]) 34.3(14.6])

Table 5: Ablation studies of Cobra-3.5B on vision encoders, projectors, language models and training strategies

Visual input example Spatial Reasoning

Scene Description

User

Is the bicycle parked to the fight of the dog?

=

“g‘\,\
| A G

What’s going on in this image?

Cobra-3.5B (ours)
dog, not the right.

The bicycle is actually parked on the left side of the

A monkey is holding two knives in its hands, while a
man in the background is wearing a white shirt with a
floral pattern.

LLaVA v1.5-7B

Yes, the bicycle is parked on the right side of the dog.

In this image, a monkey is holding two knives in its
hands, seemingly posing for a picture.

Table 6: Visualization of the MLLM example. Cobra generates accurate and more detailed textual descriptions compared with
the baseline, where green indicates a correct answer, red produces inaccurate answers and blue is a more detailed description.

Projectors. Besides, a different choice of projection layer is
used in the experiments. We investigate a lightweight down-
sample projector (LDPv2) to see if we can further speed
up the inference process without obvious deterioration in
performance. Applying LDPv2 to Cobra harms the perfor-
mance on all benchmarks except VizWiz. Unfortunately, we
observed that the models using LDPv2 show a significant
decrease in accuracy on TextVQA, VSR, and localization
benchmarks, which require precise visual information.

Base or instruct-tuned LLMs. We also explored the appli-
cation of different Mamba LLMs. Specifically, we chose a
base model that had not been fine-tuned on any chat datasets.
As indicated in Table 3, the fine-tuned model achieved no-
tably higher accuracy on the VizWiz and VSR benchmarks
compared to the pre-trained model that did not utilize chat
corpora, with accuracy improvements of 2.5% and 4%, re-
spectively. On other benchmarks, the differences were not
significant with accuracy gaps within 1%. The chat model
exhibits a slight disadvantage compared to the base model
only on the GQA and POPE benchmarks.

Training strategies. Different training strategies were in-
vestigated. The results show that fine-tuning the language
model for two epochs yields strictly better performance on
all evaluated benchmarks compared with the model that only
fine-tuned for one epoch. This suggests that the model may
be underfitted with only one epoch of training.

Additionally, we discovered that initializing a pre-aligned
projector during the fine-tuning stage actually harms the
model’s performance, resulting in consistently lower accu-
racy across all benchmarks compared to a model with a ran-
domly initialized projector (when both models are fine-tuned
for one epoch) except TextVQA. This conclusion differs

from several different approaches that treat pre-alignment as
the first stage of training. (Lin et al. 2024; Chu et al. 2024).

Visualization of the MLLM example. We visualize some
examples to demonstrate the performance. In Table 6, Cobra
outperforms LLaVA v1.5 in the first example involving the
judgment of spatial relationships. Cobra correctly identified
that the dog was parked to the right of the bicycle, whereas
LLaVA provided the opposite, incorrect answer. In the sec-
ond example, Cobra offered a more detailed description of
the background information compared with LLaVA. More
examples are shown in the supplementary material.

5 Conclusion

In this study, we propose Cobra, which addresses the ef-
ficiency bottleneck of existing multi-modal large language
models (MLLMs) that rely on Transformer networks with
quadratic computational complexity. We explore combin-
ing language models with linear computational complex-
ity and multi-modal inputs. In terms of fusing visual and
linguistic information, we have successfully optimized the
internal information integration of the Mamba language
model through in-depth research on different modality fu-
sion schemes, achieving more effective multi-modal repre-
sentation. Experiments demonstrate that Cobra not only sig-
nificantly improves computational efficiency, but also per-
forms comparably to advanced models like LLaVA, espe-
cially excelling in overcoming visual hallucination and spa-
tial relationship judgment. It even significantly reduces the
number of parameters. This opens up new possibilities for
deploying high-performance Al models in environments that
require high-frequency processing of visual information,
such as visual-based robotic feedback control, in the future.
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