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Abstract

We introduce Cambrian-1, a family of multimodal LLMs (MLLMs) designed with a
vision-centric approach. While stronger language models can enhance multimodal
capabilities, the design choices for vision components are often insufficiently
explored and disconnected from visual representation learning research. This
gap hinders accurate sensory grounding in real-world scenarios. Our study uses
LLMs and visual instruction tuning as an interface to evaluate various visual
representations, offering new insights into different models and architectures—self-
supervised, strongly supervised, or combinations thereof—based on experiments
with over 20 vision encoders. We critically examine existing MLLM benchmarks,
addressing the difficulties involved in consolidating and interpreting results from
various tasks, and introduce a new vision-centric benchmark, CV-Bench. To
further improve visual grounding, we propose the Spatial Vision Aggregator (SVA),
a dynamic and spatially-aware connector that integrates high-resolution vision
features with LLMs while reducing the number of tokens. Additionally, we discuss
the curation of high-quality visual instruction-tuning data from publicly available
sources, emphasizing the importance of data source balancing and distribution
ratio. Collectively, Cambrian-1 not only achieves state-of-the-art performance but
also serves as a comprehensive, open cookbook for instruction-tuned MLLMs. We
provide model weights, code, supporting tools, datasets, and detailed instruction-
tuning and evaluation recipes. We hope our release will inspire and accelerate
advancements in multimodal systems and visual representation learning.

Project page: https://cambrian-mllm.github.io/

1 Introduction

There is a long-standing debate in philosophy about whether understanding and meaning in language
require sensory grounding. Aristotle’s emphasis on acquiring knowledge through sensory experience
and empirical observation was central to his ancient Peripatetic school and remains influential to this
day [8]; Aquinas famously formalized these ideas in the 13th century with the Peripatetic axiom:
“Nihil est in intellectu quod non sit prius in sensu” (Nothing is in the intellect that was not first in
the senses) [7]. Though many philosophers disagree [23], it is evident that having robust and highly
capable sensory grounding is at least beneficial. Consider the Cambrian explosion, during which the
emergence of vision is believed [105] to have been crucial for early animals to not only find food
and avoid predators but also to evolve and improve. In fact, most human knowledge (and nearly
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Figure 1: We draw parallels between traditional protocols and the use of MLLMs for evaluating visual represen-
tations. MLLMs employ visual question answering to address a diverse array of real-world perception tasks.
The bottom section highlights the ve key pillars studied in Cambrian-1.

all animal knowledge) is acquired through sensory experiences like sight, hearing, touch, taste, and
smell, through interactions with the physical world [107]. These sensory experiences are fundamental
to understanding the world around us and are crucial for real-world actions and decision-making.

Beyond philosophical debates, recent advances in multimodal large language models (MLLMs) have
brought the topic ofrisual representation learning vs. language understanditg practical focus.
Language models have shown strong scaling behaviors [55], and recent advancements in multimodal
learning are largely driven by the development of better, larger LLMs [81]. On the other hand, the
design choices for vision components are often insuf ciently exploreddswbnnectedrom visual
representation learning research. For instance, many pioneering frameworks such as LLaVA [82] use
vision transformer-based CLIP models [109, ], which are strongly supervised by lahgamge

the vision feature extractor. While other visual representations, such as self-supervised DINO [103],
are being explored [126], there is a lack of comprehensive and systematic study in this domain. This
gap exists primarily because such studies are challenging: MLLMs involve a complex training and
evaluation pipeline with numerous design decisions to consider. In this work, we aim to bridge
the gap by exploring MLLMs from a vision-centric perspective. More speci cally, we use MLLM
instruction tuning as an evaluation protocol for various visual representations (illustrated in Fig. 1).

Our motivation for this study also stems from two potential concerns of the current multimodal
learning research: 1) relying too heavily too early on language can act as a shortcut [47, ], com-
pensating for the de ciencies in learning effective visual representations, and 2) existing benchmarks
may not provide adequate guidance for real-world scenarios—where visual grounding is crucial for
robust multimodal understanding. These concerns are not unfounded, as researchers have started
to notice that visual grounding is becoming a bottleneck for applying MLLMs in some challenging
real-world applications, despite signi cant progress in improving general capabilities [41, , ]-

From another perspective, traditional evaluation protocols for visual representation learning (e.g.,
linear probingandend-to-end ne-tuningn datasets like ImageNet-1K [113], COCO [79], and
ADE20K [154]) are becoming saturated and do not re ect the diverse perception challenges found in
real-world distributions. On the other hand, using language in the form of visual question answering
(VQA) offers a exible and robust evaluation protocol. Our study aims to explore this new protocol
design, setting it up to gain insights that will guide the development of better visual representations in
the future. Furthermore, to better evaluate visual representations in this integrated setting, we develop
a vision-centric MLLM benchmark, CV-Bench, by transforming traditional vision benchmarks into
VQA format (Section 2.2).

Cambrian-1 is structured around ve key pillars, each offering important insights into the design
space of MLLMs:

« Visual Representations We explore various vision encoders and their combinations. §2.4

*We emphasize that CLIP training should be considerestmsgly supervisedas language provides
signi cantly richer supervision than class labels.



Class Label Supervised Language Supervised SSL-Contrastive SSL-Masking Diffusion Depth Supervised Segmentation Supervised
ImageNet-1K [113] CLIP [109] DINOV2 [103] MAE [52] Stable Diffusion [112] MiDas [15] SAM [56]

Figure 2: Examples of various vision models, objectives, and architectures studied. Image from [48].

« Connector Design We design a new dynamic and spatially-aware connector that integrates
vision features with LLMs while reducing the number of tokens. 83

« Instruction Tuning Data : We curate high-quality visual instruction-tuning data from public
sources, emphasizing the importance of distribution balancing. 84

* Instruction Tuning Recipes. We discuss instruction tuning strategies and practices. §2.3

» Benchmarking: We analyze existing MLLM benchmarks, cluster them into 4 intuitive
groups, and introduce a new vision-centric benchmark “CV-Bench”. §2.1, §2.2

We defer a detailed review of the fundamental components and methodologies that underpin MLLM
research to Appendix B

2 Evaluating Visual Representations through MLLMs

Current MLLMs predominantly rely on CLIP [109] as the visual encoder due to its pre-alignment
with language and ease of adaptation to the LLM token space. However, strong language priors can
be a double-edged sword—they compensate for de ciencies in learning effective visual represen-
tations [126] and diminish insights gained from extensive visual representation learning research.
In this section, we systematically evaluate how various visual encoder choices (see Fig. 2) impact
the multimodal capabilities of MLLMs. We also advocate for using MLLM evaluation as a robust
framework for assessing visual representation methods, moving beyond traditional protocols like
linear probing and end-to-end ne-tuning to more faithfully re ect the diverse perception challenges

in real-world scenarios and to better guide the development of improved visual representations.

2.1 Analyzing the Benchmarks

To effectively evaluate visual representations and MLLMs, we rst need to select benchmarks that
accurately assess tieultimodalcapabilities of these models. We use a suite of commonly used
benchmarks [24, 45, , 96, , ], which is the intersection
of those used in recent MLLM research [75, 77, ] To help interpret our results, we begin by
analyzing the benchmarks themselves. Here, we train MLLMs with 23 different vision backbones
(see Table 6) from a variety of model families (see Fig. 2) using a 2-stage instruction tuning process
initially proposed in [82]: rst training connector on 1.2M adapter data from ShareGPT-4V [27]
followed by ne-tuning both the connector and LLM on 737K instruction tuning data (see more
details in Appendices G.5 and H). Full benchmark results in Table 9.

Who's answering the question: the LLM or MLLM?  Determining whether a benchmarkly
needs visual input to be solved has been a persistent challenge in vision-language research [2, 26,
, 94]. In this study, we compare the performance of MLLMs with and without visualinand
also calculate the expected score via randomly guessing. These three conditions are visualized in
Fig. 3-left, with benchmarks sorted by the difference between the average score with vision enabled
and disabled. SQAI] MMMU, MathVista, and Al2D display less than a 5% gap between vision
enabled and disabled, suggesting that these benchmarks may not signi cantly depend on visual input
and rather heavily rely on the base LLM. TextVQA and GQA both demonstrate a nearly 40% positive
gap between random guessing and vision-disabled scores, implying a strong language bias in these
benchmarks. On the other hand, the vision-disabled performance on benchmarks like MMVP is
notably worse than random guessing, suggesting that strong visual grounding is particularly crucial.

Clustering the Benchmarks To better understand the different aspects of MLLM performance,
we analyze the correlations between the performance of our 23 MLLMs on each benchmark. A

SWe note that our instruction-tuning data includes text-only data, so text-only questions are not OOD.
"The subset of SQA [91] with images.



Figure 3:Left: Performance comparison of MLLMs with visual input enabled and disabled across various
benchmarks. Benchmarks are sorted by the difference between the average score with vision enabled and
disabled.Right: Principal component analysis displaying clusters of benchmarks based on performance metrics,
with bubble size corresponding to benchmark size. We label the clusters as “General*in“Knowledge” in

,“Chart & OCR” in , and “Vision-Centric” in

confusion matrix (Fig. 10) reveals that certain benchmarks, such as MMMU, are largely uncorrelated
with the others. We perform principal component analysis on the benchmark scores and observe the
formation of clusters corresponding to “General,” “Knowledge,” “Chart & OCR,” and “Vision-Centric”
categories (Fig. 3-right). We assign MMMU to the knowledge category based on the types of questions
it includes (see Appendix D). We also nd that existing vision-centric benchmarks [126, ] are of
insuf cient size (see Fig. 3-right), challenging the robustness of evaluating such capabilities. These
benchmarks do not cover crucial visual elements such as depth and spatial awareness.

Finding 1: Most benchmarks do not properly measure vision-centric capabilities, and the
ones that do have very few samples.

2.2 Cambrian Vision-Centric Benchmark (CV-Bench)

To address the limitations of existing vision-centric benchmarks, we introduce the Cambrian Vision-
Centric Benchmark (CV-Bench). Witt638 manually-inspected examplesCV-Bench provides
signi cantly more examples than other vision-centric MLLM benchmarl&5— more than Real-
WorldQA [137] and8:8 more than MMVP [126]. By repurposing standard vision benchmarks [18,

, I, we can assess models at classic vision tasks within a multimodal context. Leveraging the
rich ground truth annotations from the benchmarks, we formulate natural language questions that
probe the fundamental 2D and 3D understanding of the models.

As visualized in Fig. 11, CV-Bench evaluates 2D understanding via spatial relationships & object
counting, and 3D understanding via depth order & relative distance. We refer details to Appendix E.

Finding 2: Existing vision benchmarks can be effectively repurposed into VQA questions,
enabling the assessment of vision-centric MLLM capabilities.

2.3 Instruction Tuning Recipes

MLLMs start with pre-trained LLM and vision backbones, connecting these modules with a connector
such as a projector (MLP). The original LLaVA [80, 82] proposes a 2-stage frozen training process:
rst, pre-training a connector between frozen LLM and vision backbones using adapter data, and
then ne-tuning both the connector and LLM with instruction tuning data while leaving the vision
encoder frozen. Various studies [27, 63, 81, 98] have drawn different conclusions regarding the
optimal training methodology for MLLMs. Here, we revisit this topic with extensive experiments.

For our experiments, we tune a set of MLLMs using Vicuna-1.5-7B as the LLM backbone and
each of our 23 vision models (Table 6) as the visual encoder. We use a 737K instruction tuning
data mix for all experiments here (see Appendix H). All hyperparameters are matched across each
experimental setting—highlighting the impact of different tuning strategies with each visual encoder.
All experimental settings and results are tabulated in Appendix F.2.

lomni3D assets are sourced from [3, 13, 20, 46, 111, 121].



Figure 4:Effect of Training Recipe on Model Performance Boxplots display the distribution of benchmark
scores across benchmark categories for different training recipes and types of visual encoders. The four training
recipes include freezing the visual encoder with various amounts of adapter data, @M ,1.2M )as

well as unfreezing it with 1.2M adapter dataAmount of Adapter Data: All model types show increased
performance on general and vision-centric benchmarks; knowledge benchmarks show mixed results; OCR &
chart benchmarks bene t from more data for language-supervised madigleezing: Unfreezing the visual
encoder with 1.2M adapter data generally bene ts all categories.

One Stage vs Two Stage Training Recent work [63] advocates for skipping connector pre-training,
claiming this ‘reduces compute cost without harming downstream perforniahcexplore whether

this claim holds—especially when using non-language-supervised visual encoders—we conduct
experiments using 0, 0.5M, and 1.2M adapter data. Following LLaVA's recipe [82], we tune only
the connector on the adapter data during this rst phase, before unfreezing the LLM and connector
during instruction tuning on the 737K mix. Fig. 4 shows that pre-training the connector rst enhances
model performance and that more adapter data further improves performance across all domains.
Thus, we subsequently adopt 2-stage training with 1.2M adapter data as our standard setup.

[ Finding 3: Two-stage training is bene cial; more adapter data further improves resultsj

Freeze vs Unfreeze Vision EncoderThere are also mixed practices in freezing [63, 80, 82] or
unfreezing [44, 81] vision backbones during ne-tuning. Some argue that unfreezing the vision
backbone signi cantly degrades performance [63]. Our experiments demonstrate that unfreezing
bene ts performance across all benchmarks except for a marginal change in knowledge benchmarks
(Fig. 4). We suspect this is due to the composition of the 737K instruction tuning data and the LLM-
heavy focus of these benchmarks (see Section 2.1). We note that unfreezing the vision backbone
introduces additional computational overhead, which prohibits testing on some larger vision models
under current sharding strategies (see more details in Appendix H).

Finding 4: Unfreezing the vision encoder is widely bene cial. Language-supervised
models always bene t; SSL models particularly bene t on vision-centric benchmarks.

2.4 MLLMs as a Visual Representation Evaluator

As discussed in earlier sections, MLLMs provide a new interface to explore aspects of vision models
beyond traditional benchmarks like ImageNet-1Kk linear probing. We study the 2-stage instruction
tuning setting using 1.2M adapter data, 737K ne-tuning data, and frozen visual encoders to allow
comparison of the widest range of models.



Figure 5:Evaluating Visual Representations with MLLMs While language-supervised models outperform
self-supervised or other models, a well-trained self-supervised model like DINOv2 can also achieve competitive
performance on vision-centric tasks.

Figure 6:Continued Fine-Tuning Narrows the Gap Between CLIP and DINOv2 Performance is compared
with 0.7M and 5M instruction tuning data in both frozen Y and unfrozen ( ) settings. DINOv2 shows
signi cant performance improvement with increased data and unfreezing—surpassing the @CZN? model
in several benchmarks and narrowing the gap to the SModel in knowledge and vision-centric tasks.

We evaluate on benchmarks detailed in Section 2.1, calculating the average perforrfarezch
category and visualize the results in Fig. 5 (full results in Appendix F). Our ndings highlight the
advantages of language-supervised models over non-CLIP models across all benchmark categories,
with signi cantly better performance on chart and OCR-related benchmarks. We hypothesize that
this is due to CLIP'¢raining data such as LAION [115], containing abundant OCR and text-heavy
data, whereas SSL and other vision models primarily train on natural images with signi cantly less
text content. It is also noteworthy that language-supervised models are typically trained with a very
large pool of data, ranging from 400 million [109] to 10 billion [28] samples, whereas the largest
vision self-supervised training dataset, like DINOv2, consists of &l million sample§103].

Additionally, we observe that higher-resolution models particularly enhance performance on chart
and vision-centric benchmarks while remaining neutral on general VQA and knowledge-based
VQAs. While the majority of the backbones we examine are ViT-based [C6ihvNet-based
architectures (such as OpenCLIP ConvNeXt [86]) are inherently well-suited for high-resolution
image processing [130] and can produce superior results on OCR & Chart and Vision-Centric
benchmarks. In vision-centric benchmarks, the gap between language-supervised and other types
of vision models is smaller, with a well-trained self-supervised DINOv2 model even outperforming
some language-supervised models.

Finding 5: High-res encoders greatly enhance performance on chart & vision-centric
benchmarks, and ConvNet-based architectures are inherently well-suited for such tasks.

Narrowing the gap between Language- and Self-Supervised modelsAbove, we observe that
DINOv2 stands midway between SSL models and language-supervised models on general and
knowledge benchmarks, even outperforming some language-supervised models on vision-centric
benchmarks. Here, we study whether the continued netuning of an MLLM based on a SSL model

* Before averaging, we divide the MME Perception score by 20 to have the same scale as other benchmarks.



can achieve performance similar to that of a language-supervised model. Speci cally, we scale up the
instruction tuning data from 737K to 5M (see more details in Appendix G.5), and instruction tune
MLLMs with DINOv2 ViT-L/14@336 and OpenAl CLIP ViT-L/14@336 encoders in both frozen and
unfrozen settings. In Fig. 6, we observe that by unfreezing the vision backbone, the DINOv2-based
MLLM ne-tuned with 5M data surpasses the MLLM trained with a CLIP model on 0.7M data.
Additionally, the gap between DINOv2 and the CLIP models is reduced under the 5M setting.

Finding 6: Language supervision offers strong advantages, but the performance gap cdn be
narrowed with SSL methods given enough data and proper tuning.

2.5 Combining Multiple Vision Encoders

As observed in Fig. 5, different vision encoders excel in different aspects of MLLM performance. In
this study, we explore the potential of combining multiple vision encoders to leverage their distinctive
representations, aiming to build a more capable MLLM. Given that different vision encoders use
varying architectures and image resolutions, we interpolate to a xed number of visual tokens (576)
in this subsection (see details in Appendix F.3). We then concatenate these tokens along the feature
dimension, following a method similar to A-MoF proposed in [126].

Our study indicates that adding a non-language-supervised model (DINOv2) can improve bench-
mark performance, especially in vision-centric tasks. Notably, even OCR benchmarks bene t from
incorporating DINOv2. This highlights the importance of self-supervised learning models in comple-
menting language-supervised models to achieve robust multimodal understanding. Detailed results
and con gurations are available in Appendix F.3.

However, this naive strategy has two limitations: 1) it employs interpolation, which can lead to
information loss, especially with vision encoders with high-resolution feature maps, and 2) it treats
each model equally via simple concatenation. Therefore, we seek a more effective strategy that can
more exibly leverage model combinations with less information loss.

Finding 7: Combining multiple vision encoders, including SSL models, can enhanice
MLLM performance across various benchmarks, particularly in vision-centric tasks.

3 Spatial Vision Aggregator (SVA): A New Connector Design

To effectively aggregate features from multiple vision encoders and prevent the information loss
introduced by interpolation, we use a set of learnable latent queries that interact with multiple
vision features via cross-attention layers [37]. In particular, our approach incorporates two new
vision-centric design principles:

1. We introduce spatial inductive bias by explicitly de ning the aggregation space for each
token in the query.

2. We aggregate vision features multiple times across the LLM layers, enabling the model to
repeatedly access and integrate necessary visual information.

To facilitate information aggregation via cross-attention, we cre&@tedamension learnable latent

tokenx 2 RC thatis repeatetl L times to form a 2D grid, serving as the quéty2 R-* €. The

set of visual featureB from N vision encoders serve as the context (i.e., key and value). We ensure
the output resolution of every vision encoder is a multiplé ofFormally, the feature map of theth

vision encoderK) has a resolution ahyL myL C, wheremy is a positive integer multiplier,
andL is the height/width of the learnable 2D grid with hidden dimengion

Spatial inductive bias To maintain the spatial structure during cross-attention, we align each token
in the query with a speci ¢ sub-region of the feature maps in all vision encoders. Formally, a token at
rowi and columrj in the queryx;; corresponds to the sub-region

Flme i:me (i+1):mg j:me (j+1)] 2 R™ ©

P
of thek-th vision feature map. As a result, a tokef aggregates a total of , mZ features fronN
vision encoders through cross-attention (see Fig. 7-left).

Speci cally, the updated query vectgr;,; 2 R! € at position(i;j ) is computed as



Figure 7:Spatial Vision Aggregator (SVA). We propose SVA, a dynamic and spatially-aware connector that
integrates multiple vision features with LLMs while reducing the number of tokens.
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Here,q;; is the query vector at positigii; j ), calculated using the query projection mawik®? 2
RC €. The key vectork;;x and value vectors;; are computed for each vision encogemsing

their respective key and value projection matrigég§ 2 R© € andw ) 2 R® €. Since |, mZ
features are aggregated into a single token, we effectively reduce the number of tokens.

Multi-layer vision aggregation Although our proposal effectively aggregates features from multiple
vision encoders, there is still potential information loss with high-resolution input (laggeor
multiple vision encoders (largd ). Here, a single token would have to handle a larger amount of
context information during aggregation. To prevent this, we allow cross-attention to occur multiple
times by inserting our proposal throughout the LLM layers—allowing consistent access to the
uncompressed visual information (see Fig. 7-right).

Hyperparameters To exibly modulate capacity, we introduce two hyperparameferandG,

which indicate the number of cross-attention layers and distinct groups of learnable queries used
between the vision models and the LLM, respectivBlyandG are always set to 1 for cross-attention
layers within LLM layers. We provide ablation studies on the selectidb ahdG in Appendix H.

Connector General Knowledge OCR & Chart Vision-Centric
Concat. [126] 67.2 48.9 50.1 52.6
Resampler [58] 63.1 46.5 27.1 42.6
SVA-no-multi-agg  68.0 49.5 55.2 52.6

SVA 68.5 49.7 555 53.2

Table 1:Comparison between our SVA and other aggregation approache3he SVA module consistently
outperforms other baselines and excels in aggregating high-resolution vision information.

We demonstrate the ef cacy of SVA module using the best vision model combination results from
the previous section and a Vicuna-1.5-7B base LLM. Speci cally, we employ a combination of
four vision encoders: OpenAl CLIP ViT-L/14@336, SigLIP ViT-SO400M/14@384, OpenCLIP
ConvNeXt-XXL@1024, and DINOv2 ViT-L/14@518. We compare our method with two strong
baselines: 1) concatenation-based [126] and 2) Re-sampler [11, 72]. Here, we include two variants of
our SVA module. The standard on&VA”, usesD = 3, G =1, and inserts cross-attention blocks
inside the LLM with a layer stride of 3. To isolate the advantages of spatial inductive biases, we
include another SVA variant, “SVA-no-multi-agg”, that does not add cross-attention blocks inside
the LLM and setd = 3 andG = 3. Table 1 shows that SVA outperforms both baselines, with

a signi cant improvement in the OCR & chart category. In contrast, the Resampler—which lacks
spatial inductive biases—struggles to condense concatenated tokens from various vision towers into



OCR (27.6% M RenderedText [134] (10.0K)  # RefCOCO [140] (30.0 K) CLEVR [59] (350.0 K)

Filtered DVQA (1550.0K) M VisText [124] (9.0 K) VizWiz [51] (20.0 K) M TallyQA [1] (250.0 K)
DVQA [61] (775.0 K) M FinQA [31] (6.0K) Visual7W [159] (14.0 K)
SynthDog [67] (500.0K) M InfoVQA [16] (2.0 K) LAION GPT-4V [70] (11.0 K) Filtered WebSight (790.0 K)
AnivQA [76] (100.0 K) B TAT-QA [158] (2.0K) IDK [22] (11.0 K) M WebsSight [71] (10.0 K)
OCRVQA [100] (80.0 K) W HiTab [32] (2.0 K) OKVQA [95] (9.0 K) W DaTikz [14] (47.0 K)
ScreenQA [56] (79.0 K) HatefulMemes [66] (8.0 K) M Design2Code [118] (0.5 K)
WIKISQL [153] (74.0 K) ALLaVA [25] (700.0 K) OODVQA [129] (8.0 K)
Low-Level Vision [27] (50.0 K)  Q-Instruct [135] (400.0K) M SketchyVQA [129] (8.0 K) M Geol70K [42] (170.0 K)
DocVQA [97] (39.0 K) LNQA [108] (302.0 K) W Visualmre [123] (3.0 K) M RAVEN [148] (42.0 K)
WTQ [106] (38.0 K) LVIS-Instruct4V [131] (220.0 K) B GeomVerse [64] (9.0 K)

M ChartQA [96] (28.0 K) LLaVA150K [32] (150.0 K) OpenOrca [78] (994.0 K) B MathVision [132] (3.0 K)

M IconQA [89] (27.0 K) VisualGenome [69] (86.0 K) B Mathinstruct [142] (262.0 K) M Inter-GPS [20] (1.0 K)

M Chart2Text [62] (26.0 K) VQAV2 [50] (83.0K) M OrcaMath [99] (200.0 K) B TQA[5] (1.OK)

M TabMWP [88] (23.0 K) GPT4V Rewritten (77.0 K) M WizardCoder [93] (143.0 K)

W TextCaps [119] (22.0 K) GQA[57](72.0K) M OpenCodelnterpreter [152] (66.0 Hil Data Engine (161.0 K)

M LLAVAR [149] (20.0 K) A-OKVQA [116] (50.0 K) M Dolly [36] (11.0 K) M PathVQA [53] (32.0 K)

W ST-VQA[17] (17.0K) Alfworld [146] (45.0 K) M ScienceQA [91] (12.0 K)

M AI2D [65] (15.0 K) ShareGPT [27] (40.0 K) Filtered CLEVR (350.0 K)

Figure 8:Cambrian-7M: A Large-Scale Curated Instruction Tuning Dataset for MLLM. Left: The inner
circle shows the original distribution of Cambrian-10M. The outer circle shows the curated Cambri&ighitl.
All the data sources in the Cambrian dataset as well as the ones Itered in data curation.
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a limited number of learnable queries via global cross-attention. We also compare SVA with other
connectors in Appendix H and show clear advantages.

Finding 8: Spatial inductive bias and deep interaction between LLM and vision featyre
help to better aggregate and condense vision features.

4 Instruction Tuning Data for Training MLLMs
4.1 Data Collection

Collecting Instruction Tuning Data from existing data sources Unlike language data, multimodal
(visual) instruction-tuning data is much rarer and harder to collect. To address this, we use existing
multimodal benchmarks and datasets involving visual interaction data, such as Visual Question
Answering (VQA) and OCR data. To help maintain conversational abilities [147], we also collect

a small volume of high-quality language-only instruction-following data. We categorize data into
General conversation, OCR, Counting, Code, Math, Science, and Language-only data. We list the
data sources in Fig. 8, and the details of data preparation in Appendix G.

Targeted Internet Data Collection Engine As observed in Fig. 8, there is an unbalanced distribution

of data. Some categories, such as science, have very few data sources, and each source has limited
samples. Inspired by previous works [73], we introduce a data engine to create large-scale, reliable,
high-quality knowledge-based instruction tuning data (see Fig. 15). Details are in Appendix G.3. Our
data engine produces a large volume of reliable scienti ¢ data, increasing the diversity in the data
pool. We generate 161k science-related data points—400% more than the previous combined data
sources.

Cambrian-10M We create a large pool of instruction tuning data, which we refer to as Cambrian-
10M. This pool contains approximately 9784k data points, offering a diverse range of data for our
work and future research. We visualize its composition in Fig. 8.

4.2 Data Curation

Cambrian-10M is a large pool of instruction tuning data sourced from a variety of data sources, with
an unbalanced data ratio between categories. Here, we take a preliminary step to study data curation
by improving data balancing and adjusting data ratios.



Model General Knowledge OCR & Chart Vision-Centric

<
= o o a
= a n _ 2 S g o ¢ 9 a2 g &
2|l ¥ 2 & S|l 3 2 £ 8| 2 5 2 2|2 3z 3 % 2
Method = | X s 5 % o|lz & 5 2 2|2 &6 6 & 8|z 5 & & o
GPT-4V_UNK. | 630 14094 758 601 36052 757 56.8 490 785774 785 645 780 884624 500 614 643 738
Gemini-LOPro UNK.| - 14966 736 707 -| - 795 479 452 -| - - €59 - - | - - - - -
Gemini-L5Pro UNK.| - - - - 585 521 803 - 813 - 735 865 - 67.5
Grok-15 UNK. - - - 536 528 883 - 761 - 781 856 - 68.7
MM-1-8B 144 | - 15293 723 699 -| - 726 37.0 359 . -
MM-1-30B 144 | - 16376 751 721 -| - 810 447 394

Base LLM: Llama-3-Ins-8B
Mini-Gemini-HD-8B 2880 | 72.7 1606.0 72.7 73.2 64.5 55.7 751 37.3 37.0735| 629 59.1 47.7 702 74¢515 187 621 622 63.0
LLaVA-NeXT-8B 2880 | 72.5 1603.7 72.1 72.765.2| 556 728 417 363 716639 695 490 646 726566 38.7 60.1 622 653
Cambrian-1-8B 576 | 73.1 1,547.1 759 747 646|613 804 427 490 730|713 733 624 717 778|650 513 642 723 720
Base LLM: Vicuna-1.5-13B
Mini-Gemini-HD-13B 2880 | 70.7 1597.0 68.6 70.6 63541 719 37.3 37.0 701608 56.6 46.6 702 69.849.4 193 575 536 67.3
LLaVA-NeXT-13B 2880 | 69.9 1575.0 70.0 65.665.4|53.7 735 36.2 351 700629 622 514 671 709559 36.0 59.1 627 657
Cambrian-1-13B 576 | 73.7 1,610.4 75.7 74.4 64.3| 60.2 79.3 40.0 48.0 73.6| 71.3 738 619 728 76.8| 622 413 63.0 725 718
Base LLM: Hermes2-Yi-34B
Mini-Gemini-HD-34B 2880 | 76.2 1659.0 80.6 75.3 65B624 77.7 480 43.4805|681 676 518 741789(638 373 672 715 79.2
LLaVA-NeXT-34B 2880 | 76.0 1633.2 79.3 759 67.1| 625 818 46.7 465 74967.7 687 545 695 781640 473 610 730 748
Cambrian-1-34B 576 | 76.8 1689.3 81.4 75.3 65.8| 67.0 85.6 49.7 532 79.7| 719 756 60.0 76.7 755|685 527 67.8 740 797

Table 4:Comparison of Cambrian-1 with other leading MLLMs. Cambrian-1 outperforms other open-source
models and achieves competitive performance, compared to proprietary models such as GPT-4V, Gemini, and
Grok-1.5. Despite using only 576 visual tokens, Cambrian-1 performs better on OCR & Chart and Vision-Centric
benchmarks compared to Mini-Gemini-HD and LLaVA-NeXT, which use 2880 tokens.

Data Balancing We follow previous work [109, 138] to set thresholdfor the number of data
points from a single data source. We chobsel50k; 250; 350; and45 in this section and
observe an elbow effect in Table 2— nding that a threshold betw&#k and350 work the best
for Cambrian-10M. We also plot in Appendix G.4 the cumulative sum of counts for entries sorted by
counts from tail to head and we see this intermediate threshold prevents explosive heavy tail.

Data Ratio Cambrian-10M is designed for visual instruction tuning. Given the various capabilities
of different types of data, it is essential to balance the ratio of these data types. We conduct pilot
experiments with a xed dataset size of 1350k, examining the impact of different data ratios. We
visualize the results in Fig. 9 and summarize our ndings as follows: (i) Balancing General, OCR and
Language data is crucial. (ii) Performance on knowledge-intensive tasks is in uenced by multiple
factors, often requiring a mix of OCR, chart, reasoning, and general perception.

Cambrian-7M By applying data Itering to Cambrian-10M with our identi ed data ratio, we create

a smaller but higher-quality dataset called Cambrian-7M. Table 3 showcases the bene ts of a well-
balanced and carefully curated dataset. Despite having fewer samples, Cambrian-7M demonstrates
improved performance. We additionally apply system prompts in Cambrian-7M to avoid the "answer
machine phenomenon”, see more details in Appendix G.2.

5 State of the Art Performance

Finally, we leverage the insights from all our previous studies to train a family of MLLMs we call
Cambrian-1. We train models using LLM backbones of various scales: LLaMA-3-Instruct-8B [4],
Vicuna-1.5-13B [151], and Hermes-2-Yi-34B [139]. Our vision component combines four models—
OpenAl CLIP ViT-L/14@336, SigLIP ViIT-SO400M/14@384, OpenCLIP ConvNeXt-XXL@1024,
and DINOv2 ViT-L/14@518 (Section 2.5)—via the Spatial Vision Aggregator (Section 3). We
pre-train the connector using 2.5M adapter data and instruction tune using our Cambrian-7M data
mix (Section 4.2). Our models are evaluated on the benchmarks categorized in Section 2.1, with
results presented in Table'4.

Cambrian-1 surpasses open-source models like LLaVA-NeXT and Mini-Gemini. Thanks to the SVA,
Cambrian-1 excels in tasks requiring high-resolution image processing, even with only 576 image
tokens—about 1/5 of the tokens used by LLaVA-NeXT and Mini-Gemini. Cambrian-1 also achieves
comparable performance to the best proprietary models, such as GPT-4V, Gemini-Pro, and MM-1, on
several benchmarks. We provide model weights, open-source code, datasets, and detailed recipes for
model training and evaluation. We hope our work will strengthen the open research community and
accelerate research in both visual representation learning and multimodal systems.

"For the General Average, we note that GPT-4's performance on the GQA test set is low, possibly because
other models are trained on the GQA training set, whereas the training set used for GPT-4 is unclear.
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A Broader Discussion

We advocate for using MLLMs as an interface to evaluate visual representations, as previous bench-
marks are becoming saturated and do not adequately re ect the diverse and complex perception
challenges of the real world. Our work highlights the current gap between language-supervised
models and self-supervised learning models and demonstrates the potential of bridging this gap. How-
ever, it is known that features of language- superwsed models behavedldg af-wordqd125,

underscorlng the need for advancements in vision-only models to ensure better visual understandlng
We hope to inspire future research into developing better vision-only models intended to be adapted
into the MLLM setting, that more effectively leverage large-scale datasets [85] and preserve the
advantages in visual grounding [126].

As we observe in Table 4, a well-trained open-source model such as Cambrian-1 can match or even
outperform proprietary models on many existing benchmarks. However, the use and evaluation of
MLLMs extend far beyond the current scope of benchmarks—to conversational ability, creativity,
reliability, and overall user experience. Developing models solely based on benchmark results can
result in an “answer machine”, over-optimized for benchmarks but lacking in practical interaction
capabilities. Therefore, the development of MLLMs that better align with human and societal needs
is a continuously evolving process, both in terms of evaluation and model development.

Our current Cambrian-1 model uses a moderate number of visual tokens and does not adopt the any-
resolution strategy [30, 77, 81] to handle ultra high-resolution images or those with extreme aspect
ratios, which require a larger number of visual tokens. For specialized tasks like V*Bench [136],
which require processing ultra high-resolution images, increasing the resolution and number of visual
tokens could lead to an HD version of the Cambrian-1 model.

One promising direction for post-training alignment is through reinforcement learning rather than
supervised ne-tuning. Many MLLM studies, including Cambrian, primarily focus on supervised
ne-tuning. Yet, recent advancements in LLMs [38, , , ] and some in MLLMs [141, ]
suggest that reinforcement learning from human or environmental feedback can further improve
models, potentially surpassing the limits of supervised ne-tuning, especially in decision-making
abilities.

Cambrian-10M (Fig. 8 and Section 4) provides a rich pool of data for studying data curation in
ne-tuning MLLMs. Our work takes an initial step in curating higher-quality data to enable more
ef cient and effective instruction tuning. We believe there is room for further improvement in the
data curation pipeline, and we hope this work can serve as a foundation for future research.

Additionally, training large-scale models requires careful design of model sharding, data sharding,
and infrastructure adaptations. In this work, we train our model on TPU-V4 [60] with FSDP [150]
using TorchXLA. We share our experiences, technical challenges, and solutions in Appendix C.
We also open-source our implementation and provide tutorials to help the community undertake
large-scale training more ef ciently.

To conclude, Cambrian-1 introduces a family of state-of-the-art MLLM models that achieve top
performance across diverse benchmarks and excel in visual-centric tasks. We provide model weights,
open-source code, datasets, and detailed recipes for model training and evaluation. We hope our
work will strengthen the open research community and accelerate future advancements in both visual
representation learning and multimodal systems.

B Multimodal LLMs: Preliminaries and Related Work

The key components of MLLM research include therge Language ModgelNisual Encoder
Multimodal ConnectarData Curation Pipeling Instruction Tuning Strategyand Evaluation &
Benchmarking Each component has its intricacies, and understanding their interactions presents
signi cant challenges. Our study investigates these aspects from a vision-centric perspective.

Large Language Model Advanced LLMs [4, ) , ] are the foundation of an MLLM. After
instruction-tuning on multimodal data, these models can be prompted to solve a variety of complex
tasks and generate free-form responses leveraging input from a visual encoder. Recent MLLM
research focuses on enhancing the LLM backbone [10, 75, 81], resulting in improved perfo