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[Recap] Tutorial 3: Video Learning

• Video-LLMs: how they work, 
how to train them, and where 
they fail
• Key failure modes: temporal 

confusion, spatial grounding, 
long videos, continual sensing
• Takeaway: strong semantic 

understanding, but poor basic 
physical intuition

Birds-eye-view

~2022

Era 3 — Generative Understanding

● Labels → explanations
● Reasoning about time, physics, intent
● Strong semantic understanding, poor 

basic physical intuition

~2000

Era 1 — Hand-Crafted Motion

● Optical Flow, hand-crafted features 
(eg, Dense Trajectories)

● Track pixel movements
● ❌ low-level, no semantic 

understanding
~2014

Era 2 — Deep Classification

● 3D CNNs, Video-SSL
● Task: N-way classification (eg 

Kinetics-400 human action 
recognition)

● → shortcut: classify w/ one frame…
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Roadmap: my research
I. How Do MLLMs See?

1. Cambrian-1: Vision-centric MLLMs

II. Spatial Intelligence
1. VSI-Bench*: Benchmarking Spatial Intelligence
2. SIMS-V: Spatial Training via Embodied Simulator
3. Test-Set Stress Test: Debiasing Benchmarks

III.Towards World Models
1. Cambrian-S: Spatial “SuperSensing”
2. Unified Multimodal Models: Unified Multimodal Pretraining

* Not my paper, but from my research group!
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I: How Do MLLMs See?
1. Cambrian-1: Vision-centric MLLMs
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Cambrian-1
A Fully Open, Vision-Centric Exploration 
of Multimodal LLMs
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Vision developed in animals ~540mya 
during the “Cambrian Explosion”…

We hope to ignite research focused on the 
vision component of Multimodal LLMs



Why Vision?

🚀 Really Good Performance, 
Especially on Knowledge
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Overview: Core Components in MLLMs

Architecture
● LLM
● Vision Backbone
● Vision-Language 

Connector

Training
● Instruction Tuning Data
● Instruction Tuning 

Recipe
● Evaluation Protocol

LLM
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Visual Representations



Visual Representations

23 models!

How to evaluate different representations?
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Evaluation Protocol

MMMU [Yue, et al. 2024] MM-Bench [Liu, et al. 2024]

DocVQA [Mathew, et al. 2020] RealWorldQA [Grok, et al. 2024] MMVP [Tong, et al. 2024]

and a lot more…

§3.1



How to systematically interpret the evaluation 
results & understand model performance?

§3.1



Benchmark Analysis

1 – Assess the “Multimodality” of the Benchmarks

2 – Group Benchmarks into Clusters
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Who’s answering the question: the LLM or MLLM?
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Benchmark Analysis

1 – Assess the “Multimodality” of the Benchmarks

2 – Group Benchmarks into Clusters
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Group Benchmarks
§3.1

💡 Similar benchmarks ⇒ correlated 
performance across visual encoders
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Who’s answering the question: the LLM or MLLM?

Knowledge
OCR & Chart

General

Vision-Centric
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Group Benchmarks

Knowledge

OCR & Chart

General

Vision-Centric
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Group Benchmarks

Knowledge

OCR & Chart

General

Vision-Centric

Tiny compared 
to others!

§3.1



Q: How can we scalably generate vision-centric 
MLLM evaluations?

💡 Repurpose existing vision datasets!

§3.2



Dense GT Annos

ADE20K Omni3DMSCOCO

💡 Repurpose existing vision datasets!

§3.2



CV-Bench

2D 3D

💡 Repurpose existing vision datasets!

§3.2



CV-Bench

2,638 manually-inspected examples

1. Programmatically construct VQA 
questions using dataset GT annos

2. Manually filter all examples

§3.2



Group Benchmarks

Knowledge

OCR & Chart

General

Vision-Centric
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Group Benchmarks

Knowledge

OCR & Chart

General

Vision-Centric

3.5x more 
vision-centric 

examples!
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Instruction Tuning Recipes

1-Stage or 2-Stage Tuning Freeze/Unfreeze Vision 
Backbone?
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Instruction Tuning Recipes

More 
alignment 
data
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Instruction Tuning Recipes

More 
alignment 
data
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Instruction Tuning Recipes

More 
alignment 
data

2-stage with more 
alignment data is best!
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Instruction Tuning Recipes
Unfreezing vision 
encoder helps* 🔥

Unfreeze

* Can be slow + expensive 

§3.3
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Evaluating Visual Representations ❄ 1.2M

§3.4
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Evaluating Visual Representations
#1 Language Supervised Models are better        #2 Gap is largest in OCR & Chart
#3 ConvNets are good at OCR           #4 Best SSL Model good at vision-centric
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Evaluating Visual Representations
Further training narrows the gap between Language-Supervised and Self-Supervised models

§3.4



Combine Multiple Visual Representations?
§3.5

→ Simple concatenation of multiple vision embeddings improves performance

Eyes Wide Shut? Exploring the Visual Shortcoming of Multimodal LLMs [Tong, et al. 2024]



Combine Multiple Visual Representations?
→ Simple concatenation of multiple vision embeddings improves performance

But: has bottlenecks…
1. It interpolates all features to the same size 2. It pays equal attention to all vision models

§3.5
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Connector Design – SVA

Transformer Block 1
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Connector Design – SVA

• Spatial Inductive Bias is important especially for OCR & Chart and Vision-
Centric Domains

cross-attention to occur multiple times by inserting our proposal throughout the LLM layers—
allowing consistent access to the uncompressed visual information (see Fig. 8-right).

Hyperparameters To flexibly modulate capacity, we introduce two hyperparameters 𝐿 and 𝑀,
which indicate the number of cross-attention layers and distinct groups of learnable queries
used between the vision models and the LLM, respectively. Intuitively, a larger 𝐿 allows for
more stacked cross-attention operations to facilitate the aggregation process, while a larger 𝑀
enables a wider range of aggregation patterns to be captured. The 𝑀 groups of queries aggregate
visual information separately in parallel and then are concatenated to form the final visual
tokens for the LLM. 𝐿 and 𝑀 are always set to 1 for cross-attention layers within LLM layers.

Connector General Knowledge OCR & Chart Vision-Centric
Concat. [127] 67.2 48.9 50.1 52.6
Resampler [59] 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 55.5 53.2

Table 4 | Comparison between our SVA and other aggregation approaches. The SVA module consistently
outperforms other baselines and excels in aggregating high-resolution vision information.

We demonstrate the efficacy of SVA module using the best vision model combination results
from the previous section and a Vicuna-1.5-7B base LLM. Specifically, we employ a combination
of four vision encoders: OpenAI 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 [127] and 2) Re-sampler [11, 73], which utilizes a similar cross-
attention form but lacks both spatial inductive biases and multi-layer vision aggregation. Here,
we include two variants of our SVA module. The standard one, “SVA”, uses 𝐿 = 3, 𝑀 = 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 sets 𝐿 = 3 and 𝑀 = 3. Table 4 shows that
SVA outperforms both baselines in all benchmark categories, with a significant improvement in
the OCR & chart category (requiring high-resolution feature understanding). In contrast, the
Resampler—which lacks spatial inductive biases—struggles to condense concatenated tokens
from various vision towers into a limited number of learnable queries via global cross-attention.

Compared with other spatial-based connectors like C/D-Abstractor [21] which are designed
for single vision feature maps, our SVA module can dynamically combine visual features from
multiple vision models with varying resolutions. Besides, our spatial inductive bias in SVA
can better compress spatial information compared with such methods. To isolate the effect of
spatial inductive bias, we consider the case of token reduction using a single vision encoder.
Specifically, we use OpenAI CLIP ViT-L as the vision model and compress its original 576 tokens
to 36 tokens using our SVA module and other connectors. We compare our SVA module with
three baselines: 1) Direct interpolation + MLP, 2) C-Abstractor [21], and 3)LDPv2 Projector [35]
(similar to C-Abstractor but more lightweight). For fair comparisons, we do not include multi-
layer aggregation inside the LLM for our SVA baseline, and the results are shown in Table 5.
Compared with the simple MLP baseline, C-Abstractor performs better on General and Vision-
Centric tasks but inferior on Knowledge and OCR & Chart tasks. LDPv2 performs similarly
to the MLP baseline. Our SVA consistently demonstrates superior performance across all
categories, especially in OCR & Chart and Vision-Centric tasks, demonstrating its effectiveness
in information compression.

We further conduct ablation experiments using OpenAI CLIP ViT-L/14@336 + OpenCLIP
ConvNeXt-L@1024 as our base model combination. We focus on the OCR & chart categories to
assess the impact on high-resolution visual understanding. The results show that increasing
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Connector Design – SVA

cross-attention to occur multiple times by inserting our proposal throughout the LLM layers—
allowing consistent access to the uncompressed visual information (see Fig. 8-right).

Hyperparameters To flexibly modulate capacity, we introduce two hyperparameters 𝐿 and 𝑀,
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of spatial inductive biases, we include another SVA variant, “SVA-no-multi-agg”, that does
not add cross-attention blocks inside the LLM and sets 𝐿 = 3 and 𝑀 = 3. Table 4 shows that
SVA outperforms both baselines in all benchmark categories, with a significant improvement in
the OCR & chart category (requiring high-resolution feature understanding). In contrast, the
Resampler—which lacks spatial inductive biases—struggles to condense concatenated tokens
from various vision towers into a limited number of learnable queries via global cross-attention.

Compared with other spatial-based connectors like C/D-Abstractor [21] which are designed
for single vision feature maps, our SVA module can dynamically combine visual features from
multiple vision models with varying resolutions. Besides, our spatial inductive bias in SVA
can better compress spatial information compared with such methods. To isolate the effect of
spatial inductive bias, we consider the case of token reduction using a single vision encoder.
Specifically, we use OpenAI CLIP ViT-L as the vision model and compress its original 576 tokens
to 36 tokens using our SVA module and other connectors. We compare our SVA module with
three baselines: 1) Direct interpolation + MLP, 2) C-Abstractor [21], and 3)LDPv2 Projector [35]
(similar to C-Abstractor but more lightweight). For fair comparisons, we do not include multi-
layer aggregation inside the LLM for our SVA baseline, and the results are shown in Table 5.
Compared with the simple MLP baseline, C-Abstractor performs better on General and Vision-
Centric tasks but inferior on Knowledge and OCR & Chart tasks. LDPv2 performs similarly
to the MLP baseline. Our SVA consistently demonstrates superior performance across all
categories, especially in OCR & Chart and Vision-Centric tasks, demonstrating its effectiveness
in information compression.

We further conduct ablation experiments using OpenAI CLIP ViT-L/14@336 + OpenCLIP
ConvNeXt-L@1024 as our base model combination. We focus on the OCR & chart categories to
assess the impact on high-resolution visual understanding. The results show that increasing
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• Spatial Inductive Bias is important especially for OCR & Chart and Vision-
Centric Domains

• Multiple Aggregation in LLM further improves performance
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Collect all available Instruction Tuning Data

Method General Knowledge OCR & Chart Vision-Centric

Interpolate + MLP 63.4 43.8 28.1 43.7
C-Abstractor [21] 64.4 42.8 26.1 44.3
LDPv2 [35] 62.5 43.9 28.7 43.9
SVA 65.5 44.5 31.4 46.9

Table 5 | Comparison between SVA and other spatial-based connectors vision token com-
pression. The SVA module with spatial inductive bias more effectively compresses the vision
information.

𝐿 OCR & Chart
2 52.1
3 52.4
4 52.8

(a) # layers

𝑀 OCR & Chart
1 52.4
2 52.6
3 53.1

(b) # groups

Multi-agg OCR & Chart
No 52.4
Yes 53.3

(c) Multi-layer aggregation

Table 6 | Ablations on hyperparameter choices for SVA. Enlarging the model capacity of the
SVA module can further improve the performance.

capacity via 𝐿 or 𝑀 improves performance and that allowing vision aggregation across multiple
layers by adding cross-attention layers within the LLM also enhances performance. More
detailed experimental setups and analyses are provided in the Appendix F.

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

5. Instruction Tuning Data for Training MLLMs

Previous work highlights the importance of data in training MLLMs [45, 81, 99], but explicit
investigations are limited. Here, we gather all available instruction tuning data and examine
data curation by enhancing diversity, balancing sources, and improving mixtures. Unless
specified otherwise, experiments involve fine-tuning an OpenAI CLIP ViT-L/14@336px vision
encoder [110] with a Vicuna-1.5-7B LLM base [152].
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Cambrian-7M

OCR (27.6%) RenderedText [135] (10.0 K) RefCOCO [141] (30.0 K) CLEVR [60] (350.0 K)
Filtered DVQA (1550.0 K) VisText [125] (9.0 K) VizWiz [52] (20.0 K) TallyQA [1] (250.0 K)
DVQA [62] (775.0 K) FinQA [31] (6.0 K) Visual7W [160] (14.0 K) Code (0.8%)
SynthDog [68] (500.0 K) InfoVQA [16] (2.0 K) LAION GPT-4V [71] (11.0 K) Filtered WebSight (790.0 K)
ArxivQA [77] (100.0 K) TAT-QA [159] (2.0 K) IDK [22] (11.0 K) WebSight [72] (10.0 K)
OCRVQA [101] (80.0 K) HiTab [32] (2.0 K) OKVQA [96] (9.0 K) DaTikz [14] (47.0 K)
ScreenQA [57] (79.0 K) General (33.3%) HatefulMemes [67] (8.0 K) Design2Code [119] (0.5 K)
WIkiSQL [154] (74.0 K) ALLaVA [25] (700.0 K) OODVQA [130] (8.0 K) Math (3.2%)
Low-Level Vision [27] (50.0 K) Q-Instruct [136] (400.0 K) SketchyVQA [130] (8.0 K) Geo170K [43] (170.0 K)
DocVQA [98] (39.0 K) LNQA [109] (302.0 K) Visualmrc [124] (3.0 K) RAVEN [149] (42.0 K)
WTQ [107] (38.0 K) LVIS-Instruct4V [132] (220.0 K) Language (23.8%) GeomVerse [65] (9.0 K)
ChartQA [97] (28.0 K) LLaVA150K [83] (150.0 K) OpenOrca [79] (994.0 K) MathVision [133] (3.0 K)
IconQA [90] (27.0 K) VisualGenome [70] (86.0 K) MathInstruct [143] (262.0 K) Inter-GPS [91] (1.0 K)
Chart2Text [63] (26.0 K) VQAv2 [51] (83.0 K) OrcaMath [100] (200.0 K) TQA [5] (1.0 K)
TabMWP [89] (23.0 K) GPT4V Rewritten (77.0 K) WizardCoder [94] (143.0 K) Science (2.9%)
TextCaps [120] (22.0 K) GQA [58] (72.0 K) OpenCodeInterpreter [153] (66.0 K) Data Engine (161.0 K)
LLAVAR [150] (20.0 K) A-OKVQA [117] (50.0 K) Dolly [36] (11.0 K) PathVQA [54] (32.0 K)
ST-VQA [17] (17.0 K) AlfWorld [147] (45.0 K) Counting (8.5%) ScienceQA [92] (12.0 K)
AI2D [66] (15.0 K) ShareGPT [27] (40.0 K) Filtered CLEVR (350.0 K)

Figure 9 | 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 Cambrian-7M.
Right: All the data sources in the Cambrian dataset as well as the ones filtered in data curation.
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Image
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Figure 18 | Targeted Internet Data Collection Engine. We build a targeted internet data engine to collect
high-quality and large-scale multimodal instruction tuning data for domains like knowledge.

E.3. Data Engine

Comprehensive Implementation Details of the Data Engine

The data engine is designed to generate instruction tuning data for knowledge-based fields,
where previous works rarely covers and MLLMs are not reliable to distill for from. The data
engine takes in a given field, such as “Physics”, utilizing reliable web sources like Wikipedia.
Below are the various stages involved in the process. We also visualize this process in Fig. 18:

Stage 1 - Topic Generation: We start by compiling a list of fields and subfields and subsequently
generate topics for each field using a Large Language Model (LLM), such as GPT-4. In this
stage, we processed 30 fields, resulting in 3660 topics. We then post-process the output of LLMs
into json formats. For example, the topic data for Physics looks like below.

Physics
{

"Classical Mechanics": [
"Newton’s Laws of Motion",
"Conservation of Energy",
"Conservation of Momentum",
"Harmonic Motion",
"Rotational Dynamics",
"Gravitation and Orbits",
"Fluid Dynamics",
"Elasticity and Plasticity",
"Friction",
"Waves and Sound",
"Velocity and Acceleration",
"Angular Momentum",
"Statics and Equilibrium",
"Kinematics of Particles",
"Dynamics of Systems of Particles",
"Collisions",
"Centripetal Force and Acceleration",
"Lagrangian and Hamiltonian Mechanics",
"Chaos Theory",
"Equations of Motion"

],
"Electromagnetism": [

"Coulomb’s Law",
"Electric Field and Electric Potential",
"Gauss’s Law",
"Capacitance and Dielectrics",
"Current and Resistance",
"Direct Current Circuits",
"Magnetic Fields and Magnetic Forces",
"Ampere’s Law",
"Faraday’s Law of Induction",
"Inductance",
"Alternating Current Circuits",
"Electromagnetic Waves",
"Maxwell’s Equations",
"Electromagnetic Radiation",
"Optics and Light",
"Quantum Electrodynamics",
"Special Theory of Relativity Implication",
"Magnetostatics",
"Electrostatics",
"Bioelectromagnetism"

],
...

}

Stage 2 - Filtering Web Data: For each generated topic, we utilize search engine APIs to fetch
relevant high-quality web pages. For each topic, we query for 10 relevant links. Thus, we get
36,600 webpages post this stage. Here is an example of the data retrieved for the topic "Electric
Field and Electric Potential":

"Electric Field and Electric Potential": [

41

Question: What do the thicker lines signify?
Answer: The thicker lines in the image represent paths of 
higher average intensity in the magnetic vector potential A 
field. Shorter paths have higher intensity, ensuring that the 
path integral remains constant. These lines are drawn to 
visually convey the general behavior and intensity distribution 
of the A-field around the toroidal inductor

Targeted Data Engine
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Collect all available Instruction Tuning Data

Method General Knowledge OCR & Chart Vision-Centric

Interpolate + MLP 63.4 43.8 28.1 43.7
C-Abstractor [21] 64.4 42.8 26.1 44.3
LDPv2 [35] 62.5 43.9 28.7 43.9
SVA 65.5 44.5 31.4 46.9

Table 5 | Comparison between SVA and other spatial-based connectors vision token com-
pression. The SVA module with spatial inductive bias more effectively compresses the vision
information.

𝐿 OCR & Chart
2 52.1
3 52.4
4 52.8

(a) # layers

𝑀 OCR & Chart
1 52.4
2 52.6
3 53.1

(b) # groups

Multi-agg OCR & Chart
No 52.4
Yes 53.3

(c) Multi-layer aggregation

Table 6 | Ablations on hyperparameter choices for SVA. Enlarging the model capacity of the
SVA module can further improve the performance.

capacity via 𝐿 or 𝑀 improves performance and that allowing vision aggregation across multiple
layers by adding cross-attention layers within the LLM also enhances performance. More
detailed experimental setups and analyses are provided in the Appendix F.

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

5. Instruction Tuning Data for Training MLLMs

Previous work highlights the importance of data in training MLLMs [45, 81, 99], but explicit
investigations are limited. Here, we gather all available instruction tuning data and examine
data curation by enhancing diversity, balancing sources, and improving mixtures. Unless
specified otherwise, experiments involve fine-tuning an OpenAI CLIP ViT-L/14@336px vision
encoder [110] with a Vicuna-1.5-7B LLM base [152].
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Cambrian-7M

OCR (27.6%) RenderedText [135] (10.0 K) RefCOCO [141] (30.0 K) CLEVR [60] (350.0 K)
Filtered DVQA (1550.0 K) VisText [125] (9.0 K) VizWiz [52] (20.0 K) TallyQA [1] (250.0 K)
DVQA [62] (775.0 K) FinQA [31] (6.0 K) Visual7W [160] (14.0 K) Code (0.8%)
SynthDog [68] (500.0 K) InfoVQA [16] (2.0 K) LAION GPT-4V [71] (11.0 K) Filtered WebSight (790.0 K)
ArxivQA [77] (100.0 K) TAT-QA [159] (2.0 K) IDK [22] (11.0 K) WebSight [72] (10.0 K)
OCRVQA [101] (80.0 K) HiTab [32] (2.0 K) OKVQA [96] (9.0 K) DaTikz [14] (47.0 K)
ScreenQA [57] (79.0 K) General (33.3%) HatefulMemes [67] (8.0 K) Design2Code [119] (0.5 K)
WIkiSQL [154] (74.0 K) ALLaVA [25] (700.0 K) OODVQA [130] (8.0 K) Math (3.2%)
Low-Level Vision [27] (50.0 K) Q-Instruct [136] (400.0 K) SketchyVQA [130] (8.0 K) Geo170K [43] (170.0 K)
DocVQA [98] (39.0 K) LNQA [109] (302.0 K) Visualmrc [124] (3.0 K) RAVEN [149] (42.0 K)
WTQ [107] (38.0 K) LVIS-Instruct4V [132] (220.0 K) Language (23.8%) GeomVerse [65] (9.0 K)
ChartQA [97] (28.0 K) LLaVA150K [83] (150.0 K) OpenOrca [79] (994.0 K) MathVision [133] (3.0 K)
IconQA [90] (27.0 K) VisualGenome [70] (86.0 K) MathInstruct [143] (262.0 K) Inter-GPS [91] (1.0 K)
Chart2Text [63] (26.0 K) VQAv2 [51] (83.0 K) OrcaMath [100] (200.0 K) TQA [5] (1.0 K)
TabMWP [89] (23.0 K) GPT4V Rewritten (77.0 K) WizardCoder [94] (143.0 K) Science (2.9%)
TextCaps [120] (22.0 K) GQA [58] (72.0 K) OpenCodeInterpreter [153] (66.0 K) Data Engine (161.0 K)
LLAVAR [150] (20.0 K) A-OKVQA [117] (50.0 K) Dolly [36] (11.0 K) PathVQA [54] (32.0 K)
ST-VQA [17] (17.0 K) AlfWorld [147] (45.0 K) Counting (8.5%) ScienceQA [92] (12.0 K)
AI2D [66] (15.0 K) ShareGPT [27] (40.0 K) Filtered CLEVR (350.0 K)

Figure 9 | 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 Cambrian-7M.
Right: All the data sources in the Cambrian dataset as well as the ones filtered in data curation.
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Average General Knowledge OCR & Chart Vision-Centric
LLaVA-665K 40.7 64.7 45.2 20.8 32.0
Cambrian-10M 54.8 68.7 51.6 47.3 51.4
Cambrian-7M 55.9 69.6 52.6 47.3 54.1

Table 8 | Performance improves with better instruction tuning data curation. The model gains significant
improvements when scaling up to Cambrian-10M. With data curation, the model further improves
performance across all categories while enjoying more efficient training.

What city is this? If I want to tour around the landmark in this picture, where should I go?

Please solve this question step by step.

How many people are in this image? Based on this chart, what is the most popular tea?

What is unusual about this image? Please answer in details.

Describe this image please.

There are six people in the image.

There are six people in the image.

Based on the chart, black tea appears to be the most popular 
type of tea in the U.S. Bubble Tea Market, as it consistently 
has the highest sales volume across all years displayed.

Black Tea

This is New York City, and the prominent landmark in the image 
is the Washington Square Arch, which is located in the Greenwich 
Village neighborhood. To tour around this landmark, you should 
visit the nearby Washington Square Park, which is a popular spot 
for locals and tourists alike. The park offers a variety of 
activities, including walking paths, a fountain, and a statue of 
George Washington. Additionally, the surrounding area is rich 
with historical buildings, art galleries, and restaurants, 
making it a vibrant and culturally diverse place to explore.

New York City

The unusual aspect of this image is the anthropomorphic design of 
the church's bell tower, which is given human-like features. 
Specifically, the two windows on the tower are designed to 
resemble eyes, and the cross at the top of the tower is stylized 
to look like a nose. This creative design choice is not typical 
for church architecture, which usually favors more traditional 
and less whimsical features. The intention behind such a design 
could be to add a playful or artistic element to the building, 
possibly to attract attention or to reflect a unique character of 
the church or the community it serves.

The image is unusual because it features a church with a design 
that incorporates elements typically associated with a face. The 
two circular windows on the tower serve as eyes, and the cross 
on top of the tower is positioned to resemble a nose. This 
anthropomorphic design is not commonly found in church 
architecture, which often favors more traditional and 
conventional styles. The presence of the palm trees adds a 
tropical or subtropical feel to the scene, which may not be the 
usual setting for such a building. The overcast sky suggests a 
gloomy or somber mood, which contrasts with the whimsical nature 
of the church's design.

The image captures a serene moment in a bathroom 
setting. A fluffy, gray cat is comfortably seated 
on the edge of a white bathtub. The cat's gaze is 
directed upwards, possibly at something outside the 
frame, giving it a contemplative expression. The 
backdrop is a simple white tiled wall, which 
contrasts with the cat's fur, making it the focal 
point of the image. The overall scene suggests a 
quiet, peaceful moment in a domestic setting.

Cat in bathtub

To solve the equation (\sqrt{k+2} - x = 0), we need 
to isolate (k). Let's start by adding (x) to both 
sides of the equation to get rid of the subtraction:
(\sqrt{k+2} = x)
Now, to isolate (k), we square both sides of the 
equation:
((\sqrt{k+2})^2 = x^2)
This simplifies to:
(k+2 = x^2)
Now, we substitute (x = 9) into the equation:
(k+2 = 9^2)
(k+2 = 81)
Finally, we subtract 2 from both sides to solve for 
(k):
(k = 81 - 2)
(k = 79)
Therefore, the value of (k) when (x = 9) is 79. The 
correct answer to the question is D.

Answer is C.

w/o system prompt w/ system prompt

Figure 12 | Incorporating System Prompt in Instruction Tuning Data alleviates the “Answer Machine
Phenomenon” By adding system prompts in Cambrian-7M, the model exhibits better chat ability while
retaining strong question answering abilities. The model without system prompts requires additional
prompting to elicit longer responses.

5.3. Alleviating the “Answer Machine Phenomenon” via System Prompts

Here, we investigate a phenomenon we term the “answer machine phenomenon”. We observe
that a well-trained MLLM may excel at VQA benchmarks, but lack basic conversational abilities
and default to outputting short, curt responses (see examples in Fig. 12). This discrepancy arises
because benchmark questions typically require responses that are limited to a single option,
choice, or word—diverging from the more broad and realistic use cases of MLLMs. Similar
phenomena have been discussed in other LLM studies [115, 152, 156].

We suspect that this issue stems from instruction tuning data containing an excessive number
of short-response VQA tasks, leading to catastrophic forgetting in LLMs. To address this, we
incorporate additional system prompts during training. We append prompts such as “Answer
the question using a single word or phrase.” before questions that generate a single word or phrase
in the response. Full details of the system prompts used are provided in Appendix E.2. After
integrating these system prompts, we observe that while the model’s benchmark performance
remains unchanged, its conversational ability improves dramatically. For example, in Fig. 12,
models with system prompts produce longer and more engaging responses while answering
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Method General Knowledge OCR & Chart Vision-Centric

Interpolate + MLP 63.4 43.8 28.1 43.7
C-Abstractor [21] 64.4 42.8 26.1 44.3
LDPv2 [35] 62.5 43.9 28.7 43.9
SVA 65.5 44.5 31.4 46.9

Table 5 | Comparison between SVA and other spatial-based connectors vision token com-
pression. The SVA module with spatial inductive bias more effectively compresses the vision
information.

𝐿 OCR & Chart
2 52.1
3 52.4
4 52.8

(a) # layers

𝑀 OCR & Chart
1 52.4
2 52.6
3 53.1

(b) # groups

Multi-agg OCR & Chart
No 52.4
Yes 53.3

(c) Multi-layer aggregation

Table 6 | Ablations on hyperparameter choices for SVA. Enlarging the model capacity of the
SVA module can further improve the performance.

capacity via 𝐿 or 𝑀 improves performance and that allowing vision aggregation across multiple
layers by adding cross-attention layers within the LLM also enhances performance. More
detailed experimental setups and analyses are provided in the Appendix F.

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

5. Instruction Tuning Data for Training MLLMs

Previous work highlights the importance of data in training MLLMs [45, 81, 99], but explicit
investigations are limited. Here, we gather all available instruction tuning data and examine
data curation by enhancing diversity, balancing sources, and improving mixtures. Unless
specified otherwise, experiments involve fine-tuning an OpenAI CLIP ViT-L/14@336px vision
encoder [110] with a Vicuna-1.5-7B LLM base [152].

Sc
ie
nc
e

M
at
h

Cambrian-7M

OCR (27.6%) RenderedText [135] (10.0 K) RefCOCO [141] (30.0 K) CLEVR [60] (350.0 K)
Filtered DVQA (1550.0 K) VisText [125] (9.0 K) VizWiz [52] (20.0 K) TallyQA [1] (250.0 K)
DVQA [62] (775.0 K) FinQA [31] (6.0 K) Visual7W [160] (14.0 K) Code (0.8%)
SynthDog [68] (500.0 K) InfoVQA [16] (2.0 K) LAION GPT-4V [71] (11.0 K) Filtered WebSight (790.0 K)
ArxivQA [77] (100.0 K) TAT-QA [159] (2.0 K) IDK [22] (11.0 K) WebSight [72] (10.0 K)
OCRVQA [101] (80.0 K) HiTab [32] (2.0 K) OKVQA [96] (9.0 K) DaTikz [14] (47.0 K)
ScreenQA [57] (79.0 K) General (33.3%) HatefulMemes [67] (8.0 K) Design2Code [119] (0.5 K)
WIkiSQL [154] (74.0 K) ALLaVA [25] (700.0 K) OODVQA [130] (8.0 K) Math (3.2%)
Low-Level Vision [27] (50.0 K) Q-Instruct [136] (400.0 K) SketchyVQA [130] (8.0 K) Geo170K [43] (170.0 K)
DocVQA [98] (39.0 K) LNQA [109] (302.0 K) Visualmrc [124] (3.0 K) RAVEN [149] (42.0 K)
WTQ [107] (38.0 K) LVIS-Instruct4V [132] (220.0 K) Language (23.8%) GeomVerse [65] (9.0 K)
ChartQA [97] (28.0 K) LLaVA150K [83] (150.0 K) OpenOrca [79] (994.0 K) MathVision [133] (3.0 K)
IconQA [90] (27.0 K) VisualGenome [70] (86.0 K) MathInstruct [143] (262.0 K) Inter-GPS [91] (1.0 K)
Chart2Text [63] (26.0 K) VQAv2 [51] (83.0 K) OrcaMath [100] (200.0 K) TQA [5] (1.0 K)
TabMWP [89] (23.0 K) GPT4V Rewritten (77.0 K) WizardCoder [94] (143.0 K) Science (2.9%)
TextCaps [120] (22.0 K) GQA [58] (72.0 K) OpenCodeInterpreter [153] (66.0 K) Data Engine (161.0 K)
LLAVAR [150] (20.0 K) A-OKVQA [117] (50.0 K) Dolly [36] (11.0 K) PathVQA [54] (32.0 K)
ST-VQA [17] (17.0 K) AlfWorld [147] (45.0 K) Counting (8.5%) ScienceQA [92] (12.0 K)
AI2D [66] (15.0 K) ShareGPT [27] (40.0 K) Filtered CLEVR (350.0 K)

Figure 9 | 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 Cambrian-7M.
Right: All the data sources in the Cambrian dataset as well as the ones filtered in data curation.
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Average General Knowledge OCR & Chart Vision-Centric
LLaVA-665K 40.7 64.7 45.2 20.8 32.0
Cambrian-10M 54.8 68.7 51.6 47.3 51.4
Cambrian-7M 55.9 69.6 52.6 47.3 54.1

Table 8 | Performance improves with better instruction tuning data curation. The model gains significant
improvements when scaling up to Cambrian-10M. With data curation, the model further improves
performance across all categories while enjoying more efficient training.

What city is this? If I want to tour around the landmark in this picture, where should I go?

Please solve this question step by step.

How many people are in this image? Based on this chart, what is the most popular tea?

What is unusual about this image? Please answer in details.

Describe this image please.

There are six people in the image.

There are six people in the image.

Based on the chart, black tea appears to be the most popular 
type of tea in the U.S. Bubble Tea Market, as it consistently 
has the highest sales volume across all years displayed.

Black Tea

This is New York City, and the prominent landmark in the image 
is the Washington Square Arch, which is located in the Greenwich 
Village neighborhood. To tour around this landmark, you should 
visit the nearby Washington Square Park, which is a popular spot 
for locals and tourists alike. The park offers a variety of 
activities, including walking paths, a fountain, and a statue of 
George Washington. Additionally, the surrounding area is rich 
with historical buildings, art galleries, and restaurants, 
making it a vibrant and culturally diverse place to explore.

New York City

The unusual aspect of this image is the anthropomorphic design of 
the church's bell tower, which is given human-like features. 
Specifically, the two windows on the tower are designed to 
resemble eyes, and the cross at the top of the tower is stylized 
to look like a nose. This creative design choice is not typical 
for church architecture, which usually favors more traditional 
and less whimsical features. The intention behind such a design 
could be to add a playful or artistic element to the building, 
possibly to attract attention or to reflect a unique character of 
the church or the community it serves.

The image is unusual because it features a church with a design 
that incorporates elements typically associated with a face. The 
two circular windows on the tower serve as eyes, and the cross 
on top of the tower is positioned to resemble a nose. This 
anthropomorphic design is not commonly found in church 
architecture, which often favors more traditional and 
conventional styles. The presence of the palm trees adds a 
tropical or subtropical feel to the scene, which may not be the 
usual setting for such a building. The overcast sky suggests a 
gloomy or somber mood, which contrasts with the whimsical nature 
of the church's design.

The image captures a serene moment in a bathroom 
setting. A fluffy, gray cat is comfortably seated 
on the edge of a white bathtub. The cat's gaze is 
directed upwards, possibly at something outside the 
frame, giving it a contemplative expression. The 
backdrop is a simple white tiled wall, which 
contrasts with the cat's fur, making it the focal 
point of the image. The overall scene suggests a 
quiet, peaceful moment in a domestic setting.

Cat in bathtub

To solve the equation (\sqrt{k+2} - x = 0), we need 
to isolate (k). Let's start by adding (x) to both 
sides of the equation to get rid of the subtraction:
(\sqrt{k+2} = x)
Now, to isolate (k), we square both sides of the 
equation:
((\sqrt{k+2})^2 = x^2)
This simplifies to:
(k+2 = x^2)
Now, we substitute (x = 9) into the equation:
(k+2 = 9^2)
(k+2 = 81)
Finally, we subtract 2 from both sides to solve for 
(k):
(k = 81 - 2)
(k = 79)
Therefore, the value of (k) when (x = 9) is 79. The 
correct answer to the question is D.

Answer is C.

w/o system prompt w/ system prompt

Figure 12 | Incorporating System Prompt in Instruction Tuning Data alleviates the “Answer Machine
Phenomenon” By adding system prompts in Cambrian-7M, the model exhibits better chat ability while
retaining strong question answering abilities. The model without system prompts requires additional
prompting to elicit longer responses.

5.3. Alleviating the “Answer Machine Phenomenon” via System Prompts

Here, we investigate a phenomenon we term the “answer machine phenomenon”. We observe
that a well-trained MLLM may excel at VQA benchmarks, but lack basic conversational abilities
and default to outputting short, curt responses (see examples in Fig. 12). This discrepancy arises
because benchmark questions typically require responses that are limited to a single option,
choice, or word—diverging from the more broad and realistic use cases of MLLMs. Similar
phenomena have been discussed in other LLM studies [115, 152, 156].

We suspect that this issue stems from instruction tuning data containing an excessive number
of short-response VQA tasks, leading to catastrophic forgetting in LLMs. To address this, we
incorporate additional system prompts during training. We append prompts such as “Answer
the question using a single word or phrase.” before questions that generate a single word or phrase
in the response. Full details of the system prompts used are provided in Appendix E.2. After
integrating these system prompts, we observe that while the model’s benchmark performance
remains unchanged, its conversational ability improves dramatically. For example, in Fig. 12,
models with system prompts produce longer and more engaging responses while answering
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Index Response formatting prompts
1 Answer the question using a single word or phrase.
2 Answer the question using a single number or phrase.
3 Answer with the option’s letter from the given choices directly.
4 Give the short answer directly.
5 Answer the question using a single word or phrase.
6 When the provided information is insufficient, respond with <no answer>.
7 Directly provide the HTML code.
8 First show your reasoning process and then give the final answer.
9 When the provided information is insufficient, respond with ’Unanswerable’.

Answer the question using a single word or phrase.
10 Answer with the letter.

Dataset Prompts added
SketchyVQA 1
OODVQA 1
VizWiz 9
Q-Instruct 1, 3
ChartQA 2
DocVQA 4
DVQA 1
AI2D 1
ScreenQA 1, 6
CLEVR 1
TallyQA 1
PathVQA 1
MathInstruct 8
Design2Code 7
IconQA 1, 10
HiTab 1
WTQ 1
WikiSQL 1
Inter-GPS 10
Visual7W 3
TQA 10
RAVEN 1

Table 18 | Response formatting prompts for Cambrian Data
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Average General Knowledge OCR & Chart Vision-Centric
LLaVA-665K 40.7 64.7 45.2 20.8 32.0
Cambrian-10M 54.8 68.7 51.6 47.3 51.4
Cambrian-7M 55.9 69.6 52.6 47.3 54.1

Table 8 | Performance improves with better instruction tuning data curation. The model gains significant
improvements when scaling up to Cambrian-10M. With data curation, the model further improves
performance across all categories while enjoying more efficient training.

What city is this? If I want to tour around the landmark in this picture, where should I go?

Please solve this question step by step.

How many people are in this image? Based on this chart, what is the most popular tea?

What is unusual about this image? Please answer in details.

Describe this image please.

There are six people in the image.

There are six people in the image.

Based on the chart, black tea appears to be the most popular 
type of tea in the U.S. Bubble Tea Market, as it consistently 
has the highest sales volume across all years displayed.

Black Tea

This is New York City, and the prominent landmark in the image 
is the Washington Square Arch, which is located in the Greenwich 
Village neighborhood. To tour around this landmark, you should 
visit the nearby Washington Square Park, which is a popular spot 
for locals and tourists alike. The park offers a variety of 
activities, including walking paths, a fountain, and a statue of 
George Washington. Additionally, the surrounding area is rich 
with historical buildings, art galleries, and restaurants, 
making it a vibrant and culturally diverse place to explore.

New York City

The unusual aspect of this image is the anthropomorphic design of 
the church's bell tower, which is given human-like features. 
Specifically, the two windows on the tower are designed to 
resemble eyes, and the cross at the top of the tower is stylized 
to look like a nose. This creative design choice is not typical 
for church architecture, which usually favors more traditional 
and less whimsical features. The intention behind such a design 
could be to add a playful or artistic element to the building, 
possibly to attract attention or to reflect a unique character of 
the church or the community it serves.

The image is unusual because it features a church with a design 
that incorporates elements typically associated with a face. The 
two circular windows on the tower serve as eyes, and the cross 
on top of the tower is positioned to resemble a nose. This 
anthropomorphic design is not commonly found in church 
architecture, which often favors more traditional and 
conventional styles. The presence of the palm trees adds a 
tropical or subtropical feel to the scene, which may not be the 
usual setting for such a building. The overcast sky suggests a 
gloomy or somber mood, which contrasts with the whimsical nature 
of the church's design.

The image captures a serene moment in a bathroom 
setting. A fluffy, gray cat is comfortably seated 
on the edge of a white bathtub. The cat's gaze is 
directed upwards, possibly at something outside the 
frame, giving it a contemplative expression. The 
backdrop is a simple white tiled wall, which 
contrasts with the cat's fur, making it the focal 
point of the image. The overall scene suggests a 
quiet, peaceful moment in a domestic setting.

Cat in bathtub

To solve the equation (\sqrt{k+2} - x = 0), we need 
to isolate (k). Let's start by adding (x) to both 
sides of the equation to get rid of the subtraction:
(\sqrt{k+2} = x)
Now, to isolate (k), we square both sides of the 
equation:
((\sqrt{k+2})^2 = x^2)
This simplifies to:
(k+2 = x^2)
Now, we substitute (x = 9) into the equation:
(k+2 = 9^2)
(k+2 = 81)
Finally, we subtract 2 from both sides to solve for 
(k):
(k = 81 - 2)
(k = 79)
Therefore, the value of (k) when (x = 9) is 79. The 
correct answer to the question is D.

Answer is C.

w/o system prompt w/ system prompt

Figure 12 | Incorporating System Prompt in Instruction Tuning Data alleviates the “Answer Machine
Phenomenon” By adding system prompts in Cambrian-7M, the model exhibits better chat ability while
retaining strong question answering abilities. The model without system prompts requires additional
prompting to elicit longer responses.

5.3. Alleviating the “Answer Machine Phenomenon” via System Prompts

Here, we investigate a phenomenon we term the “answer machine phenomenon”. We observe
that a well-trained MLLM may excel at VQA benchmarks, but lack basic conversational abilities
and default to outputting short, curt responses (see examples in Fig. 12). This discrepancy arises
because benchmark questions typically require responses that are limited to a single option,
choice, or word—diverging from the more broad and realistic use cases of MLLMs. Similar
phenomena have been discussed in other LLM studies [115, 152, 156].

We suspect that this issue stems from instruction tuning data containing an excessive number
of short-response VQA tasks, leading to catastrophic forgetting in LLMs. To address this, we
incorporate additional system prompts during training. We append prompts such as “Answer
the question using a single word or phrase.” before questions that generate a single word or phrase
in the response. Full details of the system prompts used are provided in Appendix E.2. After
integrating these system prompts, we observe that while the model’s benchmark performance
remains unchanged, its conversational ability improves dramatically. For example, in Fig. 12,
models with system prompts produce longer and more engaging responses while answering
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System Prompt alleviates “Answer Machine Phenomenon”

Average General Knowledge OCR & Chart Vision-Centric
LLaVA-665K 40.7 64.7 45.2 20.8 32.0
Cambrian-10M 54.8 68.7 51.6 47.3 51.4
Cambrian-7M 55.9 69.6 52.6 47.3 54.1

Table 8 | Performance improves with better instruction tuning data curation. The model gains significant
improvements when scaling up to Cambrian-10M. With data curation, the model further improves
performance across all categories while enjoying more efficient training.

What city is this? If I want to tour around the landmark in this picture, where should I go?

Please solve this question step by step.

How many people are in this image? Based on this chart, what is the most popular tea?

What is unusual about this image? Please answer in details.

Describe this image please.

There are six people in the image.

There are six people in the image.

Based on the chart, black tea appears to be the most popular 
type of tea in the U.S. Bubble Tea Market, as it consistently 
has the highest sales volume across all years displayed.

Black Tea

This is New York City, and the prominent landmark in the image 
is the Washington Square Arch, which is located in the Greenwich 
Village neighborhood. To tour around this landmark, you should 
visit the nearby Washington Square Park, which is a popular spot 
for locals and tourists alike. The park offers a variety of 
activities, including walking paths, a fountain, and a statue of 
George Washington. Additionally, the surrounding area is rich 
with historical buildings, art galleries, and restaurants, 
making it a vibrant and culturally diverse place to explore.

New York City

The unusual aspect of this image is the anthropomorphic design of 
the church's bell tower, which is given human-like features. 
Specifically, the two windows on the tower are designed to 
resemble eyes, and the cross at the top of the tower is stylized 
to look like a nose. This creative design choice is not typical 
for church architecture, which usually favors more traditional 
and less whimsical features. The intention behind such a design 
could be to add a playful or artistic element to the building, 
possibly to attract attention or to reflect a unique character of 
the church or the community it serves.

The image is unusual because it features a church with a design 
that incorporates elements typically associated with a face. The 
two circular windows on the tower serve as eyes, and the cross 
on top of the tower is positioned to resemble a nose. This 
anthropomorphic design is not commonly found in church 
architecture, which often favors more traditional and 
conventional styles. The presence of the palm trees adds a 
tropical or subtropical feel to the scene, which may not be the 
usual setting for such a building. The overcast sky suggests a 
gloomy or somber mood, which contrasts with the whimsical nature 
of the church's design.

The image captures a serene moment in a bathroom 
setting. A fluffy, gray cat is comfortably seated 
on the edge of a white bathtub. The cat's gaze is 
directed upwards, possibly at something outside the 
frame, giving it a contemplative expression. The 
backdrop is a simple white tiled wall, which 
contrasts with the cat's fur, making it the focal 
point of the image. The overall scene suggests a 
quiet, peaceful moment in a domestic setting.

Cat in bathtub

To solve the equation (\sqrt{k+2} - x = 0), we need 
to isolate (k). Let's start by adding (x) to both 
sides of the equation to get rid of the subtraction:
(\sqrt{k+2} = x)
Now, to isolate (k), we square both sides of the 
equation:
((\sqrt{k+2})^2 = x^2)
This simplifies to:
(k+2 = x^2)
Now, we substitute (x = 9) into the equation:
(k+2 = 9^2)
(k+2 = 81)
Finally, we subtract 2 from both sides to solve for 
(k):
(k = 81 - 2)
(k = 79)
Therefore, the value of (k) when (x = 9) is 79. The 
correct answer to the question is D.

Answer is C.

w/o system prompt w/ system prompt

Figure 12 | Incorporating System Prompt in Instruction Tuning Data alleviates the “Answer Machine
Phenomenon” By adding system prompts in Cambrian-7M, the model exhibits better chat ability while
retaining strong question answering abilities. The model without system prompts requires additional
prompting to elicit longer responses.

5.3. Alleviating the “Answer Machine Phenomenon” via System Prompts

Here, we investigate a phenomenon we term the “answer machine phenomenon”. We observe
that a well-trained MLLM may excel at VQA benchmarks, but lack basic conversational abilities
and default to outputting short, curt responses (see examples in Fig. 12). This discrepancy arises
because benchmark questions typically require responses that are limited to a single option,
choice, or word—diverging from the more broad and realistic use cases of MLLMs. Similar
phenomena have been discussed in other LLM studies [115, 152, 156].

We suspect that this issue stems from instruction tuning data containing an excessive number
of short-response VQA tasks, leading to catastrophic forgetting in LLMs. To address this, we
incorporate additional system prompts during training. We append prompts such as “Answer
the question using a single word or phrase.” before questions that generate a single word or phrase
in the response. Full details of the system prompts used are provided in Appendix E.2. After
integrating these system prompts, we observe that while the model’s benchmark performance
remains unchanged, its conversational ability improves dramatically. For example, in Fig. 12,
models with system prompts produce longer and more engaging responses while answering
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Curation: Text Preprocessing
§5.3



Cambrian-1 Models



Cambrian-1 Models

cambrian-1-8b     [Llama-3]

cambrian-1-13b   [Vicuna-1.5]

cambrian-1-34b   [Hermes2-Yi]



“SOTA” Performance
§6



Takeaways & What’s Next?

● We need to develop better visual representations
○ There is no perfect representation
○ We can use MLLMs as vision model evaluator 

● Continuous develop on evaluation benchmarks
○ We can breakdown and group benchmarks into categories  
○ Model developments go far beyond current benchmarks e.g. chat, creativity, reliability, etc

● The tradeoff between # of Tokens and High-Resolution
○ Using Convnet helps to process high-res efficiently and effectively
○ Spatial Inductive Bias in SVA is also important

● Data! Data! Data!

● Training & Post-Training
○ End-to-end training instead of fine-tuning LLM
○ Post-Training: Using RL, potentially exceeds the limit of SFT, for example Decision-Making Abilities 
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Takeaways & What’s Next?

● We need to develop better visual representations
○ There is no perfect representation
○ We can use MLLMs as vision model evaluator 

● Continuously improve evaluation benchmarks
○ We can breakdown and group benchmarks into categories  
○ Model developments go far beyond current benchmarks e.g. chat, creativity, reliability, etc

● The tradeoff between # of Tokens and High-Resolution
○ Using Hi-Res encoders (eg, ConvNets) helps to process high-res efficiently and effectively
○ Spatial Inductive Bias in SVA is also important

● Data! Data! Data!
○ Data Collection, Balancing, Ratio and Preprocessing

● Training & Post-Training
○ End-to-end training instead of fine-tuning LLM
○ Post-Training: Using RL, potentially bypasses limitations of SFT, e.g. Decision-Making Abilities         



Thank you!
https://cambrian-mllm.github.io/

Poster 11am–2pm!
East Exhibit Hall A-C #3700



II: Spatial Intelligence
1. VSI-Bench*: Benchmarking Spatial Intelligence
2. SIMS-V: Spatial Training via Embodied Simulator
3. Test-Set Stress Test: Debiasing Benchmarks

90

https://vision-x-nyu.github.io/thinking-in-space.github.io/
https://vision-x-nyu.github.io/thinking-in-space.github.io/
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Thinking in Space:
How Multimodal Large Language Models 

See, Remember, and Recall Spaces

Jihan Yang*,  Shusheng Yang*,  Anjali W. Gupta*,  Rilyn Han*,  
Li Fei-Fei,  Saining Xie



We study space, but not thinking… We study thinking, but not in space…

In computer vision…

[Video-MME, Fu et al. 2024][ScanNet, Dai et al. 2017]



Watch the video and answer the question

How many chairs are there in this room?

Ground Truth: 9

Gemini-1.5 Pro Answer: 4

Your Answer: ?



Watch the video and answer the question

If I am standing by the nightstand and facing the 
chair, is the closet to the left or the right of the 
chair?

A. Left B. Right

Ground Truth: Left

Gemini-1.5 Pro Answer: Right

Your Answer: ?



How do humans do this? 
Can models do this? How?



VSI-Bench



If I am standing by the nightstand 
and facing the chair, is the closet to 
the left or the right of the chair?

Left

Video

Question

GT

Model

Prediction

Benchmark Formulation

Difference



47.6%

12.1%

40.3%

Task Definition

Spatiotemporal Tasks
Appearance Order Configuration Tasks

Object Count

Relative Direction

Relative Distance

Route PlanMeasurement Tasks
Object Size

Absolute Distance

Room Size



How can we construct the benchmark?

Real-world Video Ground Truth
Object Counts
Room Size
Direction
Distance
···

Build From Scratch



Repurposing Existing 3D Dataset!

ScanNet
ScanNet++
ARKitScenes

Object Category
3D Boxes
Segmentation Map
···

Object Counts
Object Size
Room Size
Distance
Direction
Appearance
···

Meta Information

Automatic QA
Generation

Human In the Loop Verifying and Filtering

5K+ High Quality QA Pairs
Affordable Human Efforts



Chance Level Gemini 1.5 Pro Human Open-Source MLLMs

Benchmarking MLLMs on VSI-Bench
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Configuration 
and Spatial 
Temporal Tasks

Measurement Tasks



How Do MLLMs Think in 

Space?



How Do MLLMs Think in Space?
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Gap between human and model



Prompt Model to Explain Itself

MLLM Explanatio
n

How Do MLLMs Think in Space?

Input Answer



Visual Perception

Linguistic Intelligence

Relational Reasoning

Egocentric-Allocentric

Spatial Reasoning

Error BreakdownAnalysis by Self-
Explanation

Recognition error

Logic/Math reasoning error

Distance/Size/Direction reasoning error

Perspective-taking and spatial layouts error



Visual Perception

Linguistic Intelligence

Relational Reasoning

Egocentric-Allocentric

Spatial Reasoning

From 163 incorrect samples

71% spatial reasoning
errors

Spatial reasoning is the main bottleneck for MLLMs on VSI-Bench

19%

10%
30%

41%

Error BreakdownAnalysis by Self-
Explanation



Takeaways

MLLMs exhibit sub-human visual-spatial intelligence.

Linguistic prompting techniques, although effective in language reasoning and general 
visual tasks, are harmful for spatial reasoning.

When remembering spaces, a MLLM forms a series of local world models rather than a 
single global model. 

Spatial reasoning, as opposed to visual perception or linguistic intelligence, is the main 
bottleneck to performance on VSI-Bench.



So models fail at spatial reasoning…

Limiting factor = the training data.

How do we fix this?



⇒ 3D Simulators!
• Idea: Use simulators to 

generate spatial training data 
with perfect GT annos. No 
human labeling needed

• SAT: 175K spatial QA pairs 
from ProcTHOR scenes

• Key result: Sim training 
transfers to real evals 

• Limitation: single-image only
• Video is much harder
• No help on VSI-Bench!
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Published as a conference paper at COLM 2025

SAT: Dynamic Spatial Aptitude Training for Multimodal
Language Models

Arijit Ray,1 Jiafei Duan,2† Ellis Brown,5† Reuben Tan,1,4 Dina Bashkirova,1
Rose Hendrix,3 Kiana Ehsani,3 Aniruddha Kembhavi,2,3 Bryan A. Plummer,1
Ranjay Krishna,2,3→ Kuo-Hao Zeng,3→ Kate Saenko1→

1Boston University, 2University of Washington,
3Allen Institute for AI, 4Microsoft Research, 5New York University
https://arijitray.com/SAT/

Figure 1: We propose Spatial Aptitude Training (SAT), which generates simulated spatial
training data that allows us to go beyond simple static relationships in existing datasets.
Inspired by cognitive science, we add more challenging dynamic questions that require
reasoning about ego and object motion. SAT improves performance on both existing spatial
benchmarks and dynamic reasoning on our new real-image benchmark.

Abstract

Reasoning about motion and space is a fundamental cognitive capability
that is required by multiple real-world applications. While many stud-
ies highlight that large multimodal language models (MLMs) struggle to
reason about space, they only focus on static spatial relationships, and
not dynamic awareness of motion and space—i.e., reasoning about the ef-
fect of egocentric and object motions on spatial relationships. Manually
annotating such object and camera movements is expensive. Hence, we
introduce SAT, a simulated spatial aptitude training dataset utilizing 3D
simulators, comprising both static and dynamic spatial reasoning across
175,000 question-answer (QA) pairs and 20,000 scenes. Complementing
this, we also construct a small (150 image-QAs) yet challenging dynamic
spatial test set using real-world images. Leveraging our SAT datasets and
6 existing static spatial benchmarks, we systematically investigate what
improves both static and dynamic spatial awareness. Our results reveal
that simulations are surprisingly effective at imparting spatial aptitude to
MLMs that translate to real images. We show that perfect annotations in sim-
ulation are more effective than existing approaches of pseudo-annotating

→equal advising, †joint second author
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Language Models
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Simulated SAT Training 

Is it safe to turn left and move 
forward in this picture?

SAT (us): No

If I need to go to the back 
of the train, do I turn left or 

right? SAT (us): left

Were any of the objects moved 
from the 1st scene to 2nd? 

SAT (us): Chair was moved left

SAT Tuning Improvements

LLaVA-1.5

LLaVA-Vid

Δ 
Ac

c
Δ 

Ac
c

Real-world improvements on spatial reasoning
Static and dynamic (reasoning about effect of ego and object motion)

Is the dog on the 
motorcycle?

SAT (us): No, it is laying 
beside…

Static: Where is 
counter w.r.t window?
Counter is right of window

Dynamic: Did any 
object move?

Toaster moved left and 
away from camera

. . .

Static (Existing Bench)

Object Movement

Action Consequence Goal Aim

If I sit by the dog and face the 
same direction as the dog, will 
the lamp be to my left or right?

SAT (us): Right

Perspective

Egocentric Movement

How did the camera rotate 
from the 1st scene to 2nd? 

SAT (us): Rotated right

Figure 1: We propose Spatial Aptitude Training (SAT), which generates simulated spatial
training data that allows us to go beyond simple static relationships in existing datasets.
Inspired by cognitive science, we add more challenging dynamic questions that require
reasoning about ego and object motion. SAT improves performance on both existing spatial
benchmarks and dynamic reasoning on our new real-image benchmark.

Abstract

Reasoning about motion and space is a fundamental cognitive capability
that is required by multiple real-world applications. While many stud-
ies highlight that large multimodal language models (MLMs) struggle to
reason about space, they only focus on static spatial relationships, and
not dynamic awareness of motion and space—i.e., reasoning about the ef-
fect of egocentric and object motions on spatial relationships. Manually
annotating such object and camera movements is expensive. Hence, we
introduce SAT, a simulated spatial aptitude training dataset utilizing 3D
simulators, comprising both static and dynamic spatial reasoning across
175,000 question-answer (QA) pairs and 20,000 scenes. Complementing
this, we also construct a small (150 image-QAs) yet challenging dynamic
spatial test set using real-world images. Leveraging our SAT datasets and
6 existing static spatial benchmarks, we systematically investigate what
improves both static and dynamic spatial awareness. Our results reveal
that simulations are surprisingly effective at imparting spatial aptitude to
MLMs that translate to real images. We show that perfect annotations in sim-
ulation are more effective than existing approaches of pseudo-annotating
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SIMS-V: Simulated Instruction-Tuning for Spatial Video Understanding

Ellis Brown1 Arijit Ray2 Ranjay Krishna3 Ross Girshick4 Rob Fergus1 Saining Xie1

1New York University 2Boston University 3AllenAI 4Vercept
https://ellisbrown.github.io/sims-v

Abstract

Despite impressive high-level video comprehension, multimodal language models struggle with
spatial reasoning across time and space. While current spatial training approaches rely on real-
world video data, obtaining diverse footage with precise spatial annotations remains a bottleneck.
To alleviate this bottleneck, we present SIMS-V—a systematic data-generation framework that
leverages the privileged information of 3D simulators to create spatially-rich video training data for
multimodal language models. Using this framework, we investigate which properties of simulated
data drive effective real-world transfer through systematic ablations of question types, mixes, and
scales. We identify a minimal set of three question categories (metric measurement, perspective-
dependent reasoning, and temporal tracking) that prove most effective for developing transferable
spatial intelligence, outperforming comprehensive coverage despite using fewer question types.
These insights enable highly efficient training: our 7B-parameter video LLM fine-tuned on just 25K
simulated examples outperforms the larger 72B baseline and achieves competitive performance
with proprietary models on rigorous real-world spatial reasoning benchmarks. Our approach
demonstrates robust generalization, maintaining performance on general video understanding
while showing substantial improvements on embodied and real-world spatial tasks.

Sample Camera Points
Trajectory

3D Layout

Programmatic 
Spatial QAs

_Simulating 3D-consistent spatial video training data …_ _… that improves spatial understanding in real videos_

Obs. Level

+ 8.4%
LLaVA-Vid

+ 5.4%
LLaVA-OV

and on out-of-domain tasks

+ 8.6%
LLaVA-Vid

+ 4.5%
LLaVA-Vid

Q: What is the future state of the white 
SUV in the middle?

VSI-Bench

Q: What is the distance between the TV and 
the keyboard, in meters?

Q: Can another cookie jar 
fit on the cookie jar shelf?

on targeted “in-domain” tasks

OpenEQA MME-RealWorld

Figure 1 | SIMS-V enables learning real-world spatial concepts in simulation. We generate
spatially-rich videos with dense spatial annotations via privileged simulator data, creating diverse
question-answer pairs. Models trained on this simulated data transfer effectively to real-world
spatial reasoning benchmarks.
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Motivation

• Video LLMs have strong general performance but lack spatial 
understanding
• → Thinking in Space

• Real-world training data is hard to get
• Unscalable



Overview
Sample Camera Points
Trajectory

3D Layout

Programmatic 
Spatial QAs

_Simulating 3D-consistent spatial video training data …_ _… that improves spatial understanding in real videos_

Obs. Level

+ 8.4%
LLaVA-Vid

+ 5.4%
LLaVA-OV

and on out-of-domain tasks

+ 8.6%
LLaVA-Vid

+ 4.5%
LLaVA-Vid

Q: What is the future state of the white 
SUV in the middle?

VSI-Bench

Q: What is the distance between the TV and 
the keyboard, in meters?

Q: Can another cookie jar 
fit on the cookie jar shelf?

on targeted “in-domain” tasks

OpenEQA MME-RealWorld

• SIMS-V leverages the spatial consistency of simulated 3D environments to create diverse, accurately-annotated 
training examples without the prohibitive costs of manual real-world data collection.

• ⇒ Demonstrate effective Sim2Real transfer



Simulated Spatial Instruction-Tuning
Extract Dense Annotations

Global Spatial Data

Room|1:
  type: Kitchen
 area: 22.19m²
  length: 4.21m
  width: 6.32m
  floor: DarkWood
...

Objects:
  Microwave|1|50:
    centroid: 
      [0.1,6.5,1.5]
    dimensions:
      [0.2,0.8,0.6]
    type: Microwave
  ...

Observation-Level Data

Obs 1:
  idx: 1
  time: 11.85s
  x: 11.8
  y: 9.2
  z: 0.9
...

Visible @ Obs 1:
  AlarmClock|4|11:
    centroid:
      [0.2,0.3,0.9]
    dimensions:
      [0.1,0.2,0.2]
    type: AlarmClock
  ...

Trajectory Capture

Simulate Record

Scene Generation

! ProcTHOR " ObjaverseXL

Spatial QA Gen

Filter to visible data

Generate Video QAs

Size Order

Dist. Count

Type Fmt

MC

OE

QC / check ambiguityPlan Traj.



Simulated Spatial 
Instruction-
Tuning

1. Video Generation
i. Scene Generation

i. Simulator: Ai2THOR
ii. Environments: ProcTHOR + Objaverse objects

ii. Trajectory capture
i. Planner: use GT to plan S.P. traversal through every room in scene
ii. Simulate/Record: execute plan in Ai2THOR (ultra quality), record raw 

observations

Extract Dense Annotations

Global Spatial Data

Room|1:
  type: Kitchen
 area: 22.19m²
  length: 4.21m
  width: 6.32m
  floor: DarkWood
...

Objects:
  Microwave|1|50:
    centroid: 
      [0.1,6.5,1.5]
    dimensions:
      [0.2,0.8,0.6]
    type: Microwave
  ...

Observation-Level Data

Obs 1:
  idx: 1
  time: 11.85s
  x: 11.8
  y: 9.2
  z: 0.9
...

Visible @ Obs 1:
  AlarmClock|4|11:
    centroid:
      [0.2,0.3,0.9]
    dimensions:
      [0.1,0.2,0.2]
    type: AlarmClock
  ...

Trajectory Capture

Simulate Record

Scene Generation

! ProcTHOR " ObjaverseXL

Spatial QA Gen

Filter to visible data

Generate Video QAs

Size Order

Dist. Count

Type Fmt

MC

OE

QC / check ambiguityPlan Traj.



2. Extract Dense Annos
i. Observation-level Data

i. Detailed info about what was seen @ each observation
i. Agent position
ii. Time
iii. Visible objects

ii. Global Spatial Data
i. Comprehensive scene-level info directly from environment spec

i. Room layouts
ii. 3D obj positions, sizes etc + metadata

Extract Dense Annotations

Global Spatial Data

Room|1:
  type: Kitchen
 area: 22.19m²
  length: 4.21m
  width: 6.32m
  floor: DarkWood
...

Objects:
  Microwave|1|50:
    centroid: 
      [0.1,6.5,1.5]
    dimensions:
      [0.2,0.8,0.6]
    type: Microwave
  ...

Observation-Level Data

Obs 1:
  idx: 1
  time: 11.85s
  x: 11.8
  y: 9.2
  z: 0.9
...

Visible @ Obs 1:
  AlarmClock|4|11:
    centroid:
      [0.2,0.3,0.9]
    dimensions:
      [0.1,0.2,0.2]
    type: AlarmClock
  ...

Trajectory Capture

Simulate Record

Scene Generation

! ProcTHOR " ObjaverseXL

Spatial QA Gen

Filter to visible data

Generate Video QAs

Size Order

Dist. Count

Type Fmt

MC

OE

QC / check ambiguityPlan Traj.

Simulated Spatial 
Instruction-Tuning



3. Spatial QA Gen
i. Filter/preprocess metadata

i. Get set of objects that were visible at any point during trajectory
ii. Use a minimum % of pixels as a “visibility” threshold

ii. Generate Qas
i. Leverage the filtered global + observation level data with various preset 

templates to generate Qas
iii. Quality Control

i. Added checks to see if MC answers are ambiguous, semantic category objects 
too similar, etc.

Extract Dense Annotations

Global Spatial Data

Room|1:
  type: Kitchen
 area: 22.19m²
  length: 4.21m
  width: 6.32m
  floor: DarkWood
...

Objects:
  Microwave|1|50:
    centroid: 
      [0.1,6.5,1.5]
    dimensions:
      [0.2,0.8,0.6]
    type: Microwave
  ...

Observation-Level Data

Obs 1:
  idx: 1
  time: 11.85s
  x: 11.8
  y: 9.2
  z: 0.9
...

Visible @ Obs 1:
  AlarmClock|4|11:
    centroid:
      [0.2,0.3,0.9]
    dimensions:
      [0.1,0.2,0.2]
    type: AlarmClock
  ...

Trajectory Capture

Simulate Record

Scene Generation

! ProcTHOR " ObjaverseXL

Spatial QA Gen

Filter to visible data

Generate Video QAs

Size Order

Dist. Count

Type Fmt

MC

OE

QC / check ambiguityPlan Traj.

Simulated Spatial 
Instruction-Tuning



What matters for real-world transfer?

What properties of simulated data are most important for Sim2Real?

1 – What Questions to Ask?
• Endless types of questions we could generating using this 

flexible framework…
• Rigorous baseline for evaluating sim-to-real transfer: Generate 

a simulated “trainset” for the VSI-Bench “testset”
• → generate questions that mirror the format and structure of those in 

the VSI-Bench evaluation set



VSI-Bench Question Baseline
Measurement

Perspective

Spatiotemporal

Abs Dist Q: What is the distance between the fridge and the counter in meters?
A: 0.5

Obj Size Q: What is the length of the longest side of the dining table?
A: 178

Rm Size Q: What is the size of this entire house in sq. meters?
A: 72.3

Rel Dir Q: If you’re by the fridge facing the counter, is the painting to the left/right?
A: Left

Rel Dist Q: Which is closest to the counter: fridge, dining table, chair?
A: Fridge

Obj Ct Q: How many tables are in this room?
A: 2

App Ord Q: What’s the first appearance order of the: painting, fridge, window?
A: fridge, window, painting



VSI-Bench Question Baseline

• Q: impact of each train-Q on 
its corresponding test-Q
• Transfer effects?

• FT one LLaVA-Video-7B for 
each train Q-type
• 5K examples of just the Q-type
• Evaluate all VSI-Bench test-set 

Q-types



What mix of questions to use?
VSI-Baseline Mix
• Clone the proportion of questions from the 

VSI-bench evaluation

ICCV
#5419

ICCV
#5419

ICCV 2025 Submission #5419. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Measurement Layout Time

Abs Dist Object Size Room Size Object Count Relative Dist Relative Dir Route Plan Appearance Order
Methods Avg. Numerical Answer Multiple-Choice Answer

Proprietary Models
GPT-4o 34.0 5.3 43.8 38.2 46.2 37.0 41.3 31.5 28.5

Gemini-1.5 Flash 42.1 30.8 53.5 54.4 49.8 37.7 41.0 31.5 37.8
Gemini-1.5 Pro 45.4 30.9 64.1 43.6 56.2 51.3 46.3 36.0 34.6

Open-source Models
LLaVA-Video 7B 35.6 14.0 47.8 24.2 48.5 43.5 42.4 34.0 30.6

LLaVA-Video 72B 40.9 22.8 57.4 35.3 48.9 42.4 36.7 35.0 48.6
LLaVA-Video 7B Finetuned on SIMS

VSI-Baseline Mix (25k) 41.8 37.8 51.3 25.6 23.4 58.3 48.2 34.5 55.5
! Increase +6.2 +23.8 +3.5 +1.4 -25.1 +14.8 +5.8 +0.5 +24.9
% Increase +17.4 +170.0 +7.3 +5.8 -51.8 +34.0 +13.7 +1.5 +81.4

3Q Minimal Mix (25k) 44.6 35.5 41.2 38.0 46.7 53.8 47.9 35.1 58.6
! Increase +9.0 +21.5 -6.6 +13.8 -1.8 +10.3 +5.5 +1.1 +28.0
% Increase +25.3 +153.6 -13.8 +56.9 -3.7 +23.7 +13.0 +3.2 +91.5

Table 1. Performance comparison on VSI-Bench showing that our SIMS data can be used to train models that are competitive with state-
of-the-art proprietary models which use significantly more data, parameters, and longer context-lengths. Our 3Q Minimal Mix achieves
competitive results against larger proprietary models while showing substantial gains in spatial reasoning tasks, particularly in appearance
order (+28.0%) and absolute distance estimation (+25.3%).
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LLaVA-Video 7B 56.9

VSI-Baseline Mix (25k) 57.8
! Increase +0.9
% Increase +1.6
3Q Minimal Mix (25k) 57.7
! Increase +0.8
% Increase +1.4

Table 2. Performance on the EgoSchema benchmark demonstrates
that models trained on our synthetic SIMS data transfer effectively
to real-world egocentric videos. Importantly, our approach not
only achieves substantial gains on VSI-Bench (Tab. 1) but also
improves performance on this independent benchmark, indicating
that our method teaches generalizable spatial reasoning rather than
overfitting to a specific evaluation.

3Q Minimal Effective Question Set229

Building on insights from our individual question type anal-230

ysis, we hypothesize that a minimal set of complementary231

question types could be sufficient to develop strong spatial232

reasoning capabilities, without needing to mirror the full233

VSI-Bench distribution. Based on the transfer patterns ob-234

served in Fig. 3, we select three representative questions235

that cover the core dimensions of spatial reasoning:236

– Measurement: Absolute distance estimation (open-237

ended) tests the ability to perceive and estimate metric238

properties of space.239

– Perspective: Relative direction determination (multiple-240

Static Image Spatial Benchmarks

Methods BLINK CV-Bench 2D CV-Bench 3D

LLaVA-Video 7B 56.8 67.3 63.0

VSI-Baseline Mix (25k) 58.7 65.8 68.2
! Increase 1.9 -1.5 5.2
% Increase 3.4 -2.3 8.3
3Q Minimal Mix (25k) 58.4 65.4 67.2
! Increase +1.7 -1.9 +4.2
% Increase +2.9 -2.8 +6.7

Table 3. Performance comparison on static image spatial bench-
marks. Our 3Q Minimal Mix model, despite being trained on
synthetic video data, maintains or improves performance on in-
dependent image-based spatial reasoning tasks. This demonstrates
that our approach teaches general spatial understanding rather than
overfitting to specific video scenarios or benchmarks.

Open-Ended (OE) Multiple-Choice (MC)
Q Type Pct Q Type Pct

Abs Dist 16.9 Rel Dist 14.4
Obj Size 19.3 Rel Dir 19.6
Rm Size 5.8 Rt Plan 0.0
Obj Ct 11.4 App Ord 12.5

Table 4. Distribution of question types in VSI-Baseline mix.
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3Q Minimal Mix
• Minimal complementary Q-types sufficient?

• Without fully mirroring VSI-Bench?

Three Q-types covering the core dimensions of spatial reasoning:
1. Measurement: Absolute distance estimation (open-ended) tests the ability to perceive and 

estimate metric properties of space.
2. Perspective: Relative direction determination (multiple-choice) evaluates understanding of 

perspective-dependent spatial configurations.
3. Spatiotemporal: Appearance order tracking (multiple-choice) assesses the ability to track 

objects across time and remember their temporal relationships.



Transfer to Real-World Benchmarks (VSI Bench)
ICCV
#5419

ICCV
#5419

ICCV 2025 Submission #5419. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Measurement Layout Time

Abs Dist Object Size Room Size Object Count Relative Dist Relative Dir Route Plan Appearance Order
Methods Avg. Numerical Answer Multiple-Choice Answer

Proprietary Models
GPT-4o 34.0 5.3 43.8 38.2 46.2 37.0 41.3 31.5 28.5

Gemini-1.5 Flash 42.1 30.8 53.5 54.4 49.8 37.7 41.0 31.5 37.8
Gemini-1.5 Pro 45.4 30.9 64.1 43.6 56.2 51.3 46.3 36.0 34.6

Open-source Models
LLaVA-Video 7B 35.6 14.0 47.8 24.2 48.5 43.5 42.4 34.0 30.6

LLaVA-Video 72B 40.9 22.8 57.4 35.3 48.9 42.4 36.7 35.0 48.6
LLaVA-Video 7B Finetuned on SIMS

VSI-Baseline Mix (25k) 41.8 37.8 51.3 25.6 23.4 58.3 48.2 34.5 55.5
! Increase +6.2 +23.8 +3.5 +1.4 -25.1 +14.8 +5.8 +0.5 +24.9
% Increase +17.4 +170.0 +7.3 +5.8 -51.8 +34.0 +13.7 +1.5 +81.4

3Q Minimal Mix (25k) 44.6 35.5 41.2 38.0 46.7 53.8 47.9 35.1 58.6
! Increase +9.0 +21.5 -6.6 +13.8 -1.8 +10.3 +5.5 +1.1 +28.0
% Increase +25.3 +153.6 -13.8 +56.9 -3.7 +23.7 +13.0 +3.2 +91.5

Table 1. Performance comparison on VSI-Bench showing that our SIMS data can be used to train models that are competitive with state-
of-the-art proprietary models which use significantly more data, parameters, and longer context-lengths. Our 3Q Minimal Mix achieves
competitive results against larger proprietary models while showing substantial gains in spatial reasoning tasks, particularly in appearance
order (+28.0%) and absolute distance estimation (+25.3%).
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LLaVA-Video 7B 56.9

VSI-Baseline Mix (25k) 57.8
! Increase +0.9
% Increase +1.6
3Q Minimal Mix (25k) 57.7
! Increase +0.8
% Increase +1.4

Table 2. Performance on the EgoSchema benchmark demonstrates
that models trained on our synthetic SIMS data transfer effectively
to real-world egocentric videos. Importantly, our approach not
only achieves substantial gains on VSI-Bench (Tab. 1) but also
improves performance on this independent benchmark, indicating
that our method teaches generalizable spatial reasoning rather than
overfitting to a specific evaluation.

3Q Minimal Effective Question Set229

Building on insights from our individual question type anal-230

ysis, we hypothesize that a minimal set of complementary231

question types could be sufficient to develop strong spatial232

reasoning capabilities, without needing to mirror the full233

VSI-Bench distribution. Based on the transfer patterns ob-234

served in Fig. 3, we select three representative questions235

that cover the core dimensions of spatial reasoning:236

– Measurement: Absolute distance estimation (open-237

ended) tests the ability to perceive and estimate metric238

properties of space.239

– Perspective: Relative direction determination (multiple-240

Static Image Spatial Benchmarks

Methods BLINK CV-Bench 2D CV-Bench 3D

LLaVA-Video 7B 56.8 67.3 63.0

VSI-Baseline Mix (25k) 58.7 65.8 68.2
! Increase 1.9 -1.5 5.2
% Increase 3.4 -2.3 8.3
3Q Minimal Mix (25k) 58.4 65.4 67.2
! Increase +1.7 -1.9 +4.2
% Increase +2.9 -2.8 +6.7

Table 3. Performance comparison on static image spatial bench-
marks. Our 3Q Minimal Mix model, despite being trained on
synthetic video data, maintains or improves performance on in-
dependent image-based spatial reasoning tasks. This demonstrates
that our approach teaches general spatial understanding rather than
overfitting to specific video scenarios or benchmarks.

Open-Ended (OE) Multiple-Choice (MC)
Q Type Pct Q Type Pct

Abs Dist 16.9 Rel Dist 14.4
Obj Size 19.3 Rel Dir 19.6
Rm Size 5.8 Rt Plan 0.0
Obj Ct 11.4 App Ord 12.5

Table 4. Distribution of question types in VSI-Baseline mix.
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Transfer to Real-World Benchmarks (Other)

ICCV
#5419

ICCV
#5419

ICCV 2025 Submission #5419. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Measurement Layout Time

Abs Dist Object Size Room Size Object Count Relative Dist Relative Dir Route Plan Appearance Order
Methods Avg. Numerical Answer Multiple-Choice Answer

Proprietary Models
GPT-4o 34.0 5.3 43.8 38.2 46.2 37.0 41.3 31.5 28.5

Gemini-1.5 Flash 42.1 30.8 53.5 54.4 49.8 37.7 41.0 31.5 37.8
Gemini-1.5 Pro 45.4 30.9 64.1 43.6 56.2 51.3 46.3 36.0 34.6

Open-source Models
LLaVA-Video 7B 35.6 14.0 47.8 24.2 48.5 43.5 42.4 34.0 30.6

LLaVA-Video 72B 40.9 22.8 57.4 35.3 48.9 42.4 36.7 35.0 48.6
LLaVA-Video 7B Finetuned on SIMS

VSI-Baseline Mix (25k) 41.8 37.8 51.3 25.6 23.4 58.3 48.2 34.5 55.5
! Increase +6.2 +23.8 +3.5 +1.4 -25.1 +14.8 +5.8 +0.5 +24.9
% Increase +17.4 +170.0 +7.3 +5.8 -51.8 +34.0 +13.7 +1.5 +81.4

3Q Minimal Mix (25k) 44.6 35.5 41.2 38.0 46.7 53.8 47.9 35.1 58.6
! Increase +9.0 +21.5 -6.6 +13.8 -1.8 +10.3 +5.5 +1.1 +28.0
% Increase +25.3 +153.6 -13.8 +56.9 -3.7 +23.7 +13.0 +3.2 +91.5

Table 1. Performance comparison on VSI-Bench showing that our SIMS data can be used to train models that are competitive with state-
of-the-art proprietary models which use significantly more data, parameters, and longer context-lengths. Our 3Q Minimal Mix achieves
competitive results against larger proprietary models while showing substantial gains in spatial reasoning tasks, particularly in appearance
order (+28.0%) and absolute distance estimation (+25.3%).

EgoSchema

LLaVA-Video 7B 56.9

VSI-Baseline Mix (25k) 57.8
! Increase +0.9
% Increase +1.6
3Q Minimal Mix (25k) 57.7
! Increase +0.8
% Increase +1.4

Table 2. Performance on the EgoSchema benchmark demonstrates
that models trained on our synthetic SIMS data transfer effectively
to real-world egocentric videos. Importantly, our approach not
only achieves substantial gains on VSI-Bench (Tab. 1) but also
improves performance on this independent benchmark, indicating
that our method teaches generalizable spatial reasoning rather than
overfitting to a specific evaluation.

3Q Minimal Effective Question Set229

Building on insights from our individual question type anal-230

ysis, we hypothesize that a minimal set of complementary231

question types could be sufficient to develop strong spatial232

reasoning capabilities, without needing to mirror the full233

VSI-Bench distribution. Based on the transfer patterns ob-234

served in Fig. 3, we select three representative questions235

that cover the core dimensions of spatial reasoning:236

– Measurement: Absolute distance estimation (open-237

ended) tests the ability to perceive and estimate metric238

properties of space.239

– Perspective: Relative direction determination (multiple-240

Static Image Spatial Benchmarks

Methods BLINK CV-Bench 2D CV-Bench 3D

LLaVA-Video 7B 56.8 67.3 63.0

VSI-Baseline Mix (25k) 58.7 65.8 68.2
! Increase 1.9 -1.5 5.2
% Increase 3.4 -2.3 8.3
3Q Minimal Mix (25k) 58.4 65.4 67.2
! Increase +1.7 -1.9 +4.2
% Increase +2.9 -2.8 +6.7

Table 3. Performance comparison on static image spatial bench-
marks. Our 3Q Minimal Mix model, despite being trained on
synthetic video data, maintains or improves performance on in-
dependent image-based spatial reasoning tasks. This demonstrates
that our approach teaches general spatial understanding rather than
overfitting to specific video scenarios or benchmarks.

Open-Ended (OE) Multiple-Choice (MC)
Q Type Pct Q Type Pct

Abs Dist 16.9 Rel Dist 14.4
Obj Size 19.3 Rel Dir 19.6
Rm Size 5.8 Rt Plan 0.0
Obj Ct 11.4 App Ord 12.5

Table 4. Distribution of question types in VSI-Baseline mix.

choice) evaluates understanding of perspective- 241

dependent spatial configurations. 242

– Spatiotemporal: Appearance order tracking (multiple- 243
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Data Scaling
Goal: understand how many 
simulated examples are required to 
achieve strong spatial reasoning 
capabilities

3Q Minimal Mix:
• Surpasses 72B model + Gemini1.5-

Flash with <5k samples
• Competitive with SOTA 

Gemini1.5-Pro after ~20k samples



Implications for Simulator-Based Training

• Computational Efficiency: Lower-quality rendering requires 
less computational resources, enabling faster and more efficient 
data generation at scale.
• Domain-Invariant Features: Success with abstract visual 

representations suggests models are learning domain-invariant 
spatial reasoning that transfers well despite visual domain gaps.
• Structure Over Appearance: The strong performance of 

training on simplified representations indicates that consistent 
spatial structure and accurate annotations are more important 
than visual realism.



Nice results!

But during these experiments, 
something strange happened that 
led to a whole new paper...
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Benchmark Designers Should “Train on the Test Set”
to Expose Exploitable Non-Visual Shortcuts

Ellis Brown Jihan Yang Shusheng Yang Rob Fergus Saining Xie

New York University

Abstract

Robust benchmarks are crucial for accurately evaluating Multimodal Large Language Models
(MLLMs). However, we find that models can ace many multimodal benchmarks without strong
visual understanding by exploiting biases, linguistic priors, and superficial patterns. This is
particularly problematic for vision-centric benchmarks, which explicitly aim to require visual inputs
to be solved. We introduce a diagnostic principle for robust benchmark design: if a benchmark can

be gamed, it will be. Therefore, designers should proactively try to “game” their own benchmarks
first as a key step in the development lifecycle—adopting rigorous diagnostic and debiasing
procedures to systematically identify, quantify, and mitigate non-visual biases. We demonstrate
that effective diagnosis of these issues must involve directly “training on the test set”—i.e., probing
the specific test set being released for its intrinsic, exploitable patterns.

To demonstrate an effective realization of this standard, we propose a systematic approach involv-
ing two core components: First, we diagnose benchmark susceptibility using a “Test-set Stress-Test”
(T S T) methodology. The primary diagnostic tool involves fine-tuning a powerful Large Language
Model (LLM) via 𝐿-fold cross-validation on exclusively the non-visual, textual inputs of the test
set to unveil shortcut performance and derive a quantitative, sample-level bias score, 𝑀(𝑁). We
complement this with a lightweight Random Forest-based diagnostic trained on hand-crafted
features, enabling rapid auditing and interpretable bias analysis. Second, we debias benchmarks by
systematically filtering samples identified as highly biased according to 𝑀(𝑁) using an “Iterative
Bias Pruning” (I B P) procedure. Applying this framework to four prominent benchmarks—VSI-
Bench, CV-Bench, MMMU, and VideoMME—we uncover substantial and pervasive non-visual
biases. As a case study, we apply our full framework to create VSI-Bench-Debiased, demonstrating
a marked reduction in non-visual solvability and a significantly wider vision-blind performance
gap compared to the original.

Project Page: https://cambrian-mllm.github.io
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Origin Story



Rewind: March 2025



Rewind: March 2025
● Low-quality 

visual inputs 
were not much 
worse than the 
best RGB!

● hmmm



Rewind: March 2025



Rewind: March 2025
● Did exactly 

this!



Rewind: March 2025

What are these 
models actually 
learning?

+6%
with NO visual input



The Provocative Claim

"Train on the test set"

Not to cheat; to diagnose shortcuts

Core argument: If your benchmark CAN be gamed, it WILL be

Proactive auditing > reactive discovery

This talk:

I. The problem (non-visual shortcuts)
II. TsT framework (diagnosis)
III. IBP (debiasing)



I. The Problem
Non-visual shortcuts



Benchmarking Visual Understanding



Cambrian-1: A Fully Open, Vision-Centric
Exploration of Multimodal LLMs

Shengbang Tong*, Ellis Brown*, Penghao Wu*, Sanghyun Woo, Manoj Middepogu,
Sai Charitha Akula, Jihan Yang, Shusheng Yang, Adithya Iyer, Xichen Pan, Ziteng Wang,

Rob Fergus, Yann LeCun, Saining Xie†

New York University

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, address 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 avail-
able 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.

Website https://cambrian-mllm.github.io

Code https://github.com/cambrian-mllm/cambrian

Models https://huggingface.co/nyu-visionx/

Data https://huggingface.co/datasets/nyu-visionx/Cambrian-10M

CV-Bench https://huggingface.co/datasets/nyu-visionx/CV-Bench

Evaluation https://github.com/cambrian-mllm/cambrian#evaluation

*Project Lead
†Corresponding Author
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Cambrian-1 “Blind” Test



LLM

V: Q: “How many 
chairs are there 
in this room?”

Vision Enc

Cambrian-1 “Blind” Test
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LLM

V: Q: “How many 
chairs are there 
in this room?”

Vision Enc

Cambrian-1 “Blind” Test

A: “3?”

Non-Visual Biases!
Solvable without vision



Cambrian-1 
“Blind” Test

BUT: offers no insight into
• why specific samples are exploitable

• how to fix the shortcuts



High scores ≠ visual understanding.
⇒ Particularly problematic for “vision-centric” benchmarks that explicitly claim to require vision.

Orthogonal vulnerabilities → a benchmark can suffer from one, both, or neither.

Models Can Ace Multimodal Benchmarks Without Vision

Exploiting prior world knowledge

Example:

Q: "How tall is the refrigerator?"
→ Model knows fridges are ~1.7m without looking

Knowledge Shortcuts

Exploiting idiosyncrasies of the dataset / QA pairs themselves

Example:

Q: "How many chairs?" 
→ >50% of answers are "2", so just guess "2"

Statistical Shortcuts

Primary source: LLM Pretraining.
→ can be useful, but still be a shortcut!

Sources: sampling logic, procedural gen., 
templates, human filtering, etc…



What Constitutes a Non-Visual Shortcut?What Constitutes a Non-Visual Shortcut?
A pattern
What Constitutes a Non-Visual Shortcut?
A pattern (whether reflecting natural world knowledge, real-
world statistical regularities, or procedural generation 
artifacts)

What Constitutes a Non-Visual Shortcut?
A pattern (whether reflecting natural world knowledge, real-
world statistical regularities, or procedural generation 
artifacts) becomes an exploitable non-visual shortcut

What Constitutes a Non-Visual Shortcut?
A pattern (whether reflecting natural world knowledge, real-
world statistical regularities, or procedural generation 
artifacts) becomes an exploitable non-visual shortcut if it 
renders the visual input redundant

What Constitutes a Non-Visual Shortcut?
A pattern (whether reflecting natural world knowledge, real-
world statistical regularities, or procedural generation 
artifacts) becomes an exploitable non-visual shortcut if it 
renders the visual input redundant for a task designed to 
measure visual understanding



All patterns exploitable without looking at a single frame

>50%
of ground truth 
answers are ≤3
→ Just guess "2" and 
score well

Statistical Biases are Pervasive



All patterns exploitable without looking at a single frame

100%
of "keyboard" and 
"clothes" choices are 
correct whenever they 
appear as options

Statistical Biases are Pervasive



All patterns exploitable without looking at a single frame

100%
of the time "clock" 
appears in a GT 
sequence, it is in slot 4 
(n=50)

Statistical Biases are Pervasive



All patterns exploitable without looking at a single frame

Log-normal
Sizes and measurements 
follow predictable 
distributions

Statistical Biases are Pervasive



Models Readily Exploit These Shortcuts

LLaVA-Video-7B on VSI-Bench before & after FT on VSI-Train-10k

The problem: Fine-tuning improves blind and vision almost equally
Models learn statistical shortcuts that benefit both configurations. Does not require visual understanding!

Table 1 | MLLMs readily exploit statistical shortcuts. LLaVA-Video-7B performance on VSI-Bench before and
after fine-tuning on VSI-Train-10k. Fine-tuning on held-out in-distribution data with similar statistical biases
boosts blind accuracy (+18.8 points) nearly as much as vision-enabled accuracy (+20.4 points), demonstrating
that MLLMs can learn and exploit non-visual shortcuts from limited training data.

Configuration Vision Blind ωV→B

LLaVA-Video 7B (Base) 36.7 25.9 10.8
+ VSI-Train-10k FT 57.1 44.7 12.4
ω due to FT +20.4 +18.8 +1.6

Chance (frequency) 34.0

exploiting such patterns, even from relatively small amounts of data. To demonstrate how readily MLLMs
can learn to exploit these patterns, we conduct an adversarial stress-test on VSI-Bench [31]. We first curate a
small, in-distribution training set, “VSI-Train-10k”, comprising 10,000 samples generated using the same
procedural logic as the VSI-Bench test set and sourced from the corresponding training splits of the datasets
used in VSI-Bench (details in Appendix A). We then fine-tune a representative MLLM model (LLaVA-Video-
7B [36]) on this VSI-Train-10k set.

Tab. 1 presents the performance of LLaVA-Video-7B [36] on the original VSI-Bench test set, both before
and after fine-tuning on VSI-Train-10k. We report accuracy for the standard vision-enabled model and a
“blind” evaluation configuration where the model only receives non-visual (textual) inputs. Before fine-
tuning, the model’s blind performance is above chance, indicating some inherent exploitability. However,
after fine-tuning on VSI-Train-10k, we observe a dramatic increase in blind accuracy from 25.9% to 44.7%
(+18.8 points). Critically, the vision-enabled model’s performance improves by a nearly identical margin
(+20.4 points), resulting in only a minimal widening of the vision-blind gap (+1.6 points). This demonstrates
that the MLLM learns statistical shortcuts that benefit both configurations equally, confirming that these
patterns fundamentally bypass the need for visual reasoning.

These results reveal a critical vulnerability: overall accuracy scores can be misleading when non-
visual shortcuts significantly contribute to performance. The ease with which MLLMs learn these pat-
terns—achieving a +18.8 point blind accuracy gain from just 10K examples—demonstrates that statistical
shortcuts are both pervasive and readily exploitable. This motivates the need for a systematic diagnostic
methodology that can quantify such vulnerabilities at both the benchmark and sample levels, enabling
targeted mitigation. In the following section, we introduce our Test-set Stress-Test (TsT) framework to
address this challenge.

3. Diagnosing Non-visual Shortcuts via Test-Set Stress-Testing

Benchmarks are pivotal in driving progress in multimodal research. Once a test set becomes an established
yardstick, the community endeavors to optimize models, methodologies, and training datasets to enhance
performance on it [25]. However, as demonstrated in Sec. 2, these evaluations can be deceptive, inadvertently
harboring non-visual shortcuts that allow models to achieve high scores without engaging in genuine
multimodal reasoning, thereby creating an “illusion of progress”.

A critical question then arises: How can we reliably detect and quantify these non-visual shortcuts within a

benchmark’s test set itself? To clarify our approach, we note that benchmarks can fail in two fundamentally
different ways. A training failure occurs when biased training data prevents models from learning robust
features, typically assessed through out-of-distribution evaluation (e.g., VQA-CP [3]). An evaluation failure

occurs when the test set itself contains exploitable artifacts that allow high scores for wrong reasons, regard-
less of training quality. Our TsT framework specifically targets the latter by auditing the test set’s intrinsic
vulnerabilities. Though it is logical to use available in-distribution training data to diagnose learnable biases,
as we demonstrated with VSI-Train-10k (Tab. 1), such an approach reveals biases that generalize across a

domain but may miss idiosyncratic vulnerabilities specific to the test set’s particular composition (see Fig. 4a).

6

VSI-Train-10k → a 10k in-dist train-set for VSI-Bench following the same generation procedure



CORE PRINCIPLE

If a benchmark can be gamed,
it will be

Designers should proactively try to game their own 
benchmarks first
The most rigorous stress test = training directly on the 
test set
Not to overfit; to 
diagnose



II. Diagnosing Shortcuts
TsT: Test-set Stress-Testing



TsT: Test-set Stress-Test
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↓

K-Fold Cross-Validation (k=5)
Train diagnostic model on text/metadata only

↓

OUTPUT 1

TsT Accuracy
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No images, no video
Only question text, metadata, answer 
options

Cross-validation prevents leakage
Never test on data used for training the 
diagnostic

Two complementary uses
 (1) Measure overall exploitability
 (2) Identify specific vulnerable samples



Why the “Test Set” Specifically?
"Is it actually crucial to train on the test set specifically? 
Why not just use a held-out training set?"



Why the “Test Set” Specifically?

Training on held-out data (like VSI-Train) reveals 
generalizable biases...

...but MISSES idiosyncratic artifacts unique to the test set:

•Sampling quirks
•Template artifacts
•Human filtering decisions

TsT directly probes the specific artifact that will actually be 
evaluated on.

"Is it actually crucial to train on the test set 
specifically? Why not just use a held-out 
training set?"
YES!



Two complementary variants:

TST-LLM

Model: Qwen2.5-7B + LoRA
Features: Raw question text
Compute: ~20 min on 4×A100
Interpretability: Limited
Best for: catching complex shortcuts

TST-RF

Model: Random Forest
Features: Hand-crafted
Compute: Minutes on CPU
Interpretability: High (Gini)
Best for: understanding why

TsT: Test-set Stress-Test

✓ Complex patterns

✓ Any benchmark

✓ Trivial to impl

✓ Interpretability

✓ Fast iteration

✗ Feature Eng



TsT-LLM Accuracy

TsT Results: Exploitability Across Benchmarks

Table 2 | TsT-LLM reveals pervasive non-visual shortcuts across benchmarks. Performance of blind
Qwen2.5-7B in zero-shot evaluation vs. after 𝐿-fold LoRA fine-tuning on test-set text. The improvement ωTsT
quantifies learnable non-visual shortcuts intrinsic to each benchmark.

Benchmark Blind ZS Acc. TsT-LLM CV-Acc. ωTsT

CV-Bench 40.1 73.4 +33.3
VSI-Bench 25.0 56.4 +31.4
MMMU (val) 34.9 43.5 +8.6
VideoMME 35.3 41.7 +6.4

Table 3 | TsT-RF provides efficient, interpretable diagnostics. Random Forest performance via 𝐿-fold
cross-validation on hand-crafted features. Chance and majority baselines provided for context.

Benchmark Chance Acc. Majority Acc. TsT-RF CV-Acc.

CV-Bench 33.3 43.1 75.5
VSI-Bench - 34.0 43.5

Limitations. While TsT-RF excels on benchmarks with templated or structured questions, it is challenging
to apply to non-templated benchmarks (e.g., MMMU, VideoMME) where programmatic feature extraction
from is infeasible. For such benchmarks, TsT-LLM provides a more practical alternative.

3.4. Empirical Validation: TsT Reveals Widespread Shortcut Susceptibility

Applying our TsT diagnostics to four prominent multimodal benchmarks reveals that non-visual shortcut
susceptibility is both widespread and significant.

TsT-LLM Results. Tab. 2 presents TsT-LLM diagnostic results across VSI-Bench, CV-Bench, MMMU, and
VideoMME. We compare the performance of a blind Qwen2.5-7B model in zero-shot (ZS) evaluation against
its accuracy after 𝐿-fold LoRA fine-tuning directly on the test set. The improvement, ωTsT, quantifies the
degree of learnable non-visual shortcuts intrinsic to each test set. For template-based benchmarks CV-Bench
and VSI-Bench, TsT-LLM achieves dramatic gains of +33.3 and +31.4 points respectively, indicating that
substantial fractions of these benchmarks can be “solved” by learning patterns in non-visual data alone.
Even for the more complex, non-templated benchmarks MMMU and VideoMME featuring human- and
LLM-authored questions, we observe significant gains of +8.6 and +6.4 points, confirming that exploitable
regularities exist across diverse question generation methodologies.

TsT-RF Results. To demonstrate the complementarity of our two diagnostic approaches, Tab. 3 presents
TsT-RF results on VSI-Bench and CV-Bench. On VSI-Bench, TsT-RF achieves 43.5% accuracy, lower than
TsT-LLM’s 56.4%, as expected for a simpler model. Notably, on CV-Bench, TsT-RF achieves 75.5%—slightly
exceeding TsT-LLM’s 73.4%. This result highlights an important insight: when benchmark designers invest
effort in carefully engineering features that target specific, known bias patterns (as we did for CV-Bench’s
template-based structure), TsT-RF can match or exceed the performance of zero-feature-engineering LLM
approaches. However, this manual feature engineering requires significant domain expertise and is infeasible
for non-templated benchmarks, where TsT-LLM’s generalizability becomes essential. The two approaches
are thus truly complementary: TsT-LLM provides a strong, effort-free baseline applicable to any benchmark,
while TsT-RF can achieve superior detection when interpretability justifies the engineering investment.

These findings demonstrate that non-visual shortcut vulnerability is pervasive across benchmarks
of different modalities (video vs. image), generation methodologies (template-based vs. human/LLM-
authored), and diagnostic approaches. The fact that both TsT-LLM and TsT-RF independently detect
substantial exploitability underscores both the severity of the problem and the robustness of our diagnostic
framework. The sample-level bias scores 𝑀(𝑁) generated by these diagnostics provide a concrete, data-driven
foundation for targeted mitigation, which we explore in Sec. 4.
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Even for the more complex, non-templated benchmarks MMMU and VideoMME featuring human- and
LLM-authored questions, we observe significant gains of +8.6 and +6.4 points, confirming that exploitable
regularities exist across diverse question generation methodologies.
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TsT-LLM’s 56.4%, as expected for a simpler model. Notably, on CV-Bench, TsT-RF achieves 75.5%—slightly
exceeding TsT-LLM’s 73.4%. This result highlights an important insight: when benchmark designers invest
effort in carefully engineering features that target specific, known bias patterns (as we did for CV-Bench’s
template-based structure), TsT-RF can match or exceed the performance of zero-feature-engineering LLM
approaches. However, this manual feature engineering requires significant domain expertise and is infeasible
for non-templated benchmarks, where TsT-LLM’s generalizability becomes essential. The two approaches
are thus truly complementary: TsT-LLM provides a strong, effort-free baseline applicable to any benchmark,
while TsT-RF can achieve superior detection when interpretability justifies the engineering investment.

These findings demonstrate that non-visual shortcut vulnerability is pervasive across benchmarks
of different modalities (video vs. image), generation methodologies (template-based vs. human/LLM-
authored), and diagnostic approaches. The fact that both TsT-LLM and TsT-RF independently detect
substantial exploitability underscores both the severity of the problem and the robustness of our diagnostic
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foundation for targeted mitigation, which we explore in Sec. 4.
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TsT-RF Accuracy

Applicable to template-based 
BMs
→ dramatically exploitable
Even with a simple blind RF 
model!

Works on freeform/natural 
language BMs!
Strong learnable biases
Simple first-pass diagnostic



Task: Size Estimation
"What is the length of the longest dimension of {object} in cm?"

One feature dominates:
obj_val_log_mean =  0.968

Translation: The RF just memorizes typical object sizes
• “dishwashers are ~90cm”

• “beds are ~216cm” ...

✓ Actionable Insight:
Questions about low-variance size objects (dishwasher, 
bed, washer) contribute more to bias on this question type

TsT-RF gives interpretable insights

Gini Feature Importance
obj_val_log_mean 

object (category)

obj_val_log_std

obj_count



III. Debiasing Shortcuts
Iterative Bias Pruning (IBP)



Iterative Bias Pruning
→ Compute bias scores s(x) for 
all samples
→ Remove batch of highest-
scoring samples

Re-compute s(x) ← Critical!

→ Repeat until threshold met

IBP: Diagnosis → Debiasing

while budget > 0 and TST_acc > t:

scores = compute_TST_scores(
remaining_data)

remove top_b samples by score

budget -= b



Iterative Bias Pruning
→ Compute bias scores s(x) for 
all samples
→ Remove batch of highest-
scoring samples

Re-compute s(x) ← Critical!

→ Repeat until threshold met

Why re-compute?

Removing samples changes the statistical landscape. Without 
re-scoring, you just shift which biases dominate.

Example: Removing all “count=2” questions might make 
“count=3” the new dominant pattern. Iterative re-scoring helps 
catch this.

Result: Prevents "shifting bias under the rug" — keeps the 
benchmark honest across multiple potential exploits.

IBP: Diagnosis → Debiasing



Key comparison: FT improvement
 Original: Vision +20.4, Blind +18.8 (almost equal!)
 Debiased: Vision +17.4, Blind +11.7 (vision benefits more)

Gap after FT:

12.4 → 16.6
+4.2 point improvement

✓ Validation
The debiased benchmark better isolates 
actual visual reasoning improvements.

Does Debiasing Actually Help?

𝐿 or near-chance TsT accuracy, provide data-driven termination points to prevent unnecessary filtering once
desired debiasing is achieved.

Alternative Mitigation Strategies. While we focus on pruning as our primary mitigation strategy due to its
simplicity, reproducibility, and unambiguous impact, the I B P framework could accommodate alternative
approaches. For instance, reparative methods such as question rewriting or answer rebalancing could be
employed during the iterative loop in place of pruning. However, such approaches risk introducing new,
unquantified biases and require careful validation to ensure they genuinely improve benchmark quality
rather than merely transform one bias into another. We focus on pruning in this work and leave exploration
of reparative strategies to future work.

4.2. Case Study: Creating VSI-Bench-Debiased with I B P

We apply the full I B P algorithm to the original VSI-Bench test set [31], using the sample-level bias scores
𝑀(𝑁) derived from its T S T analysis (presented in Sec. 3.4), to create VSI-Bench-Debiased. This serves to
demonstrate how identified biases can be systematically mitigated to produce a more reliable benchmark.

The application of I B P to VSI-Bench yields two primary categories of improvements. First, we observe
notable shifts in the ground truth answer distributions for several representative question types, which makes
the questions in VSI-Bench-Debiased less predictable from non-visual statistical priors alone. Second, and
more critically for the fair evaluation of genuine multimodal reasoning, VSI-Bench-Debiased elicits markedly
different behavior from MLLMs compared to the original benchmark. Tab. 4 presents the performance of the
LLaVA-Video-7B MLLM (both before and after fine-tuning on VSI-Train-10k, as evaluated in Tab. 1) on both
the original VSI-Bench and the newly created VSI-Bench-Debiased. The results clearly show a substantial
reduction in the performance of the “blind” (non-visual input only) model configuration on VSI-Bench-
Debiased compared to its performance on the original VSI-Bench. For instance, the blind model fine-tuned
on VSI-Train-10k achieves 44.7% on the original VSI-Bench but drops to 32.0% on VSI-Bench-Debiased.
Consequently, the “Vision-Blind Gap” (ω)—the performance difference between the vision-enabled and blind
configurations—is significantly wider on VSI-Bench-Debiased, particularly after fine-tuning (e.g., increasing
from 12.4% to 16.6%). This outcome strongly indicates that VSI-Bench-Debiased is more reliant on visual
input and is less susceptible to the non-visual shortcuts that the MLLM had readily learned. The detailed
analysis in the caption of Tab. 4 further explores how in-distribution training impacts vision-enabled versus
blind scores differently across the original and robust benchmarks.

This case study on VSI-Bench demonstrates that our proposed framework, combining T S T diagnosis
with I B P-based mitigation, provides an effective pathway to creating more robust benchmark versions that
better isolate and assess genuine multimodal understanding. While we focus the full I B P application on
VSI-Bench in this paper due to the intensive nature of tailoring and evaluating specific debiasing strategies for
each question type, the diagnostic insights from Sec. 3.4 suggest that applying similar mitigation approaches,
guided by T S T scores, would be beneficial for other benchmarks exhibiting non-visual shortcuts.

Table 4 | VSI-Bench-Debiased better isolates visual reasoning from statistical shortcuts. The vision-
blind gap (ωV→B) widens significantly on VSI-Bench-Debiased, especially after fine-tuning (+16.6 vs. +12.4),
indicating reduced non-visual solvability. Critically, fine-tuning improves vision and blind scores nearly
equally on the original (+20.4 vs. +18.8), but vision improves much more than blind on the robust version
(+17.4 vs. +11.7), confirming that VSI-Bench-Debiased better isolates visual reasoning improvements.

VSI-Bench (Original) VSI-Bench-Debiased

Model Configuration Vis. Blind ωV→B Vis. Blind ωV→B

LLaVA-Video 7B (Base) 36.7 25.9 10.8 31.3 20.3 11.0

+ VSI-Train-10k FT 57.1 44.7 12.4 48.7 32.0 16.6

Increase in ω due to FT 20.4 18.8 1.6 17.4 11.7 5.6

Chance (frequency) 34.0 34.0

11

937 samples removed
→ 30.7% of 3,056 questions



1. Non-visual shortcuts are pervasive — even in "careful" benchmarks

2. TST provides systematic diagnosis
K-fold CV on text-only features → sample-level bias scores

3. IBP provides principled mitigation
Iterative removal with score recomputation → validated by widening vision-blind gap

4. The meta-point: If it CAN be gamed, it WILL be — audit proactively

Takeaways
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III: Towards World Models
1. Cambrian-S: Spatial “Super-Sensing”
2. Unified Multimodal Models: Unified Multimodal Pretraining

166
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Cambrian-S: Towards Spatial 
Supersensing in Video
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TIME

VIDEO AS A MEDIUM FOR SPATIAL PREDICTIVE SENSING

Supersensing in Video



Towards Spa+al Supersensing in Video

Linguistic-only understanding: no multimodal intelligence; reasoning 
is confined to text and symbols without sensory grounding. Current 
MLLMs have progressed beyond this stage, yet they still retain 
traces of its bias.

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 



Linguistic-only understanding
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Towards Spa+al Supersensing in Video

Semantic perception: parsing pixels into objects, attributes, and 
relations. This corresponds to the strong “show and tell” 
capabilities present in MLLMs.

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 

Semantic 
Perception

Naming and describing things 
for user prompts



Semantic Perception



Towards Spa+al Supersensing in Video
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capabilities present in MLLMs.
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Towards Spatial Supersensing in Video

Streaming event cognition: processing live, unbounded streams while 
proactively interpreting and responding to ongoing events. This aligns 
with efforts to make MLLMs real-time assistants.

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 

Semantic 
Perception

Naming and describing things 
for user prompts

Streaming Event 
Cognition

Always-on sensing for open-
ended streams; memory 
across time; proactive 
answering
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Towards Spatial Supersensing in Video

Implicit 3D spatial cognition: understanding video as projections of a 
3D world. Agents must know what is present, where, how things relate, 
and how configurations changeover time. Today’s video models remain 
limited here.

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 

Semantic 
Perception

Naming and describing things 
for user prompts

Streaming Event 
Cognition

Always-on sensing for open-
ended streams; memory 
across time; proactive 
answering

Spatial
Cognition

Seeing the world behind the 
video; implicit 3D
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Towards Spatial Supersensing in Video

Predictive world modeling: anticipating future states with an internal 
model that uses expectation and surprise to organize perception for 
memory and decision making. This process mirrors human "unconscious 
inference” and is largely absent in current systems.

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 

Semantic 
Perception

Naming and describing things 
for user prompts

Streaming Event 
Cognition

Always-on sensing for open-
ended streams; memory 
across time; proactive 
answering

Spatial
Cognition

Seeing the world behind the 
video; implicit 3D

Predictive World 
Modeling

Unconscious inference;
Predictive, selective, and self-
updating world model



Predictive World Modeling

• How human’s brain works so efficiently but so powerful on processing 
life-long visual streams?

Predictive world modeling (Predictive mind or 
unconscious inference) of human brain helps 
us allocate our attention (computation) and 

memory (storage)



Predic+ve World Modeling
“The reason we are able to hit a 
100mph fastball is due to our 
ability to instinctively predict 
when and where the ball will go. 
For professional players, this all 
happens subconsciously.
...
They can quickly act on their 
predictions of the future without 
the need to consciously roll out 
possible future scenarios to form 
a plan.”

From: https://worldmodels.github.io/



Towards Spatial Supersensing in Video

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 

Semantic 
Perception

Naming and describing things 
for user prompts

Streaming Event 
Cognition

Always-on sensing for open-
ended streams; memory 
across time; proactive 
answering

Spatial
Cognition

Seeing the world behind the 
video; implicit 3D

Predictive World 
Modeling

Unconscious inference;
Predictive, selective, and self-
updating world model

Our hierarchy of supersensing in video

TASK-DRIVEN
WORLD MODELING



Evaluation is NOT READY!
Data is not READY!
Architecture is not READY!



Evaluation is NOT READY!
Data is not READY!
Architecture is not READY!



How can we benchmark spatial 
supersensing?
Are existing benchmarks enough?



Deconstructing Existing Video Benchmarks

• Multiple Frames: Model processes 32 uniformly sampled frames from 
each video clip — standard video representation method.

• Single Frame: Model uses only the middle frame of the clip to test 
performance with minimal visual context.

• Frame Captions: Model receives captions for the same 32 sampled 
frames(no visual input) to test task solvability without perceptual 
grounding. Captions generated using the Gemini-2.0-Flash API.



Deconstructing Existing Video Benchmarks

• Blind: No visual inputs.

• Chance: Random choice.



Current benchmarks are NOT READY

Single frame / caption perform well on many benchmarks.



Current benchmarks are NOT READY

Most benchmark focus on semantic and knowledge recall



Current benchmarks are NOT READY

Only a few benchmarks probe spatial sensing



Current benchmarks are NOT READY

Evaluation is NOT READY!



VSI-SUPER
A two-part, long-horizon benchmark for “supersensing”

•Combines concatenated video sequences with online 
Q&A

• Like Needle-in-a-Haystack tasks but more realistic and 
contextually grounded

•Designed to be resistant to brute-force context 
expansion, emphasizing true spatial sensing



VSI-SUPER Recall
Long-horizon spa<al observa<on and recall

Frame Editing

Which of the following correctly represents the order in which the Teddy Bear appeared in the video?
A. Toilet, Bathtub, Sink, Floor   B. Bathtub, Toilet, Sink, Floor
C. Toilet, Sink, Floor, Bathtub   D. Floor, Toilet, Bathtub, Sink

Random Video Concatenating



VSI-SUPER Count
Continual counting under changing viewpoints and scenes

Num. of Chairs: 1 163

Q: How many different chair(s) are there in this video? A: 20

Num. of Chairs: 1 163

Q: How many different chair(s) are there in this video? A: 20A: 2 A: 3 A: 3 A: 4

Streaming Questions:



Gemini-2.5 on VSI-SUPER

Frontier models can perform pretty good on 
semantic or knowledge focused video benchmarks 
but fail at spatial sensing and supersensing tasks.



Gemini-2.5 on VSI-SUPER

Gemini struggle with counting; scaling data and 
context length alone fails to improve generalization.



Evaluation is NOT READY!
Data is not READY!
Architecture is not READY!



LLM Data: Blessing of the Internet



Spatial sensing data remains underexplored

Existing video datasets primarily focus on semantics 
and event understanding.



Fron;er models fail at spa;al sensing
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Chance Level Gemini 1.5 Pro Human Open-Source MLLMs

Models’ performance on VSI-Bench
Data is N

OT READY!



VSI-590K
Is spaAal sensing a data problem?

Unannotated web videos Synthetic Videos Annotated Real videos



VSI-590K
Is spatial sensing a data problem?

VSI-590K video sources



VSI-590K
Is spatial sensing a data problem?

VSI-590K Taxonomy



VSI-590K
Is spaAal sensing a data problem?

Real and synthetic data together provide rich sources 
that boost spatial understanding



Pretraining is important

The quality of *multimodal* pre-training strongly 
influences post-training effectiveness.



Mixed-data training helps preserve ability

Mixed-data training helps preserve general video 
understanding capability



Cambrian-S: Spatially-grounded MLLMs

Alignment à Pure Image IT à General Video IT à 
Spatial Video IT



Cambrian-S: Spa;ally-grounded MLLMs

Competitive on general image / video benchmark



Cambrian-S: Spatially-grounded MLLMs

Leading performance on spatial sensing (VSI-Bench)



Cambrian-S fail at VSI-SUPER

Scaling up data benefits spatial sensing, but only 
scaling data cannot solve supersensing!



Evaluation is NOT READY!
Data is not READY!
Architecture is not READY!



VSI-SUPER Recall VSI-SUPER Count

Frontier 
Models

10mins 30mins 60mins 120minsVideo 
Duration

Num. of Chairs: 163

Q: How many different chair(s) are there in this video? A: 20
Which of the following correctly represents the order in which the Hello Kitty 
appeared in the video?
A. Nightstand, Bed, Crib, Blue bench B. Blue bench, Crib, Nightstand, Bed
C. Bed, Nightstand, Blue bench, Crib D. Blue bench, Bed, Crib, Nightstand



Current architectures are not ready

Architecture is not READY!

Typical Image/Video MLLM framework



Current architectures are not ready

• What makes spatial supersensing unique?
• Infinite tokens in, infinite tokens out. Streaming, and always-on
• Our real-world experience isn’t meant to be processed token by token



Prototyping: Predictive sensing

LLM Main Model (Transformer Blocks)

LFP Head LM Head

How many desks are 
there in this room?

Answer: 1

Vision Enc

Teacher Forcing

Emb. Layer

Building internal world model through latent-
frame prediction in training



Violation-of-Expectation (or simply, surprises!):
how humans regulate what information they take in.

Measure surprise (or violation-of-expectation) 
during inference time



Predic;ve Sensing

Vision Encoder

Incoming Frames

Pred. Error
(Surprise)

Non-surprise
(Norm. Input)

Surprise
(Novel object)

Surprise
(Scene Transitions)

Predicted Next 
Frame Feature

MLLM

Latent Frame Prediction Head

Past Observations



Use Case #1: Memory Management

Infinitely-long input requires memory system, and memory 
is built for:
• Store useful information
• Delete unused / duplicated information
• Retrieve useful information when being queried



Use Case #1: Memory Management

One of the key problem of infinitely long input: 
Deciding what to keep and what to discard depends on its 
potential use for future tasks.

Surprise (high-entropy / unpredictable) info may 
be more important for future use!



Surprise-driven Memory Management

• KV-cache as memory
• Sliding sensory memory
• Long term memory
• Memory consolidaGon
• Memory retrieval



Surprise-driven Memory Management

Compress and 
drop/merge low-
surprise memory!



Use Case #1: Memory Management

Better performance on VSI-SUPER Recall than 
Gemini models with consistent memory footprint



Use Case #2: Scene/Event Segmentation

Surprise also helps human to organize memory structures 
(like build episodic or event memory)



Surprise -driven Scene Segmenta;on

• Divide-and-conquer 
framework for VSI-
SUPER Count

• Surprise for scene 
segmentaGon



Use Case #2: Scene/Event Segmentation

Better results on VSI-SUPER Count and its 
streaming version.



Use Case #2: Scene/Event Segmentation

Divide-and-conquer framework generalize well to 
larger ground truth numbers



Summary



Supersensing as our ultimate target

Linguistic-Only
Understanding

Knowledge recall; 
no sensory modeling 

Semantic 
Perception

Naming and describing things 
for user prompts

Streaming Event 
Cognition

Always-on sensing for open-
ended streams; memory 
across time; proactive 
answering

Spatial
Cognition

Seeing the world behind the 
video; implicit 3D

Predictive World 
Modeling

Unconscious inference;
Predictive, selective, and self-
updating world model

world understanding and modeling in 
infinite-long video context



Benchmark is NOT READY

• Existing benchmark is not ready for probing supersensing
• VSI-SUPER as an initial step
• VSI-SUPER Recall
• VSI-SUPER Count

We need more efforts on building real task!



Data is NOT READY

• ExisAng video data primarily focus on semanAc parsing
• VSI-590K as our iniAal step toward beSer spaAal sensing
• Cambrian-S models shows promising spaAal sensing results but 

limited VSI-SUPER benchmark

Scaling data alone does not solve 
supersensing!



Architecture is NOT READY

• ExisAng architecture is not ready for infinitely-long video context
• Prototype predicAve sensing
• ViolaAon-of-ExpectaAon (surprise) for memory management or scene 

transiAon detecAon

Infinitely-long video modeling is a world 
modeling problem!



Details and resources are available at

• Project Page: https://cambrian-mllm.github.io/
• Website: https://cambrian-mllm.github.io/cambrian-s/
• arXiv: https://arxiv.org/abs/2511.04670
• Training and Inference code: https://github.com/cambrian-

mllm/cambrian-s
• Model checkpoints: https://huggingface.co/collections/nyu-

visionx/cambrian-s-models
• VSI-590K data: https://hf.co/datasets/nyu-visionx/vsi-590k
• VSI-SUPER benchmark: https://hf.co/collections/nyu-visionx/vsi-super
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Thank you for listening!



Whats the right representation for WMs?

• RAE → much better 
*unified* representation

• Scaling RAE → T2I
• let you do diffusion in the 

same semantic latent space 
used for understanding
• bridges understanding and 

generation into a single 
representation
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Scaling Text-to-Image Diffusion Transformers with Representation Autoencoders

Shengbang Tong*, Boyang Zheng*, Ziteng Wang*, Bingda Tang, Nanye Ma,
Ellis Brown, Jihan Yang, Rob Fergus, Yann LeCun, Saining Xie

New York University
Website Code Models Data

Abstract

Representation Autoencoders (RAEs) have shown distinct
advantages in diffusion modeling on ImageNet by training
in high-dimensional semantic latent spaces. In this work,
we investigate whether this framework can scale to large-
scale, freeform text-to-image (T2I) generation. We first
scale RAE decoders on the frozen representation encoder
(SigLIP-2) beyond ImageNet by training on web, synthetic,
and text-rendering data, finding that while scale improves
general fidelity, targeted data composition is essential for
specific domains like text. We then rigorously stress-test
the RAE design choices originally proposed for ImageNet.
Our analysis reveals that scaling simplifies the framework:
while dimension-dependent noise scheduling remains criti-
cal, architectural complexities such as wide diffusion heads
and noise-augmented decoding offer negligible benefits at
scale Building on this simplified framework, we conduct a
controlled comparison of RAE against the state-of-the-art
FLUX VAE across diffusion transformer scales from 0.5B
to 9.8B parameters. RAEs consistently outperform VAEs
during pretraining across all model scales. Further, dur-
ing finetuning on high-quality datasets, VAE-based models
catastrophically overfit after 64 epochs, while RAE models
remain stable through 256 epochs and achieve consistently
better performance. Across all experiments, RAE-based
diffusion models demonstrate faster convergence and bet-
ter generation quality, establishing RAEs as a simpler and
stronger foundation than VAEs for large-scale T2I genera-
tion. Additionally, because both visual understanding and
generation can operate in a shared representation space,
the multimodal model can directly reason over generated
latents, opening new possibilities for unified models.

1. Introduction

Diffusion-based generative modeling [19, 38, 47] has made
rapid progress, giving rise to state-of-the-art systems across

*Core contributor.

Figure 1. RAE converges faster than VAE in text-to-image

pretraining. We train Qwen-2.5 1.5B + DiT 2.4B models from
scratch on both RAE (SigLIP-2) and VAE (FLUX) latent spaces
for up to 60k iterations. RAE converges significantly faster than
VAE on both GenEval (4.0!) and DPG-Bench (4.6!).

visual generative domains such as text-to-image genera-
tion [1, 46, 88]. A key factor in this success is the adop-
tion of latent diffusion [65], where generation occurs in a
compact latent space encoded by a variational autoencoder
(VAE) [43], rather than directly in pixel space.

In parallel with advances in generative modeling, vi-
sual representation learning has progressed through self-
supervised learning (SSL) [6, 12, 34, 35], language supervi-
sion [62, 98], and their combinations [54, 83]. These mod-
els produce semantically structured, high-dimensional rep-
resentations that generalize well across visual understand-
ing tasks. Unlike VAE encoders, which compress images
into low-dimensional latents, the representation encoders
operate on high-dimensional latents that can capture much
more semantically rich features.

Such high-dimensional latents were previously consid-
ered too “abstract” for effective generative modeling [72,
92], or outright intractable [13, 48]. However, a recent
approach, Representation Autoencoder (RAE) [100], has
paved a path forward by training decoders on frozen rep-
resentation encoders. RAE pairs a powerful frozen rep-
resentation encoder with a lightweight trained decoder to
reconstruct pixels from high-dimensional embeddings, en-
abling diffusion directly in this semantic latent space. In the

1

ar
X

iv
:2

60
1.

16
20

8v
1 

 [c
s.C

V
]  

22
 Ja

n 
20

26



237

Beyond LanguageModeling:
An Exploration ofMultimodal Pretraining
Shengbang Tong1,2,⌐, David Fan1,⌐, John Nguyen1,⌐,
Ellis Brown1,2, Gaoyue Zhou1,2, Shengyi Qian1, Boyang Zheng2, Théophane Vallaeys1, Junlin Han1,
Rob Fergus1,2, Naila Murray1, Marjan Ghazvininejad1, Mike Lewis1, Nicolas Ballas1, Amir Bar1,
Michael Rabbat1, Jakob Verbeek1,
Luke Zettlemoyer1,†, Koustuv Sinha1,†, Yann LeCun2,†, Saining Xie2,†

1FAIR, Meta, 2New York University
⌐equal contribution, †equal advising

The visual world o!ers a critical axis for advancing foundation models beyond language. Despite
growing interest in this direction, the design space for native multimodal models remains opaque.
We provide empirical clarity through controlled, from-scratch pretraining experiments, isolating the
factors that govern multimodal pretraining without interference from language pretraining. We adopt
the Transfusion framework, using next-token prediction for language and di!usion for vision, to
train on diverse data including text, video, image-text pairs, and even action-conditioned video. Our
experiments yield four key insights: (i) Representation Autoencoder (RAE) provides an optimal
unified visual representation by excelling at both visual understanding and generation; (ii) visual
and language data are complementary and yield synergy for downstream capabilities; (iii) unified
multimodal pretraining leads naturally to world modeling, with capabilities emerging from general
training; and (iv) Mixture-of-Experts (MoE) enables e"cient and e!ective multimodal scaling while
naturally inducing modality specialization. Through IsoFLOP analysis, we compute scaling laws
for both modalities and uncover a scaling asymmetry: vision is significantly more data-hungry than
language. We demonstrate that the MoE architecture harmonizes this scaling asymmetry by providing
the high model capacity required by language while accommodating the data-intensive nature of
vision, paving the way for truly unified multimodal models.

Date: March 3, 2026
Project Page: https://beyond-llms.github.io/

Suggestions at a Glance

S1. Unify visual representations: RAE bridges visual understanding and generation. §3

S2. Embrace diverse data: multimodal co-training yields cross-modal synergy. §4

S3. Unlock worldmodeling: capabilities naturally emerge from unified multimodal pretraining. §5

S4. UseMoE: MoE scales multimodal training e"ciently and harmonizes capacity across modalities. §6,7
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