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Abstract. Contrastive Language-Image Pre-training (CLIP) relies on
Vision Transformers whose attention mechanism is susceptible to spu-
rious correlations and scales quadratically with resolution. To address
these limitations, we present CLIMP, the first fully Mamba-based con-
trastive vision-language model that replaces both the vision and text en-
coders with state-space architectures. VMamba’s cross-scan mechanism
captures spatial inductive biases that reduce reliance on spurious correla-
tions, producing an embedding space with tighter cross-modal alignment
and lower hubness - geometric properties that translate to superior re-
trieval and out-of-distribution robustness, surpassing even CLIP-ViT-B
trained on a dataset 167× larger on ImageNet-O. CLIMP naturally sup-
ports variable input resolutions without positional encoding interpolation
or specialized training, achieving up to 6.6% higher retrieval accuracy
at 16× training resolution while using 5× less memory and 1.8× fewer
FLOPs. Mamba’s autoregressive nature further enables processing of ar-
bitrarily long text, overcoming CLIP’s fixed 77-token context limitation
for dense captioning retrieval. Our scaling experiments across model sizes
and dataset sizes show consistent, unsaturated improvements - indicat-
ing that CLIMP’s architectural advantages are not limited by training
scale. These results demonstrate that Mamba is a compelling alternative
to Transformers for vision-language pre-training. The code and models
are publicly available at https://github.com/NimrodShabtay/CLIMP

1 Introduction

Contrastive Language-Image Pre-training (CLIP) [40] is a fundamental approach
for learning transferable visual representations through natural language super-
vision. By aligning image and text embeddings in a shared latent space, CLIP
enables zero-shot transfer across a range of downstream tasks. However, the Vi-
sion Transformer (ViT) [14] backbone commonly employed in CLIP exhibits
quadratic computational complexity with respect to sequence length, posing
challenges when processing high-resolution images. Moreover, the pairwise token
interactions in self-attention can be susceptible to spurious correlations [48,61],
leading to fragile representations under distribution shift.

Mamba [19], a state-space model (SSM), has shown promising results as
an alternative to Transformers in sequence modeling. It achieves sub-quadratic
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Fig. 1: CLIP vs. CLIMP. By replacing Transformer encoders with Mamba-based
models, CLIMP achieves sub-quadratic O(L) complexity instead of quadratic O(L2).
It also removes the fixed resolution and 77-token text limitations of standard CLIP.

complexity in sequence length L during training and constant-time complexity
during inference, with these efficiency benefits becoming more pronounced in
long-context scenarios. These properties make Mamba an attractive backbone for
vision-language tasks requiring long-context processing such as dense captioning.

In the vision domain, adaptations such as Vision Mamba (Vim) [62], Simba [38]
and VMamba [34] have applied state space models to image understanding
tasks with encouraging results. Beyond computational considerations, which al-
low high resolution processing, these models introduce spatial inductive biases
that differ from the pairwise token interactions characteristic of self-attention.
Prior work has shown that such spatial bias benefits vision tasks by enabling
more robust [15,36] and sample-efficient learning [16] - properties that ViTs lack.
However, the integration of Mamba-based vision encoders into contrastive vision-
language frameworks remains relatively unexplored. Prior work [24] has investi-
gated hybrid architectures combining Mamba and Transformer modules within
individual towers, but does not explore a fully SSM-based dual-encoder architec-
ture nor provide comprehensive evaluation across retrieval, robustness, resolution
flexibility, and dense captioning. We empirically confirm that VMamba’s spatial
inductive bias transfers to the vision-language setting, enabling improved sample
efficiency and robustness (Section 4.5).

In this work, we present Contrastive Language-Image Mamba Pretraining
(CLIMP), a fully Mamba-based vision-language model that replaces both the
vision and text encoders with state-space architectures within the CLIP frame-
work. We pair VMamba [34] as the vision encoder with Mamba-1 [19] or Mamba-
2 [10] language models as text encoders, creating the first end-to-end SSM-based
contrastive vision-language model. Our controlled experiments on CC12M [7]
isolate architectural differences from data effects, and our scaling experiments
across both model and dataset sizes demonstrate that CLIMP’s advantages are
consistent and unsaturated, indicating they extend beyond our training regime.
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Our main contributions are: (1) CLIMP, the first fully Mamba-based
CLIP model, integrating VMamba for vision and Mamba LLMs for text. (2)
Superior retrieval performance driven by tighter cross-modal alignment and re-
duced hubness in the embedding space. (3) Strong out-of-distribution robust-
ness, achieving the highest average accuracy across five ImageNet variants. On
ImageNet-O, we surpass CLIP-ViT-B/16 trained on LAION-2B - a dataset 167×
larger than ours - suggesting that architectural inductive biases can outweigh
data scale for OOD robustness. (4) Native variable-resolution support without
complex positional encoding schemes or dedicated training, with significantly
lower memory and compute overhead. (5) Favorable scaling behavior across
model sizes (22M–87M parameters) and dataset sizes (1M–12M pairs) with un-
saturated performance curves, indicating that CLIMP’s advantages are architec-
tural and should persist at larger scales.

2 Related Work
Contrastive Vision-Language Learning. CLIP [40] marked a paradigm shift
in vision-language learning by demonstrating that models trained on large-scale
image-text pairs can achieve remarkable zero-shot transfer capabilities. It learns
a joint embedding space where semantically similar images and texts are mapped
close together, enabling open-vocabulary recognition without task-specific fine-
tuning. Following CLIP’s success, numerous works have sought to improve upon
its framework. OpenCLIP [9] provides an open-source reproduction with re-
producible scaling laws, training models on datasets such as LAION-400M [45]
and LAION-2B [44]. SigLIP [59] replaces the softmax-based contrastive loss
with a pairwise sigmoid loss, improving memory efficiency and enabling train-
ing with smaller batch sizes. EVA-CLIP [47] enhances the training recipe with
stronger vision and text encoders, achieving state-of-the-art zero-shot perfor-
mance. ALIGN [28] scaled the training data with noisy image-text pairs. Recent
work has also explored improving multimodal representations through caption
adaptation and knowledge-enhanced supervision [57]. More recent efforts include
MetaCLIP [55], which introduces data curation algorithms for balanced train-
ing distributions, and SigLIP 2 [51], which adds captioning-based pretraining
and self-supervised losses. A recent work has also investigated improving the
interpretability of vision-language models through structured semantic repre-
sentations [58].

Despite these advances, all existing CLIP variants rely on Transformer-based
vision encoders, predominantly the Vision Transformer (ViT) [14]. While ViT
has proven highly effective, its quadratic complexity with respect to sequence
length poses challenges for high-resolution image processing. Scaling ViT to
higher resolutions requires substantial computational resources and for a dy-
namic resolution processing ViT requires a specialized positional encoding schemes
such as RoPE [46] or dedicated training scheme [5]. Furthermore, studies have
shown that CLIP’s robustness to distribution shifts, while impressive on Ima-
geNet variants [17,49], may be overestimated when evaluated on datasets specif-
ically designed to probe spurious correlations [53]. These limitations motivate
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our exploration of alternative vision backbones that offer improved efficiency at
high resolutions while enhancing robustness.

Recent work explored using LLMs as CLIP text encoders. LLM2CLIP [25]
fine-tunes CLIP by replacing its text encoder with a Transformer-based LLM
and training a lightweight adaptor, while UniViTAR [39] pairs LLaMA with a
ViT-based native-resolution framework. In contrast, CLIMP uses Mamba LLMs
as text encoders, enabling a fully SSM-based architecture with consistent sub-
quadratic complexity across both modalities - rather than enhancing an existing
Transformer-based CLIP or retaining a Transformer vision backbone.

CLIMP is the first work to systematically investigate Mamba vision encoders
within the CLIP framework. Replacing ViT with VMamba addresses the com-
putational bottleneck of high-resolution processing and enables native variable-
resolution inference that achieves improved zero-shot performance and robust-
ness to distribution shifts.
State Space Models (SSMs) for Vision. SSMs have emerged as a promising
alternative to Transformers for sequence modeling. Mamba [19] introduced a
selective mechanism making SSM parameters input-dependent, enabling content-
aware reasoning with linear complexity. Mamba-2 [10] refined this via the State
Space Duality (SSD) framework, linking SSMs and attention while achieving
2-8× speedups.

Adapting Mamba for vision tasks presents unique challenges, as images are
inherently 2D and lack the sequential structure of language. Vision Mamba
(Vim) [62] addresses this by introducing bidirectional scanning with position em-
beddings, achieving competitive performance on ImageNet classification. SiMBA
[38] addresses the stability issues of Mamba when scaling to large vision net-
works by introducing Einstein FFT for channel modeling, achieving state-of-
the-art SSM performance on ImageNet and multiple time series benchmarks.
VMamba [34] proposes the 2D Selective Scan (SS2D) module, which unfolds
image patches along four traversal paths to capture global context while main-
taining linear complexity. This cross-scan enables each patch to integrate infor-
mation from all spatial directions, effectively establishing global receptive fields.
Subsequent works have extended visual SSMs to various domains, including med-
ical image segmentation [43], video understanding [30], and point cloud process-
ing [31]. Recent studies have also begun exploring the robustness properties of
visual SSMs. The works in [15,36] investigate the robustness of visual SSMs for
image classification, finding that Mamba-based architectures exhibit different
failure modes compared to ViTs under adversarial perturbations and distribu-
tion shifts. These findings suggest that the inductive biases of SSMs may offer
complementary advantages to attention-based models in terms of robustness.

While prior work has established the effectiveness of visual SSMs for classi-
fication tasks, their potential for vision-language learning remains largely unex-
plored. CLIMP bridges this gap by integrating VMamba into the CLIP frame-
work, demonstrating that Mamba-based vision encoders can learn effective mul-
timodal representations. Our experiments reveal that the architectural prop-
erties of SSMs - particularly their implicit handling of positional information
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Zero-shot Classification Zero-shot Retrieval

Vision Tower Text Tower Acc@1 Acc@5 IR@5 TR@5

FlexViT-B/16 [5] LLaMA-3.2 [18] 26.3 57.4 62.4 72.3
NaFlex-B/16 [11] LLaMA-3.2 [18] 26.1 56.6 61.5 73.3
ViT-B/16 [14] LLaMA-3.2 [18] 27.3 56.4 62.8 72.9
RoPE-ViT-B/16 [23] LLaMA-3.2 [18] 27.3 59.0 63.4 72.9
MetaCLIP-ViT-B/16† [55] LLaMA-3.2 [18] 25.7 56.9 66.4 76.2

CLIMP (VMamba-B [34]) Mamba-2 [10] 26.9 59.0 65.2 75.3
CLIMP (VMamba-B) [34]) Mamba-1 [19] 29.6 58.5 65.5 77.0

Table 1: CLIP-Benchmark Results. Average Results for Zero-shot classification
and retrieval performance on 31 datasets (28 for classification, 3 for retrieval; full details
in the supplementary material). Both CLIMP variants achieve the top retrieval per-
formance among models with comparable pretraining, outperforming all transformer
baselines. For classification, the Mamba-1 variant achieves the best Acc@1, while the
Mamba-2 variant ties for the best Acc@5. †MetaCLIP-ViT uses a vision encoder pre-
trained on MetaCLIP-400M [55] (400× larger than IN-1K); despite this advantage, it
achieves lower classification accuracy than CLIMP while reaching comparable retrieval.

through scanning patterns - enable native resolution flexibility and contribute
to improved robustness on out-of-distribution benchmarks.

3 CLIMP

Mamba offers several advantages over attention models, including (1) improved
long-context efficiency and scalability, (2) enhanced robustness, and (3) posi-
tional awareness. These long-context capabilities have recently been further the-
oretically [2] and empirically [3,4,35] analyzed proposing various techniques for
improved length extrapolation and identifying mechanisms that stabilize recur-
rent state-space models during long-sequence processing.

Given the above, replacing Transformers in CLIP entirely with Mamba can
lead to sub-quadratic memory complexity in both modalities while maintaining
improved representation quality. To better understand the suitability of Mamba
for CLIP, we discuss its inductive bias, which is an important factor for sample-
efficiency, out-of-distribution generalization, and representational capacity.

To empirically study this bias, we present positive results in Section 4.5 using
synthetic tasks executed in controlled environments. Analytically, prior work has
provided evidence that state-space layers exhibit inductive bias toward smooth-
ness and locality compared to Transformers [63]. For Mamba-2, the inductive
bias is easier to characterize: the recurrent update uses a per-step transition
matrix Ā parameterized as Ā = λI, so under standard stability conditions, the
influence of a state k steps in the past decays as λk, encouraging locality and
smoothness. For Mamba-1, the selective mechanism makes B, C, and ∆ input-
dependent, which precludes a simple closed-form characterization. However, our
empirical results in Section 4.5 confirm that both variants exhibit strong spatial
inductive bias in practice.
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3.1 Preliminaries

State Space Models (SSMs) map an input sequence x(t) ∈ R to an output
y(t) ∈ R through a latent state h(t) ∈ RN , according to the following dynamics:

h′(t) = Ah(t) +Bx(t), y(t) = Ch(t) +Dx(t),

where A ∈ RN×N , B ∈ RN×1, C ∈ R1×N , and D ∈ R are learnable parameters.
For discrete sequences, the system is discretized using step size ∆:

ht = Āht−1 + B̄xt, yt = Cht +Dxt,

where Ā and B̄ are the discretized parameters. Intuitively, ht acts as a memory
summarizing the input history, where Ā sets the forgetting rate and B̄/C con-
trol what is written to and read from it. Mamba [19] introduces input-dependent
selection by making B, C, and ∆ functions of input xt, enabling content-aware
reasoning with linear complexity. Mamba-2 [10] further constrains A to a scalar
times identity matrix, recasting computation as structured matrix multiplica-
tions to gain 2-8× speedup.

3.2 Model Architecture

As shown in Figure 1, CLIMP follows CLIP’s dual-encoder architecture, mapping
images and text into a shared embedding space. Both encoders are Mamba-based,
offering consistent sub-quadratic memory scaling across modalities.
Vision Encoder. We use VMamba [34] as the vision encoder. Given an input
image I ∈ RH×W×3, we divide it into non-overlapping patches of size P × P
and project them into patch embeddings processed through Visual State-Space
(VSS) blocks utilizing the SS2D cross-scan mechanism. The hierarchical struc-
ture progressively downsamples feature maps through patch merging, with final
features mapped to the shared embedding space via a learned projection Wv.

A key advantage is the implicit handling of spatial relationships through
scanning patterns, providing a favorable spatial inductive bias (see Section 4.5),
allowing CLIMP to process variable input resolutions without positional en-
coding interpolation, specialized schemes like RoPE [46], or complex training
procedures like FlexViT [5] and NaFlex [11].
Text Encoder. We employ two pretrained variants: Mamba-1 [19] (1.4B pa-
rameters) and Mamba-2 [10] (1.3B parameters). While both share the selec-
tive state-space foundation, Mamba-2 introduces structured state-space duality
(SSD) enabling more efficient computation. Unlike Transformers with mature
bidirectional encoders [13,33], Mamba models are autoregressive by design. How-
ever, this autoregressive formulation is well-suited for contrastive learning: the
last-token representation naturally aggregates full-context information, and the
absence of a fixed positional encoding enables processing of arbitrarily long text
- a key advantage for dense captioning retrieval (Section 4.4). We further analyze
the role of the text tower in Table 10.
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Vision Tower Text Tower IN-V2 IN-R IN-A IN-O Sketch Avg

FlexViT-B/16 LLaMA-3.2 32.8/62.5 45.4/74.3 13.2/41.2 38.1/68.2 24.6/50.0 30.8/59.2
NaFlex-B/16 LLaMA-3.2 31.4/60.5 44.8/72.5 12.0/36.0 38.5/67.6 23.5/49.1 30.0/57.1
ViT-B/16 LLaMA-3.2 30.0/57.5 42.9/69.7 13.9/37.6 27.7/55.8 21.7/46.1 27.2/53.3
RoPE-ViT-B/16 LLaMA-3.2 34.4/65.4 47.8/76.0 16.3/46.3 40.1/69.9 27.4/53.1 33.2/62.1

CLIMP (VMamba-B) Mamba-2 37.0/67.6 46.6/74.5 15.6/45.5 49.8/77.0 27.0/54.2 34.8/63.7
CLIMP (VMamba-B) Mamba-1 37.5/68.4 46.2/74.5 15.5/45.3 48.1/78.8 27.5/54.4 35.2/64.3

Table 2: Out-of-distribution robustness. Evaluation on ImageNet variant
datasets, reporting top-1/top-5 accuracy. Both CLIMP variants achieve the top two
average scores, with particularly strong gains on ImageNet-O (+9.7%/+8.0% over the
best transformer) and ImageNet-V2 (+3.1%/+2.6%).

Given tokenized input T = [t1, t2, . . . , tL] with padding mask m ∈ {0, 1}L, we
extract the hidden state at the last non-padding token as the text representation:

traw = Hk, where k = max{i : mi = 0} (1)

where H = [h1,h2, . . . ,hL] denotes hidden states from the last Mamba layer.
This last-token pooling is well-suited for Mamba’s causal formulation, where
each ht is computed recurrently, making the last token the only position with
full context access. The representation is projected to the shared embedding
space via Wt.

4 Results

We evaluate CLIMP across standard CLIP benchmarks (Section 4.1), out-of-
distribution robustness (Section 4.2), resolution flexibility (Section 4.3), dense
captioning retrieval (Section 4.4), and provide analysis of representational ge-
ometry, efficiency, scaling, and spatial inductive bias (Section 4.5).
Experimental Setup. We train all models on CC12M [7] for 10 epochs at
224 × 224 resolution using AdamW with cosine learning rate schedule (peak
LR 5 × 10−5), batch size 2048, and projection dimension 768. All vision en-
coders are base-sized (∼86M parameters) initialized from ImageNet-1K [12]. For
CLIMP, we use VMamba-B [34] as vision encoder with two text encoder variants:
Mamba-1 (1.4B) [19] and Mamba-2 (1.3B) [10]. We compare against three trans-
former baselines, all using LLaMA-3.2-1B [18] as text encoder: RoPE-ViT [23],
FlexViT [5], and NaFlex-ViT [11]. To further strengthen the comparison, we
include a MetaCLIP-ViT-B/16 baseline pretrained on MetaCLIP-400M [55] - a
dataset 400× larger than ImageNet-1K.

Our evaluation follows the controlled-comparison paradigm adopted in recent
vision-language research [32]: all models are trained on the same dataset with
identical protocols, isolating architectural differences from confounding factors
such as dataset scale or curation. Our scaling experiments (Section 4.5) con-
firm that CLIMP’s advantages are consistent across data and model sizes with
unsaturated performance curves, indicating the scalability of our results.
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Acc@1/Acc@5 IR@5/TR@5

Vision Text 224 320 384 224 320 384

FlexViT LLaMA 26.3/57.3 26.1/57.3 25.9/56.9 62.4/72.3 63.5/74.3 63.6/75.0
NaFlex LLaMA 26.1/56.6 25.5/56.6 25.1/56.1 61.4/73.2 63.0/74.1 63.4/74.6
RoPE-ViT LLaMA 27.3/59.0 26.4/58.4 24.9/57.1 63.3/72.9 64.1/74.3 63.3/73.2

VMamba Mamba-2 26.9/59.0 26.1/58.2 24.9/56.9 65.2/75.2 66.2/76.2 65.2/74.6
VMamba Mamba-1 29.6/58.5 28.4/57.5 27.3/56.3 65.5/77.0 66.0/76.9 65.0/75.2

Table 3: Resolution scaling on CLIP-Benchmark. All models support arbitrary
resolution inference. Both CLIMP variants demonstrate strong performance across all
resolutions, achieving the best results on Acc@1 and retrieval metrics (IR@5/TR@5).

4.1 CLIP-Benchmarks Results

We evaluate on CLIP-Benchmark [8] (31 datasets for zero-shot classification
and retrieval). Table 1 presents our main findings. Both CLIMP variants achieve
top retrieval performance: Mamba-1 leads with 65.5% image and 77.0% text
recall, outperforming the best transformer baseline (RoPE-ViT) by +2.1% and
+4.1% respectively. For classification, CLIMP-Mamba-1 achieves the best Acc@1
(29.6%, +2.3% over the best transformer), while CLIMP-Mamba-2 ties for best
Acc@5 (59.0%). Notably, MetaCLIP-ViT - despite vision pretraining on 400×
more data - achieves lower classification accuracy (25.7%) and comparable re-
trieval, suggesting that CLIMP’s advantages stem from architectural properties
rather than data scale. We further stress the architectural gains by compar-
ing CLIMP to convolution based variants (i.e CLIP based ResNets [20]), We
evaluate on Open-CLIP [27] 38 benchmarks, CLIMP outperformed all ResNet
based models more than 4 points on average on both zero-shot classification
and retrieval, outperforming the strongest ResNet variant. Full details are in the
supplementary materials.

Between our two variants, Mamba-1 consistently outperforms Mamba-2 on
most metrics. While Mamba-2 achieves 2–8× computational speedups through
key simplifications - restricting the transition matrix from a structured diagonal
(HiPPO-initialized) to a scalar identity, and adopting multi-head weight sharing
- these reduce per-token expressivity. Mamba-1’s per-channel selective scan, with
fully input-dependent parameters (∆, B, C), provides finer-grained filtering that
has more discriminative representations for contrastive alignment.

4.2 OOD Robustness

Having established CLIMP’s retrieval advantages, we next examine whether its
representations also improve robustness under distribution shift. We evaluate on
five ImageNet variants: ImageNet-V2 [42], ImageNet-R [21], ImageNet-A [22],
ImageNet-O [22], and ImageNet-Sketch [52].

Table 2 shows that CLIMP variants achieve the top two average robustness
scores, with Mamba-1 leading at 35.2% top-1 and 64.3% top-5, outperforming
the best transformer baseline (RoPE-ViT) by +2.0% and +2.2% respectively.
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NoCaps Crossmodal-3600
224 512 896 224 512 896

Vision Text I→T T→I I→T T→I I→T T→I I→T T→I I→T T→I I→T T→I

RoPE-ViT LLaMA 67.6 78.9 65.1 75.9 38.6 34.9 64.4 68.2 62.3 64.1 36.8 26.9
NaFlex LLaMA 60.4 69.1 59.7 65.0 51.6 50.8 56.7 59.3 56.3 55.7 48.2 42.0
FlexViT LLaMA 56.0 62.9 53.4 57.8 42.2 41.2 52.6 50.5 50.9 47.6 40.4 34.1

CLIMP(VMamba) Mamba-2 70.2 81.3 66.4 72.4 57.1 53.8 65.2 69.2 62.8 61.9 54.7 46.0
CLIMP(VMamba) Mamba-1 70.5 81.9 66.9 72.7 57.1 53.5 65.1 69.1 62.6 60.8 55.9 45.4

Table 4: Retrieval Recall@5 (IR@5/TR@5) on NoCaps [1] and Crossmodal-3600 [50]
at different resolutions for both image to text (I→T) and text to image (T→I). Both
CLIMP variants demonstrate strong performance across all resolutions, with the per-
formance gap over transformer baselines widening substantially at 896×896.

The most striking result is on ImageNet-O. Both CLIMP variants dramati-
cally outperform all transformer baselines. Mamba-2 achieves 49.8% and Mamba-
1 48.1% top-1 accuracy - surpassing the best transformer by +9.7% and +8.0%.
Remarkably, both variants also surpass CLIP-ViT-B-16 [40] (42.3%)3 trained
on LAION-2B [44], a dataset 167× larger than CC12M. This provides direct
evidence that architectural inductive biases can outweigh data scale for OOD
robustness, consistent with our geometric analysis (Section 4.5) showing that
CLIMP’s reduced hubness leads to less reliance on spurious feature correlations.

Both CLIMP variants also lead on ImageNet-V2 (+3.1%/+2.6%) and Sketch.
On ImageNet-R and ImageNet-A, RoPE-ViT performs best, though CLIMP
remains competitive within 1–2%, consistent with prior findings that SSMs and
transformers exhibit complementary failure modes [15].

4.3 High-Resolution

We next evaluate resolution flexibility - a practical requirement for applica-
tions that process images at their native resolution. Unlike transformers that
require positional embedding interpolation (RoPE-ViT) or specialized training
(FlexViT, NaFlex), CLIMP generalizes to higher resolutions without architec-
tural modifications or additional training. We train all models at 224×224 and
evaluate at up to 896×896 with no fine-tuning.
CLIP-Benchmark Evaluation. We evaluate on CLIP-Benchmark at resolu-
tions up to 384×384, matching the native resolution range of its constituent
datasets. Table 3 shows that both CLIMP variants achieve the top retrieval
performance across all resolutions, with Mamba-1 achieving the best Acc@1
throughout. This advantage persists at 320×320 and 384×384 without any resolution-
specific adaptation.
Scaling to Higher Resolutions. To rigorously evaluate resolution scaling be-
yond standard benchmarks, we test on NoCaps [1] (4.5K images, avg. 810×960)
and Crossmodal-3600 [50] (3.6K images, avg. 640×520) - benchmarks whose
native resolutions substantially exceed 224×224. While performance decreases

3 Taken from: OpenCLIP Results (March 2026)

https://github.com/mlfoundations/open_clip/blob/main/docs/openclip_results.csv
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Image Retrieval Text Retrieval

Vision Tower Text Tower R@1 R@5 R@10 R@1 R@5 R@10

FlexViT LLaMA 46.4 75.0 84.5 55.7 79.0 87.8
NaFlex LLaMA 50.9 80.2 88.9 66.1 86.8 93.8
ViT LLaMA 53.9 82.0 90.1 64.8 85.8 92.0
RoPE-ViT LLaMA 60.7 85.8 93.3 77.6 93.6 97.0

CLIMP (VMamba) Mamba-2 63.3 88.2 94.6 75.7 92.6 96.2
CLIMP (VMamba) Mamba-1 67.0 89.4 94.7 81.3 95.9 98.4

Table 5: Zero-shot retrieval on rephrased Flickr8k-test with dense captions.
To make the captions dense, the original captions were rephrased using an LLM (avg.
134 tokens vs. original 14), with 98.32% of them exceeding the 77-token limit. Our
CLIMP models consistently outperform transformer-based baselines, demonstrating
effective retrieval with extended textual descriptions beyond CLIP’s 77-token limit.

Image Retrieval Text Retrieval

Vision Tower Text Tower R@1 R@5 R@10 R@1 R@5 R@10

RoPE-ViT LLaMA 18.0 39.5 50.5 10.5 27.9 38.1
FlexViT LLaMA 20.5 42.8 53.8 15.6 36.3 47.6
NaFlex LLaMA 29.1 55.3 67.5 26.1 53.4 65.1

CLIMP (VMamba) Mamba-2 33.4 62.6 74.0 24.6 51.7 63.7
CLIMP (VMamba) Mamba-1 37.3 67.1 77.8 23.8 50.4 62.7

Table 6: Zero-shot retrieval on DOCCI [37]. DOCCI is a dense captioning dataset
with long descriptions (avg. 142 tokens, 94.4% exceeding 77 tokens). Our CLIMP mod-
els achieve the best image retrieval across all metrics. On text retrieval, CLIMP remains
competitive but NaFlex leads, likely benefiting from its sequence packing design.

at higher resolutions for all models - as expected when evaluating at 2–4× the
training resolution - CLIMP degrades far more gracefully. Table 4 shows retrieval
performance across resolutions. Both CLIMP variants outperform all baselines
at every resolution, with the gap widening substantially at higher resolutions. At
896×896, CLIMP achieves +18–19% advantage over RoPE-ViT on both image
and text retrieval. Notably, both variants surpass FlexViT and NaFlex despite
these models being specifically designed for variable resolutions.

4.4 Dense Captioning Retrieval

Complementing our high-resolution evaluation, we evaluate robustness to out-of-
distribution text lengths. CLIMP overcomes the standard CLIP’s fixed 77-token
context window through Mamba’s autoregressive text encoder, which naturally
handles arbitrarily long sequences. Note that in our evaluation, no method is
restricted to 77 tokens at evaluation - all transformer baselines use LLaMA-
3.2-1B (8K native context) and Mamba LLMs support arbitrary length, so long
captions are processed in full by every model. We evaluate on: (1) Flickr8k-test
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Model Data Train Loss Test Acc.

VMamba Regular 1.028 69.33
ViT Regular 1.121 67.50

VMamba Shuffled 1.612 46.44
ViT Shuffled 1.328 59.72

Table 7: Spatial inductive bias analysis. We train lightweight 3-layer VMamba (0.33M
params) and ViT (0.35M params) on CIFAR-10 with regular and shuffled patch orders.
VMamba achieves lower training loss on regular images but degrades significantly un-
der shuffling, while ViT shows the opposite pattern—performing relatively better on
distorted data. This confirms that SSM-based encoders rely on sequential spatial struc-
ture as an inductive bias.

captions rephrased using LLaMA-3.3-70B [18] (average 134 tokens, 98.3% ex-
ceeding 77 tokens), with images at 224×224, and (2) DOCCI [37] with naturally
verbose descriptions (average 142 tokens, 94.4% exceeding 77 tokens), with im-
ages at 896×896. As shown in Tables 5 and 6, CLIMP-Mamba-1 achieves the
best image retrieval across both benchmarks, with up to 6.3% improvement on
Flickr8k-Rephrased and 8.2% on DOCCI over the best transformer baseline. On
DOCCI text retrieval, NaFlex achieves the highest scores, likely benefiting from
its sequence packing design; CLIMP remains competitive on this metric while
substantially leading on image retrieval.

4.5 Analysis

Spatial Inductive Bias To understand the source of VMamba’s advantages,
we investigate its spatial inductive bias. Prior work has shown that locality bias
benefits vision tasks by enabling more sample-efficient learning [16], a property
ViTs possess only weakly through their positional encoding (PE). We validate
this using lightweight 3-layer VMamba (0.33M params) and ViT (0.35M params)
models trained on CIFAR-10 [29] with regular versus spatially distorted data
with shuffled patch orders. VMamba achieves lower training loss on regular im-
ages, while ViT performs better on the distorted variant, confirming that SSM-
based encoders encode sequential spatial structure as a much stronger inductive
bias. Full results appear in Table 7.

Qualitative Results CLIMP produces more interpretable image-text align-
ment maps. As shown in Figure 2, CLIMP correctly localizes the wooden deck
and fence structure described in the caption, while RoPE-ViT and FlexViT ex-
hibit diffuse attention scattered across irrelevant areas.

Representational Geometry Analysis To understand CLIMP’s retrieval ad-
vantages, we analyze embedding geometry on NoCaps [1]. Following [54], we
measure alignment (matched pairs should be close), uniformity (embeddings
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Model (similarity) Flex-ViT (0.452) RoPE-ViT (0.501) CLIMP (0.545)

Model (similarity) Flex-ViT (0.601) RoPE-ViT (0.563) CLIMP (0.628)

Model (similarity) Flex-ViT (0.474) RoPE-ViT (0.621) CLIMP (0.646)

Fig. 2: Visualization of Image-Text similarity for the captions: "A large porch with a
wooden fence and no roof." (top), “A woman with red hair hugging a man.” (middle)
and “A hand holding a glass that has some wine in it.” (bottom). CLIMP (similarity:
0.545) produces spatially coherent attention focused on the porch and fence, while
RoPE-ViT (0.501) and FlexViT (0.452) show scattered, less interpretable patterns.
Warmer colors indicate higher similarity.

spread evenly on the hypersphere), and hubness [41] - the tendency for certain
embeddings to dominate nearest-neighbor lists, degrading retrieval quality [60].

Table 8 shows that CLIMP achieves the best alignment (0.982) and low-
est text hubness (1.13), directly explaining its retrieval gains: better alignment
improves matching accuracy, while reduced text hubness benefits text-to-image
retrieval. On image-side metrics, NaFlex achieves the best image uniformity and
hubness, suggesting complementary strengths across architectures. The lower
text hubness also implies less reliance on generic, spuriously correlated features,
which may contribute to CLIMP’s improved OOD robustness (Section 4.2).

CLIMP vs. Transformer-CLIP: Qualitative Insights A fair comparison
requires articulating not only where CLIMP wins, but where transformers re-
tain an edge. Using the CLIP-Benchmark suite, we organize both sides by the
architectures’ internal mechanisms and prior analyses of visual SSMs. CLIMP
outperforms transformers in: (1) High resolution. The largest and most con-
sistent advantage: the gap widens with input resolution, and by 896×896 CLIMP
exceeds RoPE-ViT on retrieval, driven by Mamba’s native variable-resolution
support. (2) Sparse, distributed perturbations. CLIMP’s scanning-based receptive
field dilutes distributed spurious cues, while attention latches onto them locally;
consistent with the ImageNet-O gain, see 2. Transformers may be favor-
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Uniformity ↓ Hubness ↓

Vision Tower Text Tower Alignment ↓ Image Text Image Text

FlexViT LLaMA 1.111 -2.87 -3.50 1.19 1.23
NaFlex LLaMA 1.039 -3.30 -3.50 0.93 1.24
RoPE-ViT LLaMA 1.052 -3.16 -3.52 1.04 1.25

CLIMP (VMamba) Mamba-1 0.982 -3.18 -3.54 1.01 1.15
CLIMP (VMamba) Mamba-2 1.000 -3.16 -3.54 1.01 1.13

Table 8: Embedding geometry analysis on NoCaps. We analyze alignment,
uniformity, and hubness. CLIMP achieves better alignment and lower text hubness
than transformer baselines, explaining its superior retrieval performance. ↓ = lower is
better for all metrics.
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Fig. 3: Efficiency analysis. CLIMP achieves superior memory and computational
efficiency across all resolutions. (Left) Memory overhead is 4–57× lower. (Right) FLOPs
scale linearly, yielding up to 1.8× reduction—a gap that widens with resolution.

able in: (1) Low-resolution inputs. Few patches mean fewer scanning steps for
context aggregation, while ViT’s global attention is comparatively unaffected.
(2) Strong visual-style shift. VMamba’s spatial features may transfer less well
than ViT’s abstract attention features, consistent with RoPE-ViT’s slight lead
on ImageNet-R. Visual examples appear in the supplementary materials.

Memory and Computational Efficiency CLIMP offers significant efficiency
advantages at high resolutions. As shown in Figure 3, CLIMP requires 5× less
resolution-specific memory (10.0 vs 50.4 MB) and 1.8× fewer FLOPs (259.7 vs
457.9 GFLOPs) than ViT variants at 896×896, with the gap widening at higher
resolutions due to Mamba’s linear complexity.

Scaling We investigate how CLIMP scales with model size and training data,
directly addressing whether its advantages persist at larger scales.
Model Size. Table 9 shows ImageNet-1K zero-shot classification across model
scales (22M–87M parameters). CLIMP consistently outperforms ViT-based al-
ternatives at every scale, with the advantage maintained from the smallest (22M:
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Params CLIMP FlexViT RoPE-ViT
(Mamba2) (LLaMA) (LLaMA)

22-30M 38.8 32.5 33.2
50M 42.8 – –
87M 43.5 38.3 40.7

Table 9: Scaling behavior on ImageNet-1K zero-shot classification. CLIMP
consistently outperforms ViT-based alternatives across all scales, with performance
improving steadily as model size increases.
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Fig. 4: CLIMP scaling laws trained on CC and evaluated on ImageNet-1K Acc@1.
Performance improves consistently as training data scales from 1M to 12M samples,
with no sign of saturation, indicating that our findings should scale further.

+5.6% over FlexViT) to the largest (87M: +2.8% over RoPE-ViT) configuration.

Dataset Size. Figure 4 examines scaling with training data on Conceptual Cap-
tions. CLIMP exhibits a steep scaling curve that has not saturated at 12M
samples, suggesting continued benefits with larger datasets. The consistent per-
formance gap over transformer baselines across all data sizes (1M, 3M, 12M)
indicates that CLIMP’s advantages stem from architectural properties rather
than overfitting to a particular data regime. This is further supported by the
MetaCLIP-ViT comparison (Table 1): despite vision pretraining on 400× more
data, it achieves lower classification accuracy than CLIMP, providing direct ev-
idence that our architectural advantages extend beyond the training scale.

4.6 Ablations

We ablate the text encoder contribution by replacing the LLM backbone while
keeping the vision encoder fixed. As shown in Table 10, the results reveal an ar-
chitectural synergy: while RoPE-ViT shows minimal sensitivity to text encoder
choice (±1% across metrics), VMamba consistently benefits from Mamba-based
text encoders, achieving +3.5% Acc@1 and +3.9% TR@5 over LLaMA. This sug-
gests that matched SSM architectures in both modalities learn more compatible
representations for cross-modal alignment. We additionally evaluate Hydra [26],
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Vision Tower Text Tower Acc@1/Acc@5 IR@5/TR@5

RoPE-ViT [23] LLaMA [18] 27.27/58.95 63.35/72.93
RoPE-ViT [23] Qwen2-1.5B [56] 27.30/58.80 60.40/70.90
RoPE-ViT [23] Mamba-2 [10] 27.42/58.69 62.59/72.99
RoPE-ViT [23] Mamba-1 [19] 28.10/58.54 63.17/74.28
RoPE-ViT [23] RoBERTa-L [33] 27.47/58.64 64.82/74.72
RoPE-ViT [23] BERT-L [13] 27.80/58.84 63.93/74.15

VMamba [34] LLaMA [18] 26.13/57.30 63.21/73.16
VMamba [34] Hydra [26] 28.63/56.98 61.24/71.35
VMamba [34] Mamba-2 [10] 26.94/59.04 65.17/75.25
VMamba [34] Mamba-1 [19] 29.59/58.53 65.54/77.03

Table 10: Architectural synergy. We compare language model backbones across
vision encoders. While RoPE-ViT shows minimal sensitivity to text encoder choice,
VMamba consistently benefits from Mamba-based text encoders, suggesting that
matched SSMs learn more compatible cross-modal representations. Hydra [26], a bidi-
rectional SSM, underperforms the autoregressive Mamba LLMs.

a bidirectional SSM variant, which underperforms the autoregressive Mamba
LLMs - confirming that mature pretrained language models provide stronger
text representations than current bidirectional SSM alternatives.

5 Conclusions

We introduced CLIMP, the first contrastive vision-language model built entirely
on Mamba. By replacing ViT with VMamba and pairing it with Mamba LLMs,
CLIMP achieves linear complexity in both modalities while producing supe-
rior representation quality and robustness. Our experiments reveal: (1) superior
retrieval performance, driven by tighter cross-modal alignment and reduced hub-
ness; (2) improved OOD robustness, notably surpassing CLIP-ViT-B/16 trained
on LAION-2B on ImageNet-O; (3) memory and FLOPs reductions at high res-
olutions with native variable-resolution support; (4) dense captioning retrieval
beyond CLIP’s token limit; (5) spatial inductive bias contributing to sample-
efficient learning; and (6) favorable scaling behavior across model and dataset
sizes, with unsaturated performance curves indicating that these advantages are
architectural and should persist at larger scales.

These findings establish SSMs as a viable alternative to transformers for
vision-language pre-training, overcoming limitations of CLIP implementations
for high-resolution, memory-constrained, and long-context applications. Future
directions include scaling to larger models and datasets, extending to generative
vision-language tasks, and developing hybrid architectures [6].
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