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Abstract

State space models and Mamba-based models have been increasingly applied
across various domains, achieving state-of-the-art performance. This technical
report introduces the first attempt to train a transferable Mamba model utilizing
contrastive language-image pretraining (CLIP). We have trained Mamba models
of varying sizes and undertaken comprehensive evaluations of these models on 26
zero-shot classification datasets and 16 out-of-distribution (OOD) datasets. Our
findings reveal that a Mamba model with 67 million parameters is on par with a 307
million-parameter Vision Transformer (ViT) model in zero-shot classification tasks,
highlighting the parameter efficiency of Mamba models. In tests of OOD gener-
alization, Mamba-based models exhibit exceptional performance in conditions of
OOD image contrast or when subjected to high-pass filtering. However, a Hessian
analysis indicates that Mamba models feature a sharper and more non-convex
landscape compared to ViT-based models, making them more challenging to train.
The source code is available at https://github.com/raytrun/mamba-clip.

1 Introduction

Foundation models, i.e., models pretrained on massive data and adapted for specific downstream tasks,
have emerged as a vibrant field within machine learning. The transformative six years preceding have
seen Transformers establish themselves as the principal architecture underpinning foundation models
across a multitude of domains Dosovitskiy et al. (2020); Vaswani et al. (2017); Ying et al. (2021);
Gong et al. (2021); Zhou et al. (2021); Cui et al. (2024). The core of the Transformer architecture
is the self-attention mechanism, which intricately facilitates the flow of information between every
token pair. This mechanism is critically acclaimed for its indispensable role in facilitating in-context
learning Wen et al. (2024), enhancing reasoning capabilities Yang et al. (2024b), and bolstering
out-of-distribution (OOD) robustness Li et al. (2022). Nonetheless, the self-attention mechanism’s
quadratic computational demands pose significant scalability challenges, particularly concerning
window length, thereby emerging as a substantial impediment for practical applications. In response,
a wealth of research has been dedicated to devising efficient self-attention mechanisms capable of
operating within sub-quadratic time Wang et al. (2020); Katharopoulos et al. (2020); Choromanski
et al. (2020). Despite these advancements, such innovations often demonstrate inferior performance
when compared with their quadratic-time Transformer counterparts.

Selective state space models (Mamba) Gu & Dao (2023) have recently emerged as promising
candidates for the next-generation foundation model backbone as they exhibit better scaling laws than
Transformers while enjoying linear-time complexity. In the brief span of the last few months, the
Mamba model has demonstrated remarkable success across a spectrum of critical domains, including
but not limited to, natural language processing Gu & Dao (2023); Qiao et al. (2024), image processing
Zhu et al. (2024); Liu et al. (2024), video analysis Yang et al. (2024c); Li et al. (2024), time-series
forecasting Tang et al. (2024); Patro & Agneeswaran (2024), graph theory applications Wang et al.
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VMamba_B (89M) 48.5 58.0 29.9 36.5 50.4 5.8 8.5 26.5 30.2 64.7 52.8 9.7 19.6 91.9 16.0 30.4 7.9 40.2 10.2 59.9 35.2 25.6 12.6 51.6 50.1 38.3
VMamba_S (50M) 49.4 70.3 34.3 39.1 53.9 6.9 8.4 26.0 31.3 68.7 54.1 10.1 9.8 92.8 17.6 31.4 6.9 23.5 10.9 54.2 38.4 27.1 13.2 50.5 50.0 40.0

VMamba_T220 (30M) 46.5 50.9 22.9 35.6 51.1 5.7 6.8 25.1 31.0 64.9 54.0 10.1 12.5 91.6 13.9 25.4 10.7 32.3 9.9 55.0 34.0 25.1 12.7 53.9 50.6 38.7
Simba_L (66.6M) 52.7 67.4 31.0 39.1 52.7 6.9 9.1 27.8 33.4 68.9 55.9 8.0 16.0 93.9 17.4 32.3 8.9 41.5 11.1 58.1 35.7 27.9 12.1 54.9 50.1 41.6

VIT_B(84M) 50.6 66 34.5 38.8 51.1 4.0 5.4 21.2 28.5 60.9 53.3 8.4 17.3 90.5 30.2 21.5 6.1 35.1 10.5 53.5 28.5 22.1 10.8 52.4 50.7 37.6
VIT_L(307M) 59.5 72.9 41.5 40.3 53.6 6.9 6.4 20.6 27.9 65.4 55 10.3 34.5 94.2 22.7 28.8 5.8 41.4 12.5 54.9 34.3 24.0 12.9 54.3 50.1 40.4

Table 1: Zero-shot performance of different architectures trained with CLIP.

(2024); Behrouz & Hashemi (2024), point cloud processing Liang et al. (2024); Zhang et al. (2024),
recommendation systems Yang et al. (2024a), reinforcement learning Rimon et al. (2024), and
medical diagnostics Ma et al. (2024); Xing et al. (2024). Focusing on computer vision, a myriad of
Mamba-based models have emerged, setting new state-of-the-art baselines in image classification
Zhu et al. (2024); Patro & Agneeswaran (2024), object detection Liu et al. (2024), segmentation Liu
et al. (2024); Ma et al. (2024), image restoration Zheng & Wu (2024); Guo et al. (2024), and 3D
reconstruction Shen et al. (2024). Despite these achievements, current Mamba-based models are
trained on a fixed array of predetermined object categories, and lacks of zero-shot generalization
capabilities. Bridging this gap necessitates the integration of large-scale language-image pretraining,
and this is an indispensable component for the evolution of Mamba-based foundational models.

This technical report presents the first attempt to train Mamba models with contrastive language-image
pretraining. Specifically, the conclusions of this technical report summarized as follows:

• CLIP-Mamba models: We release the open-sourced CLIP-Mamba models. A Mamba
model with 50 million parameters surpasses the performance of an 84 million-parameter
ViT model, and a 67 million-parameter Mamba model equates to the performance of a
307 million-parameter ViT model on 26 zero-shot classification datasets. These results
underscore the efficiency and effectiveness of Mamba models.

• OOD generalization evaluation: Our extensive evaluations on 16 OOD datasets demon-
strate that Mamba models consistently outperform ViT models. Mamba-based models show
exceptional robustness in conditions of OOD image contrast or when subjected to high-pass
filtering.

• Landscape evaluation: Through the visualization of the Hessian, we delve into the training
landscape of Mamba models. Our findings indicate that Mamba models exhibit a more
"non-convex" and sharper landscape compared to ViT models, suggesting greater challenges
in optimization.

2 Experiments and Analysis

In this section, we conduct comprehensive experiments and analysis for the CLIP Mamba models
versus CLIP Vision Transformer models, in terms of zero-shot classification, OOD generalization,
and Hessian spectra.

2.1 Zero-shot Classification

In our study, we train a series of models including VMamba-30M, VMamba-50M, VMamba-89M
Liu et al. (2024), and Simba-L 66.6M Patro & Agneeswaran (2024), utilizing the standard CLIP
pretraining pipelines. The zero-shot performance of these models is systematically evaluated across
a variety of datasets and summarized in Table 1. Notably, the 50M-parameter Mamba-S model
demonstrates superior performance over the 84M-parameter ViT-B model in the majority of the
datasets examined. When considering the pinnacle of performance, the results are evenly split; the
66.6M-parameter Simba-L leads in half of the datasets, while 307M-parameter ViT-L dominates in
the remaining half.
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(a) Overall OOD accuracy.
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(b) Shape bias decisions.

Figure 1: Overall performance and shape bias.
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Figure 2: Detailed performance on 16 OOD datasets.

2.2 OOD Robustness and Comparison with Humans

Building upon the methodology outlined by Geirhos et al. (2021), we delve into a comparative
analysis involving VMamba, Simba, ViTs (Vision Transformers), and human performance across
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Figure 3: Hessian max eigenvalue spectra.

16 Out-of-Distribution (OOD) datasets. The results of this comprehensive comparison are visually
represented in Figure 1, which provides an overview of the overall performance, and in Figure 2,
which offers a detailed breakdown of performance metrics.

From the aggregate data presented in Figure 1, it’s evident that Mamba-based models exhibit superior
OOD performance and a pronounced shape bias when compared to their counterparts. This shape
bias, indicative of a preference for recognizing the shape of objects over texture, more closely mirrors
the image recognition capabilities inherent to human vision Geirhos et al. (2021). Such alignment
with human visual processing underscores the potential of Mamba-based models in applications
requiring nuanced visual understanding.

The more granular insights provided in Figure 2 further substantiate the dominance of Mamba-based
models over those based on ViT architecture. Notably, in conditions where contrast is heightened
or a high-pass filter is applied—scenarios, Mamba-based models not only outperform ViT-based
models but also surpass human capabilities. On the one hand, both ViTs and human vision exhibit a
pronounced bias towards low-frequency components of visual data, as highlighted by Park & Kim
(2022). This predisposition renders them less effective in environments where these components are
minimized or absent, such as in the presence of a high-pass filter. On the other, the hiddens of the
state space model or Mamba are the coefficients of orthogonal polynomials Gu et al. (2020), and thus
the frequency-bias is less evident compared with ViT.

2.3 Hessians and Training Landscape

Hessian spectra reflect the training landscape of the models and a desirable loss landscape is character-
ized by its flatness and convexity. The Hessian eigenvalues serve as indicators of these characteristics,
where the magnitude of the eigenvalues reflects the sharpness of the landscape, and the presence of
negative Hessian eigenvalues denotes non-convexity.
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We follow Park & Kim (2022) to conduct the analysis. We utilize 3000 samples with a batch size
of 15. For each batch, we compute the top-5 Hessian eigenvalue spectra, the results of which are
depicted in Fig. 3. The visualization reveals that VMamba models exhibit a higher number of negative
eigenvalues compared to ViT models, indicating a more non-convex nature. Furthermore, Mamba
models display a greater number of eigenvalues with large magnitudes, suggesting that their loss
landscapes are sharper.
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