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A global leader in AI research and 
innovation

Based in Toronto, Canada, Vector is a 
globally-renowned AI Institute  that empowers 
researchers, businesses and governments, to 
develop and adopt AI responsibly.

● Established in 2017: Advancing scientific 
excellence in machine learning and deep learning 
to improve lives; and

● Our Mission: Bridging cutting-edge AI research 
with real-world application.

Vector Institute



962
Research Community Members

47
Faculty Members

369+
Published Research Papers

140
Faculty Affiliates

AI for Health & Science
Advancing clinical decision support and drug discovery 
through specialized ML models.

Safe & Trustworthy AI
Focusing on algorithmic fairness, robust governance, and 
model interpretability.

Fundamental Machine Learning
Driving innovation in computer vision, robotics, and 
learning theory.

Generative Models & LLMs
Developing state-of-the-art multimodal systems and 
large-scale language models.

Our research excellence creates a foundation for open, pre-competitive discovery.

Core AI Research Areas
Advancing AI knowledge across critical domains



Fundamental Research Industry Adoption

Open Research
Curiosity-driven research across 
Vector’s top research partners.

Applied Engineering
Developing reference 

implementations and technical 
best practices.

Functional Prototyping
Low-risk working examples 

applied to specific partner use 
cases.

Operational Adoption
Integrated AI solutions driving 

measurable outcomes.

Vector’s AI Engineering team transforms breakthrough research into practical tools, frameworks, and solutions that 
organizations can implement. These insights provide behind-the-scenes looks at technical challenges, innovative solutions, and 

the engineering approaches that make AI research actionable across industries.

Vector's AI Engineering team
From research to real-world application



Vector Institute’s open source contributions democratize access to cutting-edge AI tools and frameworks. Our engineering and 
research teams develop practical software solutions that enable researchers and practitioners worldwide to implement 

advanced AI methods in their own work, advancing the global AI community through collaborative innovation

AI Systems:
Evaluation, modeling & benchmarking

https://vectorinstitute.ai/research-talent/ai-engineering/open-source/


Shaina Raza, PhD

 Applied ML Scientist · Responsible AI , Vector Institute, Toronto, Canada

• 10+ years bridging research & industry in AI/ML

• PhD Computer Science

• Postdoc in Equitable AI (UofT) (CIHR award holder) 

• The Peak Emerging Leader AI (2026)

• Responsible AI Leader of the Year (Woman in AI) (2025) (USA, Canada, Mexico)

• Top 2% Scientist Worldwide (Stanford/Elsevier, 2025)

• Co-PI on the European Commission Horizon project AIXpert (3/137 selected)

• Passionate about: Applied Research · Responsible AI · Governance · Human-centric AI

About Me



DOCUMENTED HARMS WORLDWIDE

AI bias incidents around the globe

362 documented AI incidents worldwide in 2025
▲ up 55% from 233 in 2024

Bias is one category; the cases below are the bias subset. Only publicly reported incidents  whic is actual harm is almost certainly higher.   
Sources: Stanford HAI AI Index 2026 · AIID · EEOC · ProPublica · Science

34.7%  vs  0.8%
Face-ID error: darker- vs 
lighter-skinned women
MIT Gender Shades

35,000
families wrongly flagged as 
fraudsters — cabinet resigned
Toeslagenaffaire, 2021

433,000
people pursued for wrongful 
automated debts (A$1.76B)
Robodebt

200+
job applicants auto-rejected by age 
($365K settlement)
EEOC · iTutorGroup

45%  vs  23%
Black vs white defendants wrongly 
flagged “high-risk”
COMPAS · ProPublica

17.7% → 46.5%
Black patients’ extra-care enrollment, 
once debiased
Science, 2019



The gap we close
Most benchmarks return a single number ..  a model is “biased” or it isn’t. That tells a researcher 
nothing they can act on.

We answer the three questions that actually matter:

WHERE
Which task, which group, which 
language the failure shows up in 
— not one aggregate score.

WHY
Each failure tied to a 
human-centered principle — 
fairness, empathy, robustness — 
you can reason about.

WHAT
MLLM  tasks and expert-verified 
examples that define what good 
actually looks like.

Locate it. Explain it. Measure it.



Hiring Scenario
Hiring via AI Video Screening

Can we trust if they will hire the best for the role?



Healthcare Scenario
Healthcare Assessment

How do we know the decision wasn’t biased?



2 Years Before (Midjourney)

https://www.linkedin.com/pulse/responsible-ai-user-testing-midjourneys-ai-generated-ginena-phd/

We’ve seen bias clearly in image models. 

For audio-video MLLMs in high-stakes setting we don’t even have 

the measurement tools.

https://www.linkedin.com/pulse/responsible-ai-user-testing-midjourneys-ai-generated-ginena-phd/


Can we do something?



Fairness: From Research to Deployment



Before going for Videos
Let’s focus on images
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What is HumaniBench?

7 Principles
Fairness, Ethics, Understanding, Reasoning, Language Inclusivity, 
Empathy, Robustness

7 Tasks
Instance Identity, Open- and closed-ended VQA, multilingual QA, 
Visual Grounding, Empathetic Captioning, Scene Robustness

Dataset
32K real-world image–question pairs (news sources)

Annotation
GPT-4o-assisted + expert verified



T1 Scene Understanding

open-ended VQA across age, gender, race, occupation

T2 Instance Identity

fine-grained attribute recognition for social categories

T3 Multiple-Choice VQA

closed-ended, 4 options, tests visual judgment

Tasks Overview

T4 Multilinguality

same questions across 11 languages



T5 Visual Grounding

bounding box prediction mapping language to image regions

T6 Empathetic Captioning

factual and empathetic captions for sensitive images

Tasks Overview

T7 Image Resilience

consistent answers on clean vs corrupted images



HumaniBench Evaluation



Results Summary



Results Summary



Key Findings

Closed-Source Models Lead GPT-4o 
and Gemini outperform all 
open-source models across fairness 
and ethics metrics.

Multilingual Gap is Real Tamil, Urdu 
and Punjabi score significantly lower 
than English, low-resource languages 
remain underserved.

Visual Grounding is Broken GPT-4o 
fails to produce bounding box 
outputs 70% of the time across 
demographic groups.

Bias Varies by Demographics No 
model achieves consistent fairness 
across gender, race, occupation and 
age.



From Images 
to Videos

SONIC-O1 Audio-Video Benchmark



The Temporal Blindspot

Real-world human interaction is dynamic.

Images miss when events happen and how 
conversations evolve

The Modality Gap

Assessing empathy requires audio tone, not 
just visual cues.

The Real world isn’t static

Beyond Static Frames



When Audio-Video meets Human-centeredness

Human-centred AI means we don’t just ask Is it smart? we ask 

Is it helpful, fair, and safe for real people in real situations? 

(Shneiderman, 2020)

❏ We evaluate AI by how it supports people: their safety, dignity, 

and worth

❏ Success is measured by real-world impact, not just technical 

benchmarks or numbers

❏ We move from pure metrics to human experience

But Why?

Shneiderman, Ben. "Human-centered artificial intelligence: Reliable, safe & trustworthy." International Journal of Human–Computer Interaction 36.6 (2020): 495-504.



No existing benchmark evaluates audio-video understanding 
with demographic fairness



If AI evaluate people, we must evaluate AI

That is why we built SONIC-O1



Research Questions

1. Temporal Understanding & Coherence

❏ Can MLLMs compress hours of interaction into coherent summaries?
❏ How well do MLLMs track how events unfold over time?

2. Scene-Level Reasoning

❏ Can MLLMs find when did the action happened in the video?
❏ Do MLLMs correctly interpret segment-level actions, objects, and interactions?

3. Social Context & Empathy

❏ Can models adapt their phrasing to the emotional and social context?

4. Demographic Fairness

❏ Do model failures vary across demographic groups (race, gender, age)?



Demographics

Different Ages

Misidentifies elderly patient age, affecting health 
assessment urgency

Different Races

Overlooks qualified minority candidates in job interview 
summaries

Different Genders

Labels women's complaints as 'emotional' rather than 
legitimate
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SONIC-O1: Audio-Video Understanding Benchmark

Covering 13 Topics

231 Audio-Video and 4,958 QAs

Three Evaluation Tasks 

Capabilities and Fairness Analysis 



SONIC-O1: Audio-Video Understanding Benchmark



Three tasks, one question: where does fairness break down?



But How did we build SONIC-O1?



Data & Annotation Pipeline

❏ YouTube CC BY 4.0 only
❏ 13 topics across 5 

domains
❏ Demographic search 

terms (race, gender, age)
❏ Manual quality screening

❏ AI drafts annotations
❏ Summarization
❏ MCQ
❏ Temporal localization
❏ Perceived demographics 

per segment

❏ 5 domain experts
❏ Watch full video before 

labeling
❏ Consensus adjudication 

for disagreements
❏ Weekly calibration 

meetings

Collect         Annotate Verify



Evaluation
Stage

SONIC-O1 Audio-Video Benchmark



Semantic Alignment - Judge

❏ Compare AI summaries to human Summaries

Correctness - Accuracy

❏ Answering correctly in multiple-choice questions 

Temporal Precision - IoU

❏ Can the AI find the correct time of an event happening?

Evaluation Metrics

Fairness

❏ Performance across demographic groups

Empathy

❏ Can the AI adjust it’s tone in sensitive situations? 



Closed Source

❏ Gemini 3.0 Pro

Open Source

❏ Qwen3-Omni

❏ Uni-MoE-2.0-Omni

❏ Minicpm-o-2.6

❏ VITA 1.5

❏ VideoLLAMA2

❏ OLA

❏ Baichuan Omni 1.5

MLLMs



Overall Performance

❏ Closed-source models consistently outperform 
open-source.

❏ Temporal Localization remains challenging.

Models are failing to answer when?

Performance Across Tasks

70%

57%

15%

65%

26% 25%

0.4%
2.8%

Gemini 3.0 Pro
Qwen3-Omni
VideoLLaMA2

Summarization
Judge Score (%)

MCQ
Accuracy (%)

Temporal
R@0.5 (%)

81%



Temporal Localization: How Models Fail



Video Duration Effect



Per-Topic Performance

❏ Structured interactions are easier: Models 
excel in formal settings with predictable patterns.

❏ High-stakes scenarios are harder: Emergency 
response and mental health counseling show 
lower scores due to complexity and emotional 
nuance.

High stakes scenarios are harder



Does more Frames Help Performance?

❏ Higher frame counts primarily benefit temporal localization only

❏ Summarization and MCQ tasks show minimal gains with more frames

❏ Stronger models (Qwen3-Omni) benefit more from dense visual coverage than weaker models



Who gets Left Behind?

❏ Black and Indigenous groups 
consistently score lowest across all 
models

❏ Closed-source models show smaller 
demographic gaps than open-source 
alternatives



Who gets Left Behind?

❏ Indigenous groups show lowest accuracy 
(8.6-80.0%) across all models 

❏ Performance gaps widen in open-source 
models, indicating training data 
imbalances



Who gets Left Behind?

❏ 21% Gap Across Racial Groups.

❏ Open-Source Models are collapsing.

❏ The Gap Extends to Gender and Age 
Groups.



Do MLLMs Express empathy?

Gemini 3.0 Pro 4.35 2.03 46.16

Qwen3-Omni 3.88 1.39 56.99

UniMoE-2.0 3.54 0.93 57.94

MiniCPM-o-2.6 1.41 0.38 46.10

VITA 1.5 2.65 0.59 55.45

VideoLLaMA2 2.02 0.49 49.83

Model Total Emotion (%) Neg. Emotion (%) Tone

❏ Gemini: high emotional validation with 
formal tone; UniMoE-2.0: warm tone 
with lower emotional intensity 

❏ Smaller models fail at empathic 
modulation, defaulting to detached 
clinical descriptions



Key Findings

Open-Source Models are still Behind 
with 23% performance gap in 

temporal localization
Black and Indigenous groups show 

lower performance

Female and 40+ Age group score 
higher consistently

High-stakes scenarios (Emergency 
Response and Mental Health) are 

more challenging

https://vectorinstitute.github.io/sonic-o1/

https://vectorinstitute.github.io/sonic-o1/


SONIC-O1 Audio-Video Benchmark

We built a mirror for AI — and what it 
reflected back should concern all of us



Links

SONIC-O1 Humanibench



Collaborate with Vector

❏ Pathways from R&D to 
adoption

❏ Fast knowledge transfer 
partnerships across 
Europe, Japan, South 
Korea, and Canada

Translation & 
Commercialization

❏ Talent exchange 
programmes

❏ Researcher mobility
❏ Faculty Affiliations
❏ Visiting appointments
❏ Joint research and 

scientific collaboration

❏ Opportunities to 
collaborate on 
International funding

❏ Canada holds Associate 
Country status for 
Horizon Europe Pillar II

Talent & Mobility      Research Funding



Remarkable in progress.

Vector Institute
Schwartz Reisman Innovation Campus
W1140-108 College Street
Toronto, ON M5G 06C

General Inquiries:
info@vectorinstitute.ai

For Partnership and Research Collaboration 
Inquiries: 
Hussein Shamji
Director, Strategic Partnerships
hussein.shamji@vectorinstitute.ai

Thank you.

 




