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● Understand more like humans
○ novel objects
○ fine-grained attributes
○ relationships

● Communicate more like humans
○ open-ended
○ precise 

● Align better with humans
○ match human preferences 
○ align human values
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Goals of Visual Language Models

DALL·E 3, ChatGPT OpenAI. (May 2025). 
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Communicate more like humans

Align better with humans



Vision Language Models for Visual Recognition

A gray baby elephant 
in a field

VLM

Classes: elephant, field

elephant
field

9

Beyond a 
closed-set of 
categories

Use Image-Text 
pairs as 

supervision

Use Natural 
Language to 
query classes



Overview 

Localized Vision-Language Matching for 
Open-vocabulary Object Detection

Maria A. Bravo, Sudhanshu Mittal, Thomas Brox
GCPR 2022
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Understand more like humans



Open-vocabulary Object Detection (OVD)

book

person

spooncat

cup

Novel
Known

book

person

spoon

Classical Object Detection Open-vocabulary Object 
Detection

OVR. Zaraian et al. 2021
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Open-vocabulary Object Detection (OVD)
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Two cats are laying on a 
wooden dock.



Localized Vision-Language Matching for OVD

Text Embedding 
(w)

Image-region 
Features (r)

A man riding on the back 
of a dirt bike in the air.
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Localized Vision-Language Matching for OVD

Text Embedding 
(w)

Image-region 
Features (r)

Contrastive Grounding loss

A man riding on the back 
of a dirt bike in the air.
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Specialized Task Tuning for OVD

Training: Object Class
-Known objects
(tv, chair, ...)

Class 
Embedding (Ck)

Class Label Matching
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Detector 
boxes (b)



Results: Open-vocabulary Detection
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Overview 

Open-vocabulary Attribute Detection
https://ovad-benchmark.github.io 

Maria A. Bravo, Sudhanshu Mittal, Simon Ging, Thomas Brox
CVPR 2023
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Vision Language Models for Open Vocabulary Recognition

Noun concepts
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Classes: elephant, field

elephant
field

Image 
Classification

Object 
Detection

Semantic 
Segmentation



Vision Language Models for Open Vocabulary Recognition

Noun concepts

19

A gray baby elephant 
in a field

Attribute concepts

Object class: elephant

Attributes
color quantity: one
color: gray
group: single
maturity: baby
pattern: plain
position: vertical
size: small
state: dry
texture: rough
tone: light

Classes: elephant, field

elephant
field



Significance of attributes in an object’s identity

A white and a spotted horse 
on a field of grass.

Red traffic signal in the 
middle of a wide street.

Images from COCO Captions. Chen et al. 2015
20



OVAD task: Open-vocabulary Attribute Detection

Object class: person

Attributes
face exp: surprise
group: single
hair color: black
hair length: short
hair tone: dark
hair type: straight
maturity: adult
position: upright
clothes color: white

Object class: car

Attributes
color quantity: one
color: red
group: single
material: wood
optical prop: opaque
patterns: lettered
state: piece / cut
texture: smooth
tone: dark

Object class: bear

Attributes
color quantity: two
color: black and brown
group: single
material: wood
maturity: adult
position: upright
size: big
state: dry
texture: smooth
tone: dark

Bear

Car

Person(1) Detect all object classes. 
(2) Detect their attributes.

Solving the OVAD task:
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Human 
annotated test 

dataset

Based on 
MSCOCO 

Images

96.8 attributes / 
instance

2,000 Test 
Images

117 
Attribute 

Categories 

80 Object 
Categories

14.3k 
Object 

Instances

1.4M 
Attribute 

Annotations
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OVAD Benchmark

https://docs.google.com/file/d/1X5xbDKkW8FhyECy5roVkzz461jrUTf3M/preview


VLM Evaluation on Attributes (OVAD)

● Large pre-trained VLMs fail to capture fine-grained information.

● X-VLM model performs best due to localized alignment during training.

VLMs on OVAD
Box-oracle Setting
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Contributions
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LocOV:
● Proposed a new method that exploits part-wise 

alignment of visual and text features

OVAD: 

● Proposed a new OVAD task

● Introduced a new OVAD benchmark 

● Evaluated SOTA methods and highlighted their 
weaknesses in attribute recognition



Overview 

Open-ended VQA benchmarking of Vision-Language models by 
exploiting Classification datasets and their semantic hierarchy

Simon Ging*, Maria A. Bravo*, Thomas Brox
Spotlight ICLR 2024

* Equal Contribution
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Vision Language Models for Generation

A turtle is approaching a sleeping dog 
on the ground. Text-VLM

26

What is in the image?

A mouse rests on top of 
an open laptop. Img-VLM



Vision Language Models for Generation

A turtle is approaching a sleeping dog 
on the ground. Text-VLM
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What is in the image?

A mouse rests on top of 
an open laptop. Img-VLM



Where is the scene taking place?

The scene is taking place on a sandy 
beach with the ocean in the background.

Does the ocean have strong waves?

The waves in the ocean appear moderate, 
not particularly strong.

VLMs for Text Generation

The image shows a person sitting on a 
sandy beach, with three large dogs. The 
person is looking towards the sea. 

How many dogs are in the image?

There are three dogs in the image.

Captioning

Visual Question Answering Visual Dialog
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Who is in the image?

The image includes a person and three 
dogs on a beach.



Where is the scene taking place?

The scene is taking place on a sandy 
beach with the ocean in the background.

Does the ocean have strong waves?

The waves in the ocean appear moderate, 
not particularly strong.

VLMs for Text Generation: Unified Evaluation

The image shows a person sitting on a 
sandy beach, with three large dogs. The 
person is looking towards the sea. 

How many dogs are in the image?

There are three dogs in the image.

Visual Question Answering

Make a short description of the image.
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Who is in the image?

The image includes a person and three 
dogs on a beach.



Visual Question Answering (VQA)
Challenges in evaluation of Open-ended VQA

What’s this? (Label: Porcupine)
Model output: A tree with no leaves

What’s this? (Label: Newfoundland dog)
Model output: A black dog standing in the water

Ambiguous object Unknown label granularity 

30



oVQA Benchmark
Visual Guidance

What’s this? (Label: Porcupine)
Model output: A tree with no leaves

Ambiguous object
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What’s this? (Label: Porcupine)
Model output: A porcupine

crop



What’s this? (Label: Newfoundland dog)
Model output: A black dog standing in the water

What type of dog is this? 
Model output: Newfoundland dog

Unknown label granularity 

oVQA Benchmark
Follow-up Question

32



Open-ended Visual Question Answering Benchmark
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Objects

Actions Attributes

Classical VQA
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Model results

VQA fine-tuned Models Generic image-text ModelsInstruction-tuned Models 
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Model results

For VQA and attribute datasets:

● VQA fine-tuned Models   >  Generic image-text Models

VQA fine-tuned Models Generic image-text ModelsInstruction-tuned Models 
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Model results

For VQA and attribute datasets:

● VQA fine-tuned Models   >  Generic image-text Models

VQA fine-tuned Models Generic image-text ModelsInstruction-tuned Models 

Attributes (OVAD)

correct answer
wrong answer
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Model results

VQA fine-tuned Models Generic image-text ModelsInstruction-tuned Models 

For fine-grained Objects and Activities 

● VQA fine-tuned Models   <  Generic image-text Models
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Model results

VQA fine-tuned Models Generic image-text ModelsInstruction-tuned Models 

Activities (ActivityNet)

correct answer
wrong answer

For fine-grained Objects and Activities 

● VQA fine-tuned Models   <  Generic image-text Models
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Contributions

oVQA: A new benchmark for diagnosing Text-VLM 
performance in an open-ended VQA setup

● Remove ambiguities with visual guidance

● Ask follow-up questions

● Use verified strong metrics

● Unified evaluation of Text-VLMs 



Overview 

Text-Image Concept Human Alignment Dataset and Metric  
Maria A. Bravo

Ack. Betty Mohler, Ali Jahanian, Phillip Isola
NeurIPS 2025 (Workshop)
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Vision Language Models for Generation

A turtle is approaching a sleeping dog 
on the ground. Text-VLM
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What is in the image?

A mouse rests on top of 
an open laptop. Img-VLM



Text-Image Alignment
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Which image is best described by the reference text?



Text-Image Alignment Measuring vision-language alignment requires compositional 
reasoning skills, and a holistic analysis of both parts.
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Human guidance

Which image is best described by the reference text?



Text-Image Alignment Measuring vision-language alignment requires compositional 
reasoning skills, and a holistic analysis of both parts.
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Human guidance



TIAlign Dataset
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noun: "scarf"
relation: "in"

+
examples

"A scarf is in 
between a baseball 

and a glove."
LLAMA

NSFW 
Filtering

1. Text generation

Dataset Generation
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noun: "scarf"
relation: "in"

+
examples

SD
"A scarf is in 

between a baseball 
and a glove."

LLAMA

NSFW 
Filtering

1. Text generation

2. Image generation

Dataset Generation
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noun: "scarf"
relation: "in"

+
examples

SD

CLAUDE
"A scarf near a 
baseball glove 

and ball."
"A scarf is in 

between a baseball 
and a glove."

LLAMA

Remove 
ADP:"between"

NSFW 
Filtering

1. Text generation

2. Image generation

3. Recaptioning

Style
Add

Dataset Generation

48



Data Annotation
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A BText

Which image is best described by the reference text?

Human

Two-alternative forced choice test



Data Annotation
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A BText

Which image is best described by the reference text?

Human

Two-alternative forced choice test

…

Reasons



TIAlign Dataset
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56,370 
Unanimous 

Triplets

5 Caption 
Types 

2 Triplet 
Directions

48 Reasoning 
Explanations

146k Triplets 
with >6 

annotations
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10 1

Alignment Score Model



Results for text-image Alignment
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Contributions

TIAlign: 

● Diverse large dataset with preference scores
● High human agreement
● Reasoning annotations 

Text-Img-Align Score Model:

● Trained on synthetic data
● Outperforms other methods on synthetic data
● Reduces the gap with models trained on real 

data

Humans

TIAlign

ImageReward

HPSv2

PickScore

BLIP

openCLIP

CLIP

A B

�� Reasons: Object(s) 
better, action(s) better

Reference

🌴

🌴



Summary
 Open-vocabulary 

Detection

 Open-vocabulary 
Attribute Detection

Open-ended 
VQA 

benchmark

Image-Text Alignment

Open-vocabulary detection 
→ part-wise alignment 

Attribute recognition 
→benchmarking and finding the limitations

Text Generative evaluation
→strategies for evaluation

Alignment learning 
→learning from human feedback

Object class: cat

Attributes
color quantity: two
color: brown
color: tan
group: single
maturity: adult
pattern: striped
position: horizontal
state: dry
texture: soft
tone: light

cat

What type of dog is this ?

Parent Hierarchy

What’s this?

A black dog standing
in the water

Newfoundland dog

dog / domestic dog
canine / canid
…
entity

GCPR 2022

CVPR 2023

ICLR 2024

Neurips 2024 (Workshop)
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Thank you!
DAAD

Simon Ging 

Thomas Brox Sudhanshu Mittal 

Silvio Galesso



Questions?
 Open-vocabulary 

Detection

 Open-vocabulary 
Attribute Detection

Open-ended 
VQA 

benchmark

Image-Text Alignment

Open-vocabulary detection 
perceiving what hasn’t been explicitly labeled before

→ part-wise alignment 

Attribute recognition 
understanding subtle visual semantics

→benchmarking and finding the limitations

Text Generative evaluation
measuring open-ended outputs in human-relevant terms

→strategies for evaluation

Alignment learning 
anticipating what humans value or prefer

→learning from human feedback

Object class: cat

Attributes
color quantity: two
color: brown
color: tan
group: single
maturity: adult
pattern: striped
position: horizontal
state: dry
texture: soft
tone: light

cat

What type of dog is this ?

Parent Hierarchy

What’s this?

A black dog standing
in the water

Newfoundland dog

dog / domestic dog
canine / canid
…
entity

GCPR 2022

CVPR 2023

ICLR 2024

Neurips 2024 (Workshop)
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