
Can Vision-Language Models 
Answer Face to Face 
Questions in the Real World?
Reza Pourreza*, Rishit Dagli*, Apratim Bhattacharyya, 
Sunny Panchal, Guillaume Berger, Roland Memisevic

AI Research

University of Toronto



2

Qualcomm Interactive Video Dataset
(QIVD)

• We ask: Can MLLMs converse with users in 
real-time about scenes and events that are 
unfolding live in front of the camera?

• Users speak a question about the audio-
visual content

• Models get access to a streaming camera 
and audio input

• System must see, listen, and respond 
appropriately in real-time
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Qualcomm Interactive Video Dataset
(QIVD)

• We ask: Can MLLMs converse with users in 
real-time about scenes and events that are 
unfolding live in front of the camera?

• Users speak a question about the audio-
visual content

• Models get access to a streaming camera 
and audio input

• System must see, listen, and respond 
appropriately in real-time

Audio-visual information maybe 
present before or during the process 

of asking the question
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The information needed to 
answer the question was 
present when the 
question was asked

Thus, answer the question 
right after it has been 
spoken
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Deictic References
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Most Relevant Information May Lie After the Question

Relevant audio-visual information may 
appear after asking the question

We are confident we have the 
needed information now



7

QIVD includes diverse data
with varying actions, lighting, views, backgrounds, etc.
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QIVD vs Other Datasets

Two-dimensional t-SNE projection of the 1024-dimensional 
embeddings for representative datasets AVSD, and Social-IQ 
versus QIVD, 
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Modifying MLLMs for Our Setting

"time_to_answer": "3.8s",
"answer": "You are holding a 
Rubik’s cube in your left hand."

[0.0s, 1.0s, "..."],
[1.0s, 2.0s, "..."],
[2.0s, 3.0s, "..."],
[3.0s, 4.0s, "You are holding a 
Rubik’s cube in your left hand."],
[4.0s, 5.0s, "..."],
[5.0s, 6.0s, "..."]
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Comparing Models

❖ Corr. denotes correctness measured by an LLM judge (Qwen3-32B)
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Performance of Stream-Qwen-Omni by Categories



Performance of SoTA 
MLLMs Compared with 
a non-expert Human
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Performance of SoTA MLLMs
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Gap in Capabilities of SoTA MLLMs
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Summary Limitations and Future Directions

• Introduce QIVD, a benchmark and dataset for training 
and evaluating LMMs (video, audio, language) in real-
time human interaction tasks.

• Propose Stream-Qwen-Omni allowing MLLMs to adapt 
to online streaming settings

• Tests situated audio-visual understanding without 
requiring multi-hop conversation or domain-specific 
knowledge.

• Dataset uses a simple Q&A paradigm, avoiding complex 
reasoning but still poses significant challenges for 
current models.

• Extensive experiments highlight key limitations in 
existing multimodal models.

• Small class sizes, limiting 
diversity of questions and 
answers.

• Controlled recording 
environments, reducing 
variability in lighting, 
background, and camera 
angles.

• Demographic biases (gender, 
age, ethnicity) could impact 
performance across diverse 
user groups.
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