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Self-supervised Learning for Multimodal Pre-training

UNITER: Universial Image-Text Representation



[Zhang et al. ECCV 2016]

[Pathak et al. CVPR 2016]

[Noroozi et al. ECCV 2016] [Doersch et al. ICCV 2015]

Self-Supervised Learning for Computer Vision

Image Colorization

Jigsaw puzzles

Image Inpainting

Relative Location Prediction



Devlin et al. NAACL 2019; Radford et al. 2019 

Self-Supervised Learning for NLP

Language Understanding

Language Generation



Model

VQA VCR NLVR2
Img-Txt 

Retrieval

Txt-Img

Retrieval

Referring 

Expressions
GQA

Visual 

Entailment

Image 

Captioning

Large, Noisy, Free Data

Interior design of modern white 
and brown living room furniture 
against white wall with a lamp 
hanging.

Emma in her hat looking super 
cuteMan sits in a rusted car buried in 

the sand on Waitarere beach Little girl and her dog in northern 
Thailand. They both seemed 
interested in what we were doing

Pre-training Tasks
• Masked Language Modeling
• Masked Region Modeling
• Image-Text Matching
• Word-Region Alignment

…

Self-Supervised Learning for Vision+Language



Video Downstream Tasks
Video QA 
Video-and-Language 
Inference
Video Captioning
Video Moment Retrieval

Image Downstream Tasks
VQA VCR NLVR2
Visual Entailment
Referring Expressions
Image-Text Retrieval
Image Captioning

HERO

May 1st, 2020Apr. 3rd, 2019

VideoBERT

Jun. 7th, 2019

HowTo100M

Jun. 13th, 2019

CBT

Feb. 15th, 2020

Dec. 13th, 2019

MIL-NCE

UniViLM

Sep. 25th, 2019

UNITER

Aug. 14th, 2019

B2T2 12-in-1

Dec. 5th, 2019Aug. 6th, 2019

ViLBERT

Aug. 9th, 2019

VisualBERT

Aug. 20th, 2019

LXMERT

Aug. 22nd, 2019

VL-BERT

Aug. 16th, 2019

Unicoder-VL

Sep. 24th, 2019

VLP

Apr. 13th, 2020

OSCAR

Apr. 2nd, 2020

Pixel-BERT

Landscape



UNITER: Universial Image-Text Representations

Chen et al., UNITER: Universal Image-Text Representation Learning, ECCV 2020



Pre-training Tasks: MLM, ITM & WRA

Masked Language Modeling (MLM)

UNITER

[CLS] the bus is …

: 0/1

Image-Text Matching (ITM)

UNITER

manwith his dog …

Word Region Alignment (WRA)

(MLM)

(ITM)

(WRA)



Loss Function of Masked Region Modeling (MRM)

1) Masked Region Feature Regression (MRFR)

Pre-training Tasks: MRM

2) Masked Region Classification (MRC)

3) Masked Region Classification – KL Divergence (MRC-kl)

(MRFR) (MRC) (MRC-kl)



Downstream Tasks: VQA, VE, ITR, RE

Two women are holding packages

“A girl with a cat on grass”

“Woman washing dishes”

What colors are her eyes?

Visual Question Answering (VQA)

Visual Entailment (VE)

Image-Text Retrieval (ITR)

Referring Expressions (RE)

(VQA)

(VE)

(ITR)

(RE)



Visualization (Text-to-Image Attention)

• UNITER learns local cross-modality alignment between regions and tokens



State-of-the-Art Results

• UNITER outperformed both task-specific and pre-trained SOTA models over 
nine V+L tasks (as of Sep 2019 until early 2020)

Performance/Robustness

Multimodality Generalization



Large-scale Adversarial Training for Vision+Language

VILLA: Vision-and-Language Large-scale Adversarial Training



What’s Adversarial Training?

• Neural Networks are prone to label-preserving adversarial examples

Computer Vision:

Natural Language 
Processing:

• What doesn't kill you makes you stronger!
• Find adversarial examples that maximize the empirical risk
• Train the model to predict correctly on adversarial examples

Goodfellow et al., Explaining and harnessing adversarial examples, ICLR 2015



Adversarial Training for Vision+Language

• Aggressive finetuning often falls into the overfitting trap in existing 
multimodal pre-training methods

• Adversarial training (e.g., FreeLB) has shown great success in 
improving large-scale NLP models via finetuning

• 1+1>2?

• How to enable adversarial training in pre-training stage?

• How to add perturbations to multiple modalities?

• How to design advanced adversarial algorithm for V+L?

Multimodal Pre-training                             Adversarial Training

Zhu et al., FreeLB: Enhanced Adversarial Training for Natural Language Understanding, ICLR 2020 



Recipe in VILLA

• Ingredient #1: Perturbations in the embedding space

• Ingredient #2: Enhanced adversarial training algorithm

• Ingredient #3: Adversarial pre-training + finetuning



Perturbations in the Embedding Space

• Adversarial label-preserving examples should preserve semantics

• Possible solutions
• Use back-translation scores to filter out invalid adversaries: Expensive

• Searching for semantically equivalent adversarial rules: Heuristic

• Our proposal: add perturbations to the embedding space directly, as 
the goal is end results of adversarial training

He has a natural gift for writing scripts.

He has a natural talent for writing scripts. 

He has a natural present for writing scripts. 

Original:

Adversarial:

Adversarial:

Ribeiro et al., Semantically Equivalent Adversarial Rules for Debugging NLP Models, ACL 2018
Cheng et al., Robust Neural Machine Translation with Doubly Adversarial Inputs, ACL 2019



• Training objective:
• : Cross-entropy loss on clean data

• : Cross-entropy loss on adversarial embeddings

• : KL-divergence loss for fine-grained adversarial regularization

Adversarial Training Algorithm

KL Divergence

KL Divergence

Clean Data

Adversarial Examples 
(Image Embeddings)

Adversarial Examples 
(Text Embeddings)



Results (VQA, VCR, NLVR2, SNLI-VE)

• Established new state of the art on all the tasks considered

• Gain: +0.85 on VQA, +2.9 on VCR, +1.49 on NLVR2, +0.64 on SNLI-VE



Results (ITR, RE)

• Gain: +1.52/+0.60 on Flickr30k IR & TR (R@1), and +0.99 on 3 RE datasets



Ablation Study and Generalization

• Both adversarial pre-training and finetuning contribute to performance boost

+0.51 Pre-train
+0.82 Finetune
+1.15 Both

• VILLA can be applied to any pre-trained V+L models

Gan et al., Large-Scale Adversarial Training for Vision-and-Language Representation Learning​, 2020



A Closer Look at VQA

07/01/2017              05/01/2018               03/01/2019              01/01/2020    07/01/2020          

BUTD

Pythia

BAN

Counter

MCAN

ReGAT

LXMERT & VL-BERT

ViLBERT & VisualBERT

UNITER-v1 UNITER-v2
OSCAR

Pixel-BERT
VILLA



AI Explainability and Interpretability

VALUE: Vision-And-Language Understanding Evaluation



What Have Pretrained Models Learned?

• What is the correlation between multimodal fusion and network layers? 

• Which modality plays a more important role? 

• What cross-modal knowledge is encoded in pre-trained models? 

• What intra-modal knowledge has been learned? 

• What linguistic knowledge do pre-trained V+L models encode?



VALUE: Vision-And-Language Understanding Evaluation

Cao et al., Behind the Scene: Revealing the Secrets of Pre-trained Vision-and-Language Models, ECCV 2020

• Visual probing

• Linguistic probing

• Cross-modality probing



Single-Stream vs. Two-Stream Architecture

• Models: UNITER (single-stream) vs. LXMERT (two-stream)

• Probing targets: 144 attention weight matrices (12 layers x 12 heads)

• Datasets: Visual Genome (for visual relations), Flickr30k (for visual coreference) 

• Toolkit: SentEval (for linguistic probing)



• Deep to Profound: Deeper layers lead to more intertwined multimodal 
fusion

• Who Pulls More Strings: Textual modality is more dominant than image

• Winner Takes All: A subset of heads is specialized for cross-modal 
interaction

Take-home Message

• Secret Liaison Revealed:              
Cross-modality fusion registers 
visual relations

• No Lost in Translation:                     
Pre-trained V+L models encode 
rich linguistic knowledge



High-Resolution Image Synthesis: BachGAN

Vision-and-Language Inference: VIOLIN



BachGAN: Background Hallucination GAN

Task: Image Synthesis from Object Layout

Segmentation Map 
Input (Prior work)

Bounding Box 
Input (BachGAN)

Synthesized Results 
(BachGAN vs. 

Baselines)



• BachGAN outperforms baseline models in both quantitative and human evaluations

BachGAN: Background Hallucination GAN

Results on automatic metrics

Results from human study

Li et al., BachGAN: High-Resolution Image Synthesis from Salient Object Layout ​, CVPR 2020



VIOLIN: Video-and-Language Inference

• 95K video+statement pairs collected from 16K video clips (TV shows & 
movies clips)

• Each video is 35-second long on average, paired with 6 statements
• Each statement is either ‘Entailment’ or ‘Contradiction’ to the video



• Explicit Visual Understanding (54%): Visual recognition, 
Identifying character, Action Recognition

• Deeper Inference (46%): Inferring reasons/causal 
relations, Conversation reasoning, Social dynamics

VIOLIN: Video-and-Language Inference

Liu et al., VIOLIN: A Large-Scale Dataset for Video-and-Language Inference​, CVPR 2020



AI Explainability: VALUE

Self-supervised Learning for 
Multimodal Pre-training: UNITER

Large-scale Adversarial Training 
for Vision+Language: VILLA

Image Synthesis: BachGAN

Vision-and-Language Inference: VIOLIN





Thank You

Microsoft Multimodal AI Group: http://aka.ms/mmai

http://aka.ms/mmai

