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Abstract AI companions are envisioned as always-on

assistants that support users in daily life. With this

regard, we introduce BuddyVQA, a benchmark for

companion-style question answering (QA) on egocentric

streaming video. BuddyVQA contains 21.6K questions

linked to 6K highlight moments across 1,012 long, ego-

centric videos. It features two key characteristics that

are common in daily first-person QA assistance but are

largely overlooked in existing VideoQA benchmarks:

ego-deictic expressions and interactively chained ques-

tions (e.g., “Where is it?”, “How to get there?”). These

require models to infer a user’s in-situation intent by

resolving visual pronouns in the context of egocentric

visual and QA contents, with both grounded in a long-

form streaming setting. To tackle the challenges, we

propose MyBuddy, a companion-style QA assistant
that highlights a multimodal chain-of-thought reason-

ing mechanism to infer the final answer based on the

historical QA and visual content. An additional ques-

tion filter and multi-level memory are designed to facil-

itate efficient QA and visual information retrieval un-

der streaming QA settings. Experiments show that My-

Buddy significantly enhances the performance of foun-

dation models on BuddyVQA. Moreover, these gains

generalize to other streaming and common video QA

benchmarks, demonstrating the applicability and ef-

fectiveness of our approach. Our code and dataset are

available at https://github.com/QHUni/BuddyVQA.
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1 Introduction

With the rapid adoption of wearable cameras and

mixed-reality devices, egocentric visual assistants have

become an important research area for enhancing daily

human experiences (Grauman et al., 2022; Yang et al.,

2025a; Yan et al., 2025). Imagine a visual assistant

that accompanies users, continuously observes and re-

members their visual experiences, and answers ques-

tions when needed (see Fig. 1). Often, such assistance

requires more than object recognition (Bärmann and

Waibel, 2022; Sun et al., 2025) and scene descrip-

tion (Xiao et al., 2025; Zhou et al., 2025). It requires

a companion that maintains visual context over time,

understands vague user intentions, and provides practi-

cal answers and advice through real-world interaction,

serving as an assistive “buddy.”

With this regard, we explore a new setting for

companion-style question answering (QA), where the

video question answering (VideoQA) model acts as a

buddy accompanying the user through egocentric video

streams to answer practical questions. Such a setting

is distinct from traditional VideoQA (Yu et al., 2019;

Xiao et al., 2021; Fu et al., 2024; Mangalam et al.,

2024), which focuses on offline, third-person clips with

fixed temporal scopes and questions. Recent stream-

ing VQA (Zhang et al., 2025c; Lin et al., 2024; Niu

et al., 2025) is closer in aim, but it ignores egocentric

references and conversational continuity in daily QA

practice. In contrast, companion-style QA occurs in a

shared first-person context, where users frequently ask

questions that depend on previously observed events

and prior QA interactions. Such questions often con-

tain deictic or under-specified references (e.g., “What is

this”), requiring the assistant to infer the user’s true in-

tent. Therefore, we summarize that a QA buddy should
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Scrutinizing the Present

Recalling the Past

Recognizing Visual Content

Advising for the Next

Q: Is this mixture ready?
A: Not yet, it would be better to break it into small pieces.

Q: Should I add this ground meat to them now?
A W/o chain: Yes, you can add the ground meat to the 
plate now.
A W/ chain: No, the mixture is not ready for seasoning 
and you should not add the meet.

1k+ videos

6k+ highlight moments

79.1% deictic Rate

21K+ companion QAs

BuddyVQA:Companion-style QA 
Assistance in Ego-Vision

100% Human Edited

Qwen3-VL    Flash-Vstream     ReKV     LongVA     MyBuddy

MyBuddy Performance

Q: What is the price?
A W/o chain: The price of the things you bought is 18
dollars.
A W/ chain: The price of Monster Energy is 3 dollars.

Q: Is it a Monster or a Red Bull here?
A: It is a can Monster Energy drink.

Q: How should I position this before making the next 
cut?
A: Set the base plate of the saw flat on the board, and 
align the blade with the mark.

Q: Was there any snacks over there?
A: Yes, there are some Little Bites on the shelf.

Q: How many kinds of it are there?
A W/o chain: There are several kinds of bread. 
A W/ chain: 2 different kinds of Little Bites.

Fig. 1 BuddyVQA targets companion-style VQA assistance. It features two key challenges: ego-deictic expressions and chained
questions, both under the egocentric streaming setting. MyBuddy achieves SOTA results across different question categories.

possess 1) Shared view with egocentric streams; 2) In-

terpretation of visual deictic expressions; 3) Contex-

tual dependency of questions; and 4) High response

efficiency. Achieving these goals introduces challenges

of egocentric referential grounding, multimodal contex-

tual reasoning, and long-term memory, with which cur-

rent benchmarks (Mangalam et al., 2024; Yang et al.,

2025a; Xiao et al., 2025; Zhao et al., 2025; Ye et al.,

2025; Bärmann andWaibel, 2022) do not cover, or cover

only partially.

To bridge this gap, we first construct BuddyVQA,

a benchmark targeting egocentric visual QA compan-

ions in the streaming setting. BuddyVQA contains

21.6K questions linked to 6K moments across 1,012 long

ego videos of everyday scenarios. Each video segment is

annotated with temporally aligned questions that em-

ulate how users might query an assistant, from recall

of the past, to scrutinization of the present, to advising

for the future. The benchmark emphasizes two unique

phenomena critical to live companion assistance (see

Fig. 1): ego-deictics, with referential or spatial pro-

nouns (e.g., “this,” “it,” “there”) that must be resolved

with respect to the shared egocentric view; interactive

chaining, where successive queries depend on prior QA

pairs and visual content, modeling visual conversational

continuity. Moreover, the two phenomena are often en-

tangled and grounded in streaming video.

Benchmarking results show that existing general-

purpose and streaming foundation models (Li et al.,

2024a; Bai et al., 2025b; Zhang et al., 2024a; Li et al.,

2023a; Wang et al., 2025b; Zhang et al., 2025a) strug-

gle on BuddyVQA; their performance rarely exceeds

50% accuracy, and the models frequently misinter-

pret referential expressions or miss important histor-

ical information, exposing severe limitations of ex-

isting techniques for companion-style assistance. For

improvements, we introduce MyBuddy, a training-

free and model-agnostic framework designed to tackle

the aforementioned challenges for BuddyVQA. My-

Buddy resolves ego-deictic references following a chain-

of-thought (CoT) mechanism that performs visually

grounded reasoning in the context of ego-cues (e.g.,

gaze direction, hand interactions) and relevant histor-

ical QAs. Specifically, the ego-cues are extracted from

embodied visual features in the memory, which repre-

sent the wearer’s eye gaze point and hand gestures most

relevant to the current question. The relevant QAs are

selected by a Question Filter under the guidance of the

current question to support ego-deictic reasoning. No-

tably, we also propose a multi-level memory to struc-

turally store the visual contents; both the ego-cues and

visual contexts are retrieved on demand rather than

pre-computed for the entire video stream, enabling ef-

ficient online inference under the streaming setting.

Experiments show that MyBuddy achieves state-of-

the-art results on BuddyVQA. It also generalizes well

to other streaming and offline VideoQA datasets. The

results underscore a significant step towards harness-

ing foundation multimodal models for live companion-

style VQA assistance. Our primary contributions are:
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1) BuddyVQA, a companion-style VQA benchmark

that targets egocentric user assistance by highlighting

the core challenges of ego-deictics, interactively chained

questions, and long memory for streaming QA. 2) My-

Buddy, a training-free and model-agnostic framework

for companion-style VQA. It leverages ego-cues for

chain-of-thought intention reasoning, driven by multi-

level memory to achieve effective and efficient online

assistance. 3) Key Findings and Improvements.

BuddyVQA reveals key limitations in existing mod-

els for companion-style VQA, and MyBuddy achieves

strong improvements.

2 Related Works

2.1 Streaming VQA

Streaming VQA aims to continuously interpret incom-

ing video streams and answer questions that may arise

at any moment (Zhang et al., 2025c; Di et al., 2025;

Xiao et al., 2025; Lin et al., 2024; Hu et al., 2025; Niu

et al., 2025; Zhao et al., 2025; Yang et al., 2026). Unlike

traditional offline VideoQA (Xiao et al., 2021; Fu et al.,

2024; Mangalam et al., 2024), where the entire video

is available for question-adaptive processing, Streaming

VQA must process videos online without prior knowl-

edge of future questions. Consequently, it relies on a

memory buffer to efficiently retain question-agnostic

historical video information, enabling the model to an-

swer questions that may be posed at arbitrary future

time steps. Notably, the offline VideoQA task can be

treated as a special Streaming VQA case where the

questions are posed at the end of the videos.

To facilitate companion-style QA, BuddyVQA fol-

lows the streaming VQA setting but differs from ex-

isting works by focusing exclusively on egocentric vi-

sion (shared user view) and emphasizing a set of cross-

modal chaining questions with ego-deictics that reflect

the nature of real-life assistance. While the problem of

chaining questions has been partially explored in con-

versational or multi-turn VideoQA (Alamri et al., 2019;

Qian et al., 2022; Pham et al., 2022; Christmann et al.,

2019; Qu et al., 2020), a key difference and additional

challenge in the companion setting is that the cross-

modal chained questions and ego-deictics cannot be in-

terpreted from text alone but often require other ego

cues from the camera wearer, such as gaze and hand

motion information. In addition, both the video streams

and questions are assumed infinite, thereby simulating

a more practical egocentric QA assistant.

2.2 Egocentric VQA

Early egocentric VQA benchmarks primarily evalu-

ate episodic memory, procedural understanding, and

long-range reasoning over first-person activities (Grau-

man et al., 2022; Bärmann and Waibel, 2022; Man-

galam et al., 2024). More recent MLLM-oriented stud-

ies broaden this scope by collecting egocentric data and

evaluating models towards embodied assistance, either

semantic (Cheng et al., 2024; Zhou et al., 2025; Yang

et al., 2025a; Sun et al., 2025) or spatial (Yang et al.,

2025b). However, they fail to capture the ego-deictic

and chained nature of real-world egocentric question

answering. Although the latest works (Xiao et al., 2025,

2026b; Peng et al., 2025; Choi et al., 2026) underscore

the importance of gaze and pointing gestures for in-

ferring ego-deictics, these challenges are studied solely

through visual information of short video clips. In con-

trast, our ego-deictics are more practical and complex

by naturally entangled with historical QAs rooted in

egocentric streaming QA scenarios, which reflects the

nature of real-world companion-style QA. Moreover,

while existing targeted datasets study ego-gaze or hand

pointing independently, BuddyVQA reflects both ego-

cues in one benchmark.

2.3 MLLMs for VideoQA

Recent MLLMs (An et al., 2026; Bai et al., 2025a;

QwenTeam, 2026; Wang et al., 2025b; DeepMind,

2026; OpenAI, 2026) have substantially advanced of-

fline VideoQA through improved vision-language align-

ment, temporal encoding, reasoning, and so on. Some
models further reduce the cost of processing extended

inputs through temporal token compression, sparse

sampling, hierarchical memory, or retrieval-based rea-

soning for long video reasoning (Zhang et al., 2025b;

Wang et al., 2025a; Li et al., 2023a; Zhang et al., 2024a;

Song et al., 2025; Qin et al., 2025; Luo et al., 2025).

Despite their strong performance, these models favor

fixed video reasoning rather than handling dynamically

growing video streams.

Online and streaming Video-LLMs instead process

frames incrementally and respond using only the obser-

vations up to the question moments. Architectures such

as Flash-VStream (Zhang et al., 2025c), Dispider (Qian

et al., 2025), and related works (Xiao et al., 2023; Di

et al., 2025; Kim et al., 2025; Xu et al., 2025b; Xiao

et al., 2026a; Yeo et al., 2026) introduce mechanisms

like memory sinks, dual-process pipelines, and KV-

cache reuse for efficient real-time multimodal under-

standing. Recent corresponding systems (Huang et al.,

2025; Chatterjee et al., 2025; Xie et al., 2026; Wang
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et al., 2026; Long et al., 2026) try to maintain long-term

context under bounded computation by introducing

new strategies like compressed memory, frame cluster-

ing, and separated perception–decision–response mod-

ules. While the latest StreamReady (Azad et al., 2026)

adopts a multi-level memory design, its hierarchy pri-

marily compresses past visual observations into coarse

representations to improve storage efficiency, which

may discard fine-grained interaction and visual cues

critical for assistive video understanding where ego-

deictics are frequently observed. These developments

improve online perception and response efficiency, but

primarily study single-turn queries, response timing, or

memory retention, ignoring ego-deictics and historical

QA association.

A related line of work studies video-grounded di-

alogue and multi-turn multimodal interaction (Qian

et al., 2022; Qu et al., 2020; Liu et al., 2025; Lee

et al., 2025; Sun et al., 2026; You et al., 2025). Most

such methods condition each response on a concatena-

tion or re-encoding of the preceding dialogue, which

becomes increasingly expensive for continuous video

streams. More importantly, dialogue history is typically

treated as undifferentiated textual context rather than

as structured dependencies between current and previ-

ous questions. Though recent work investigates prompt-

ing strategies with gaze annotations and hand-object

detections (Peng et al., 2025; Xu et al., 2025a; Inad-

umi et al., 2024), their focus is mostly on improving

detection and localization accuracy, rather than un-

derstanding deictic questions with visual entities to

support reasoning. Consequently, BuddyVQA presents

new challenges of interactive chaining and ego-deictics

for real-world QA companions. Accordingly, we design

a training-free framework MyBuddy tailored for chal-

lenges that existing models fundamentally overlook:

handling chained question dependencies and ego-deictic

expressions in streaming visual context, while maintain-

ing high response efficiency.

3 Dataset: BuddyVQA

To support the study on egocentric companion-style

QA, we first construct BuddyVQA using videos from

EgoSchema (Mangalam et al., 2024) that capture daily

egocentric human activities. The QAs are collected to

preserve the streaming VQA setting and additionally

highlight two core challenges encountered in egocentric

companion-style QA: 1) Ego-Deictics, which are refer-

ential or spatial pronouns in the egocentric setting, of-

ten require visual anchoring of the camera-wearer’s QA

and activities to resolve. For example, “What is next to

him?” or “Is this on the table?”. This introduces a chal-

lenge for robust referential understanding in egocentric

QA. 2) Interactively-Chained questions, which re-

flect contextual dependencies. The chained questions

reference a previous QA pair within the same highlight

moment and conversational context. This allows for re-

alistic multi-turn dependencies while maintaining tem-

poral coherence.

Prior studies (Tanenhaus et al., 1995; Carston,

1999; Tomasello and Carpenter, 2007) in psychology

have shown that humans frequently rely on such deic-

tic references when communicating about objects and

events in a shared environment. In BuddyVQA, the as-

sistant is expected to participate in this shared percep-

tual space, requiring it to infer the intended referent

from the user’s egocentric perspective and embodied

cues rather than language alone. Consequently, resolv-

ing ego-deictic expressions demands not only conver-

sational understanding but also visual grounding and

perspective-aware reasoning, all under streaming VQA.

3.1 Dataset Construction

Stage 1: Video Selection and Automatic Ques-

tion Generation. To construct a comprehensive

dataset, we select more than 1,000 videos that con-

tain various activities (please refer to the Appendix

for detailed activities) and life scenarios from the

EgoSchema Dataset (Mangalam et al., 2024). To iden-

tify key moments in each video, we first employ Gemini-

2.5-pro (Comanici et al., 2025) to detect visual highlight

segments, typically ranging from 2–18 seconds. These

highlight moments correspond to perceptually salient

or semantically rich events (e.g., object manipulation,

transitions, interactions). Fig. 3(c) illustrates the dis-

tribution of detected highlight moment durations. For

each highlight moment, Gemini-2.5-Pro automatically

generates multiple question drafts referencing the vi-

sual and temporal context. These questions serve as an

initial reference for reducing human cognition burden

in subsequent annotation. Please refer to the Appendix

for the detailed prompts.

Stage 2: Human Question Annotation. We re-

cruit 25 English-speaking annotators from diverse lin-

guistic and social backgrounds to annotate questions

based on the automatically generated QA pairs. Each

annotator receives original videos, highlight clips, and

associated QA drafts, and follows a standardized proce-

dure: a) watch the video segment up to the end times-

tamp of the highlighted moment, without access to fu-

ture frames. b) create questions according to the given

QA drafts and video contents, following the principles

of 1) Chained Questions: If a QA pair is labeled as



Companion-style QA Assistance in Ego-Vision 5

Q: Is it safe to peel like this? 
Answer set: {No, it seems unsafe as the blade faces your hand.

It is not safe, as the kitchen counter is cluttered, increasing the risk of 
accidental cuts or slips.}
Chained QA: None Scrutinizing the present

Question Ts: 1:40

01:29 01:3900:5100:03

Q: Where is my phone?
Answer set: {It is the kitchen counter,

Your phone is placed next to those green cans.
It is just above the cutting board.} 

Chained QA: None Recalling the past

Question Ts: 00:36

Q: Any advice on how to use it?
Answer set: {Use it only in a well-ventilated area away from flames or heat sources.

Shake the can before spraying and keep it upright during use.}
Chained QA: (What is written on the bottle?The bottle shows flammable hazard 
symbols, indicating a pressurized aerosol spray. )

02:43 02:5102:4002:22

02:27 00:3200:2200:14

Question Ts: 00:25

00:23 00:2700:1700:06

Q

Q

Q

Q

Q: How much is the price?
Answer set: {The price for mango is 9 SR per kilo.}
Chained QA: {Do you think it is fresh? The mango appears mostly fresh, though with a 
few slight ripening spots. }

Recognizing visual content Advising for the next

Question Ts: 02:46

Fig. 2 Examples of different QAs (Scrutinization, Recall, Recognition & Advisory) in BuddyVQA.

“chained”, ensure that this QA pair is closely related

to its previously chained QA (not necessarily the imme-

diately preceding one); 2) Deictic Expressions: Adopt

conversational phrasing (such as pronouns and deictics)

to simulate spontaneous speech; 3) Assistive Questions:

Questions should resemble those that a real-world ego-

centric assistant might encounter; 4) Diverse Aspects:

Questions within the same clip should address distinct

aspects of the event, avoiding simple paraphrases.

The annotations undergo at least two rounds of re-

view and revision, and every accepted QA pair is ap-

proved by at least one annotator and one reviewer. In

the first annotation round, human annotators produced

more than 67K candidate questions. Following a com-

prehensive expert review, approximately 65% of these

annotations were retained, while the remaining ques-

tions were discarded due to issues such as ambiguity, re-

dundancy, or inconsistency with the video content. The

retained questions, together with detailed revision com-

ments, were then returned to the original annotators for

refinement. After the second annotation round, approx-

imately 29K revised questions satisfied our annotation

guidelines. Finally, we performed a quality control stage

to further remove semantically redundant questions, re-

solve duplicate or highly similar QA pairs, and ensure

annotation consistency across videos, resulting in 21.6K

high-quality qualified questions.

We also ask the annotators to label each question

into one of four types: Recall of past video and QA

content, Recognition of current visual content like ob-

jects, text, or people, Scrutinization of current actions

or outcomes, andAdvisory feedback for future actions.

These categories comprehensively cover the past, cur-

rent, and future time points.

Stage 3: Multi-Answer Annotation. For the

questions reflecting subjective intent (e.g., “What

should I do next?” or “Can you give me advice on

how to cook this?”) in our dataset (common in Scruti-

nization and Advisory categories), we collect multiple

correct answers for each of them, capturing the diver-

sity of plausible responses. Specifically, each question is

answered by at least three annotators. Annotators are

instructed to use natural spoken language that is con-

sistent with a human-assistant interaction and to avoid

leaking information from future video content after the

timestamp. After that, we also conduct a similarity

check for all the annotated answers of each question to

filter redundant answers. Specifically, we use roberta-

large-mnli (Liu et al., 2019) to calculate the pairwise

similarity among all the labeled answers to each ques-

tion, and remove one answer when the pairwise similar-

ity exceeds 0.75. By applying this approach, we aim to

mitigate subjectivity while preserving natural variation

in human responses.

3.2 Dataset Analysis

Dataset statistics. BuddyVQA is constructed from

1,012 videos selected from EgoSchema (Mangalam

et al., 2024), with 704 videos as the test set and 308

videos as the validation set. It contains a total of

21,574 questions based on 6,002 video highlight mo-

ments evenly distributed in the video. The average

video duration is 180 seconds, while the average high-

light moment duration is 7.48 seconds with 3.6 QA pairs

per moment. The average length of question/answer is

8.21/10.62 words, respectively. Each question is associ-
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Table 1 VideoQA datasets. Chain: chained question. Dei: question containing ego-deictic expressions. EgoV: egocentric videos.
MA: multiple ground-truth answers for each question. QC: question category. OE/MC: Open-Ended/Multi-Choice.

Benchmark V Num. Total V. Q Num. Dei(%) Chain EgoV MA QC Task
Egocentric VQA Benchmarks
AssistQ (Wong et al., 2022) 100 3.2h 531 8 ✗ ✓ ✗ ✗ MC
EgoSchema (Mangalam et al., 2024) 5k 250h 5k 3 ✗ ✓ ✗ ✗ MC
QAEgo4D (Bärmann and Waibel, 2022) 1.3k 180h 14k 5 ✗ ✓ ✗ ✗ OE
EgoMemoria (Ye et al., 2025) 629 149h 7k 8 ✗ ✓ ✗ ✓ MC
EgolifeQA (Yang et al., 2025a) 6 266h 6k 11 ✗ ✓ ✗ ✗ MC
EgoGazeVQA (Peng et al., 2025) 913 - 1.8k 7 ✗ ✓ ✗ ✓ MC
EgoPointVQA (Choi et al., 2026) 300 0.6h 672 25 ✗ ✓ ✗ ✓ MC
Streaming VQA Benchmarks
VStream-QA (Zhang et al., 2025c) 32 21h 3.5K 9 ✗ ✗ ✗ ✗ OE
CogStream (Zhao et al., 2025) 1k 58h 58k 4 ✗ ✗ ✗ ✓ OE
StreamingBench (Lin et al., 2024) 900 - 4.5k 2 ✗ ✗ ✗ ✓ MC
OVO-Bench (Niu et al., 2025) 644 76h 2.8k 4 ✗ ✗ ✗ ✓ MC
EgoBlind (Xiao et al., 2025) 1.3k 15h 5.3k 23 ✗ ✓ ✓ ✓ OE
BuddyVQA 1k 50h 21k 87.6 ✓ ✓ ✓ ✓ OE

(a) Distribution of questions w.r.t. 
video length

(b) Occurrence of deictic pronouns in 
questions

(c) Distribution of highlight moment
duration

Fig. 3 Video and question distributions in BuddyVQA.

ated with an average of 2.76 answers. Our BuddyVQA

covers a variety of activities from indoor(e.g., cooking,

cleaning, laundry, housekeeping) to outdoor(e.g., driv-

ing, shopping, gardening, picnics), covering the vast

majority of situations encountered in daily assistive

contexts. We also found that many vague references are

tied to the way people communicate indirectly, either

through pointing or eye gaze direction (see Fig. 2).

A notable 87.6% of questions contain at least one de-

ictic pronoun (Fig. 3(b)), highlighting the prevalence of

implicit references in egocentric communication. 79.1%

of questions are part of a chained node (Fig. 3(a)).

Meanwhile, we also conduct a human study on the val-

idation set to ask humans to answer the chained ques-

tions with and without base QAs. The results reveal

that 57.6% of Interactively Chained questions cannot

be correctly answered without base QAs, underscoring

their dependency.

Fig. 3(a) also shows that the proportion of inter-

actively chained questions increases with video length,

reflecting growing contextual dependency over time.

Fig. 2 presents the distribution of question types, in-

dicating a balanced composition and highlighting that

BuddyVQA contains a significant portion (50.4%) of

subjective (Scrutinization and Advisory) questions. At

the same time, the majority of chained questions are

separated by short to medium gaps, with 37.8% oc-

curring after 3–5 intervening QAs and 19.3% after 6–8

intervening QAs, indicating that dependencies are of-

ten distributed across multiple turns rather than imme-

diately adjacent. Only 12.7% are directly consecutive

(0 gap), suggesting that modeling longer-range inter-

actions is necessary. Please refer to the Appendix for

more detailed analysis.

Dataset Comparison. Tab. 1 highlights the key

innovation of BuddyVQA: Interactively Chained ques-

tions and greater diversity of Ego-Deictics that reflect

practical human speech patterns in assistive scenar-

ios. Additionally, BuddyVQA provides multiple candi-

date answers to reduce subjective evaluation, capturing

the inherent uncertainty of natural human questioning.

These design choices make BuddyVQA a more realistic

and challenging benchmark for developing companion-

based QA systems that must reason dynamically and

handle subjectivity in practical scenarios. In contrast,

most existing datasets have a negligible proportion

of questions containing ego-deictic expressions. While

EgoBlind (Xiao et al., 2025) and EgoPointVQA (Choi

et al., 2026) exhibit relatively higher proportions, they

focus on isolated, history-free visual references without

chained cases. Furthermore, EgoBlind is limited to visu-

ally impaired users, and EgoPointVQA’s questions are

restricted to point-based reference queries with mostly

synthetic videos. Therefore, both are less representative

of the diverse, assistive interactions required in in-the-

wild egocentric companion scenarios.

4 Method: MyBuddy

4.1 Overview

Under the formulation of companion-style QA in

streaming setting, we emphasize the following funda-

mental challenges: 1) Deictic and Vague Reference

Resolution: The model needs to identify, through vi-
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Question Qt: 
How can I clean it?

MLLMs
for

CoT Online 
Reasoning

Ego-cues Extraction

Context QAs

Answer At:
You can use 
the water tap 
at the corner 
of the yard to 
clean the 
bucket.Local QAsDistant QAs

Key Visual Retrieval

Fig. 4 Framework of MyBuddy. MyBuddy follows a memory-and-retrieval augmented QA pipeline. When a question arrives,
it searches from the multi-level memory and historical QA buffer for related visual and textual contexts to infer the question
meaning and drive the answer via multimodal chain-of-thought reasoning.

sual cues, how to resolve deictic references. 2) Chained

Questions: Reasoning often requires coherent links

across historical QAs and visual contexts. 3)Response

Efficiency: The model must process and recall stream-

ing sequences without excessive latency or memory ex-

pansion when video length grows.

To tackle these challenges, we design a companion-

based QA framework (Fig. 4) MyBuddy. MyBuddy gen-

erally follows a memory-and-retrieval augmented QA

pipeline and targets the challenges of BuddyVQA with

the following additions: 1) Multimodal CoT Reasoning,

which resolves ego-deictic expressions and rephrases an

original vague question into a clear one by associat-

ing ego-gaze and hand-pointing regions with relevant

historical interaction information. 2) Question Filter,

which helps identify relevant historical questions to un-

derstand a chained question efficiently via a small LLM.

3) Multi-Level Heterogeneous Memory, which improves

streaming efficiency (both memory and online QA) by

allowing quick and adaptive access to the recent, mid-

term, and long-term visual contents in heterogeneous

representations (e.g., visual embeddings, dense cap-

tions, and summaries). Together, MyBuddy maintains

a long-term and efficient understanding of the user’s

visual experiences to infer their real-time intents, effec-

tively supporting companion-style QA.

4.2 Multi-Level Heterogeneous Memory

Since the memory module acts as a prerequisite for sup-

porting contexts to facilitate online QA, we introduce

it first for better understanding. Given a sequence of

video frames Vt = {f1, ..., ft} sampled at a fixed frame

rate from a video stream, we obtain their feature repre-

sentations by a vision encoder vt = Ev(ft) ∈ Rd, where

d is the embedding dimension. To efficiently store in-

formation and support online streaming QA, we design

a three-level heterogeneous memory system consisting

of Active, Semi-Active, and Low-Active memories:

M = {MA,MS ,ML}, (1)

with each maintaining information at a different tem-

poral granularity and semantic abstraction (illustrated

at the top of Fig. 4). Upon usage, memory tiers are

prioritized by temporal recency, ensuring that the most

recent observations dominate the reasoning process.

Active Memory (Short-term, 0–∆). The Active

Memory (ActMem) retains the most recent visual frame

embeddings for frequent access:

Mt
A = {vt̂ | t̂ ∈ [t−∆, t]}, (2)

where ∆ is a hyperparameter that specifies the tempo-

ral span covered by the short-term active memory.

Semi-Active Memory (Mid-term, ∆–Γ ). The

Semi-Active Memory (Semi-ActMem) is less visited,

and stores aggregated visual contents that exceed the

coverage of ActMem for efficiency. Regarding aggrega-

tion, an incremental version of the incremental density-

based clustering algorithm DBSCAN (Ester et al.,

1998) is applied. DBSCAN is density-adaptive and al-

lows the model to automatically identify meaningful

temporal clusters without predefined thresholds or clus-

ter counts, allowing the number of clusters to grow dy-
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namically along the video stream. Conceptually, Semi-

ActMem is obtained by

Mt
S = DBSCAN({Mτ

S ,Mt̂
A | τ ∈ [0, t−∆],

t̂ ∈ [t− Γ −∆, t−∆]} | ϵ,minPts),
(3)

where Mτ
S is the maintained Semi-ActMem up to time

τ , and Mt̂
A denotes the newly arrived ActMem within

the temporal interval t̂. Instead of re-clustering all his-

torical memories, we use DBSCAN to incrementally up-

date the maintained clustering state by incorporating

the newly arriving memories into the existing density-

based clusters. Here, ϵ denotes the neighborhood radius,

while minPts specifies the minimum number of neigh-

boring samples required to form a dense cluster. There-

fore, the semi-active memory at time τ is represented

as a set of density-based clusters Mτ
S = {Cτ

1 , . . . , Cτ
Kτ }.

Each cluster Cτ
i = (rτi , Eτ

i ) consists of a representative

feature rτi = 1
|Eτ

i |
∑

e∈Eτ
i
e, and its associated mem-

ber features Eτ
i . The representative feature serves as a

compact semantic index for efficient retrieval, while the

member features preserve fine-grained visual evidence

for downstream reasoning.

Low-Active Memory (Long-term, ≥Γ ). The

Low-Active Memory (Low-ActMem) accumulates long-

term knowledge through temporally overlapping sum-

maries, allowing recurring activities and persistent con-

textual information to be naturally reinforced over

time. Specifically, MyBuddy utilizes a zero-shot sum-

marization module S to produce textual summaries and

gather visual clues uj into memory ML = {uj}Kj=1,

where

uj = S({Mt̂
S | t̂ ∈ [t− ϵ− Γ −∆, t− Γ −∆]}). (4)

Adjacent summarization windows overlap by ϵ, allow-

ing activities that persist across multiple windows to

be repeatedly incorporated into successive summaries

and naturally retained in the long-term memory. K is

the number of summarization windows over the inter-

val from T = 0 to T = t − Γ − ∆. Summaries inside

the Low-ActMem retain key objects and actions, spa-

tial relations, temporal anchors, and so on to facilitate

long-term inquiries (please refer to the Appendix for

detailed prompts). Unlike ActMem and Semi-ActMem,

the summarization process in Low-ActMem is executed

during idle intervals (when the QA system is not ac-

tively processing incoming questions). Consequently, it

functions outside the question–answering pipeline, al-

lowing the model to consolidate contextual information

or update memory representations without introducing

additional latency to the real-time interaction.

The design of multi-level heterogeneous memory fo-

cuses on what to save into memory (features, events,

summaries) and how memory is structured (active,

semi-active, low-active). The three levels of memory

effectively retain critical visual representations while

simultaneously contributing to improved memory and

time efficiency.

Considering the balance between response efficiency

and performance, our design decouples memory mainte-

nance from online question answering. Specifically, the

captioning and consolidation of Low-ActMem and the

incremental clustering of Semi-ActMem are performed

asynchronously during idle intervals, rather than be-

ing synchronized with incoming user questions, and

therefore introduce no additional response latency. At

query time, vision-to-text conversion is restricted to re-

cent ActMem features and question-relevant features

selected through the representative cluster centers in

Semi-ActMem, while Low-ActMem directly filters its

pre-computed textual summaries. Consequently, each

query processes only a small set of relevant visual fea-

tures while retaining multi-scale historical evidence for

accurate long-term reasoning. This design limits online

computation to question-relevant evidence while pre-

serving both fine-grained recent observations and com-

pact long-term context.

4.3 Historical QA and Question Filter

We maintain a single historical QA buffer B =

{(Qi, Ai)}t−1
i=1 to store all QA pairs. For an incoming

question Qt, we apply a question filter (e.g., a small

MLLM) to identify its relevant QAs from the buffer to

serve as contexts.

Specifically, we dynamically organize the historical
QA pairs into short-term and long-term retrieval can-

didates according to temporal recency to Qt, thereby

characterizing the strength of conversational depen-

dency. We define the distance between a historical QA

pair (Qi, Ai) and Qt as the number of intervening ques-

tions:

dq(i, t) = t− i− 1. (5)

Then, the query-dependent short-term and long-term

QA candidate sets are constructed as

Bs(Qt) = {(Qi, Ai) ∈ B | dq(i, t) ≤ τq} ,
Bl(Qt) = {(Qi, Ai) ∈ B | dq(i, t) > τq} ,

(6)

where τq denotes the number of questions covered by

the short-term window. Note that Bs(Qt) and Bl(Qt)

are temporary retrieval candidates of Qt, which will

be updated dynamically with regard to the incoming

questions.
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After that, the question filter first searches only the

short-term candidate set for the incoming question Qt:

Qc,s
t = MLLM(Qt, ft, B

s(Qt)) . (7)

A return is considered meaningful if the filter identifies

a historical dependency and retrieves at least one se-

mantically relevant QA pair with a valid identifier from

the current candidate set. Otherwise, the filter searches

the long-term candidate set for potential long-range de-

pendencies:

Qc
t =

{
Qc,s

t , Meaningful(Qc,s
t ) = 1,

MLLM
(
Qt, ft, B

l(Qt)
)
, Meaningful(Qc,s

t ) = 0.

(8)

If the two-stage search fails to return any relevant his-

torical QA pair, Qt is treated as an independent ques-

tion that is directly sent to the main MLLM for answer

generation. Otherwise, Qt is recognized as chained, and

the retrieved Qc
t is used in the subsequent reasoning

step. This query-dependent active-first strategy signif-

icantly reduces the historical context, while the long-

term fallback preserves access to the complete interac-

tion history for long-range chained questions.

4.4 Multimodal CoT Reasoning

The CoT mechanism is facilitated by the aforemen-

tioned memory and question filter modules. It plays

a pivotal role in decoding the deictic expressions and

inferring the user’s intent behind the questions.

Ego-cues extraction. To resolve ego-deictic ex-
pressions, the model must infer the object or region

implicitly referred to by the camera wearer. In egocen-

tric videos, embodied ego-cues like eye gaze and hand

interactions often naturally reveal the wearer’s focus of

attention. In particular, eye gaze indicates where the

wearer is looking, while hand interactions further con-

strain the object currently being manipulated or re-

ferred to. Motivated by this observation, we explicitly

extract these ego-cues from the active memory MA by

prompting MLLM D:

Vego
t = D(MA, Qt). (9)

Here, Vego
t consists of the detected eye gaze point and

hand bounding boxes that are relevant to the current

question. These ego-cues explicitly indicate the user’s

focus of attention and are subsequently used to guide

the grounding of ego-deictic references before answer

generation. Please refer to the Appendix for detailed

prompts.

Key visual retrieval. To achieve CoT reasoning

for an incoming question, MyBuddy retrieves key visual

information from the multi-level memory. Specifically,

we retrieve and generate visual descriptions on demand

according to the current question:

Vdes
t =

[
D
(
Mt

A

)
;D

(
OS

(
Mt

S , Qt

))
;D

(
Mt

L;Qt

)]
.

(10)

For visual features in ActMem Mt
A, we directly convert

them into descriptions via a small MLLM D. For visual

features in Semi-ActMem Mt
S , we first filter the top-k

cluster centers closest to the question and gather their

member features through a two-step retrieval module

OS . Specifically, given the question representation qt,

OS first computes sim(qt, r
t
i) for each of the Kt clus-

ters and selects the top-K cluster indices It. It then

gathers the member features of the selected clusters as

M̃t
S =

⋃
i∈It

Et
i , where rti and Et

i denote the represen-

tative feature and the original member video features

of cluster Ct
i . The retrieved features in M̃t

S are then

converted into descriptions using D. For visual sum-

marization in Low-ActMem Mt
L, we directly filter and

identify the descriptions relevant to Qt using D. Both

D and OS are implemented in one lightweight MLLM.

CoT Reasoning for Answer. With the retrieved

ego-cues (eye gaze and hand pose) Vego
t , visual infor-

mation Vdes
t , and context QAs Qc

t , we leverage CoT

prompting (please refer to the Appendix for specific

prompts) to clarify deictic references, i.e., rephrase the

vague question into a disambiguated variant Q̂t (e.g.,

“where is it?” to “where is the cup?”):

Q̂t = R(Q∗
t ,Gt), (11)

and then answer the rephrased question:

At = R(Q̂t,Gt), (12)

where Gt = [Vdes
t ,Vego

t , Qc
t ], and the MLLM R is the

main MLLM for answering. Note that the resulting an-

swer At will be stored in the historical QA buffer as

context for future question answering.

5 Experiments

5.1 Experiment Setup

Evaluation. We use GPT-5 (OpenAI, 2025a) as the

answer judge to get the prediction accuracy (0-100%,

the percentage of correct answers) and confidence score

(0-5, with 5 being the highest confidence). Notably, our

evaluation prompts are manually refined to align closely

with human evaluation results for answer scoring
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Table 2 Performance of MLLMs and Humans on BuddyVQA. MyBuddy outperforms both general and streaming models
across all four assistance types, and shows more stable performance as video stream grows.

Model Size Sampling
Q. Categories V. Duration

Overall
Recall Recognition Advisory Scrutinization 0-60s 60-120s 120-180s

Human - - 92.4 92.1 91.9 92.0 92.0 92.1 92.3 92.1

General
VideoChat2 (Li et al., 2024b) 8B 16 40.7 42.2 33.3 31.4 47.8 38.2 33.1 38.9
Video-LLaMA3 (Zhang et al., 2025a) 7B 1 FPS 41.7 44.1 36.4 34.5 48.5 40.1 34.7 39.2
LongVA (Zhang et al., 2024a) 7B 32 46.5 46.1 39.4 40.9 47.6 40.1 39.1 43.0
LLaMA-VID (Li et al., 2024c) 7B 1 FPS 45.6 46.7 39.3 40.9 51.3 44.1 38.5 43.1
LVAgent (Chen et al., 2025) - Adaptive 47.8 48.7 40.3 41.4 53.2 46.4 39.8 44.6
Qwen3.5 (QwenTeam, 2026) 9B 1 FPS 48.7 49.3 43.1 43.9 55.1 47.8 40.1 47.2
Gemini-3.1-pro (DeepMind, 2026) - 1 FPS 50.8 51.7 43.4 44.7 53.2 45.8 43.1 48.3
InternVL-3.5 (Wang et al., 2025b) 8B 32 54.1 51.3 44.7 46.1 58.3 46.5 40.2 48.8
GPT-5.5 (OpenAI, 2026) - 60 52.2 53.4 48.9 46.0 57.3 49.2 42.1 50.5
Streaming
Cogstream (Zhao et al., 2025) 7B 1 FPS 50.2 47.6 38.2 40.1 48.2 44.0 41.6 45.0
Dispider (Qian et al., 2025) 7B 1 FPS 46.2 45.5 37.9 39.3 45.4 40.1 39.8 43.2
Flash-VStream (Zhang et al., 2025c) 7B 1 FPS 52.2 51.9 44.6 46.7 54.3 49.3 45.2 50.8
ReKV(LLaVA-OV) (Di et al., 2025) 7B 1 FPS 54.6 54.1 44.9 44.4 54.0 50.1 48.6 52.7
MyBuddy(Ours)
MyBuddy(Qwen3.5) 9B 1 FPS 59.9 60.8 55.8 54.2 61.8 59.2 58.3 60.7
MyBuddy(Gemini-3.1-pro) - 1 FPS 64.0 63.9 60.1 59.7 65.3 63.1 61.9 63.2
MyBuddy(GPT-5.5) - 1 FPS 65.1 66.5 63.7 63.0 65.9 64.6 63.8 65.1

(please refer to the Appendix). We mainly analyze My-

Buddy and existing methods on BuddyVQA. For com-

parison models, we follow their native video sampling

protocols whenever applicable. Models supporting a

temporal-rate sampling process the observed video pre-

fix at 1 FPS, while fixed-frame models uniformly sam-

ple their prescribed number of frames. LVAgent (Chen

et al., 2025) adopts its original adaptive retrieval strat-

egy. All models are restricted to video observations be-

fore the corresponding question timestamp to ensure

fair and reproducible evaluation. We also extend our ex-

periments to VStream-QA (Zhang et al., 2025c), Video-

MME (Fu et al., 2024) and EgoSchema (Mangalam

et al., 2024) to validate MyBuddy’s generalization to

general streaming and video QA tasks.

Implementation. We choose three strong MLLMs

(GPT-5.5 (OpenAI, 2026), Gemini-3.1-pro (DeepMind,

2026) and Qwen3.5 (QwenTeam, 2026)) as our main

MLLMs for online CoT reasoning and QA. Qwen3.5-

2B (QwenTeam, 2026) is employed to obtain the

summarizations in the low-active memory, which is

performed offline during idle intervals and therefore

does not affect online QA latency. The lightweight

MLLM D used for visual retrieval and question filter-

ing is Qwen3.5-0.8B (QwenTeam, 2026) for the trade-

off between efficiency and question-conditioned visual

grounding ability. ∆ and Γ in the Multi-Level Memory

are set to 30s and 120s for BuddyVQA, respectively. ϵ

and minPts in DBSCAN (Ester et al., 1996) are set to

0.27 and 5. We set τq = 8 by default on BuddyVQA

based on preliminary analysis. Other evaluated models

followed the streaming QA paradigm, receiving video

segments and historical QAs chronologically as input.

All models were evaluated zero-shot, and all hyperpa-

rameters are selected on the validation set through pre-

liminary experiments to balance QA accuracy and on-

line efficiency.

5.2 Result Analysis

5.2.1 Comparison on BuddyVQA

Human performance. To verify the reliability of

BuddyVQA, we first conducted a human evaluation on

a random 30% of questions (as shown in Tab. 2). Each

QA pair was independently reviewed by human evalu-

ators under the streaming setting. The results show a

human-verified accuracy of 92.1%, indicating that most

QA pairs align well with visual evidence in each video
segment. Analyses of the remaining 7.9% of incorrect

or ambiguous cases reveal two main error sources: (a)

overly vague ego-deictics amid scenes with multiple sim-

ilar objects or people, leading to referential confusion

(see Fig. 5); and (b) motion blur or partial occlusions in

some videos cause uncertain visual interpretation. De-

spite these imperfections, the strong human–annotation

agreement demonstrates that BuddyVQA provides re-

liable and high-quality supervision for the companion-

based QA research.

Baseline Comparison. Tab. 2 and Fig. 5 compare

MyBuddy with existing general-purpose and streaming

VQA models across four question categories and three

video duration ranges. Overall, MyBuddy (GPT-

5.5) achieves the highest accuracy of 65.1%, surpass-

ing the strongest streaming baseline ReKV (LLaVA-

OV) (Di et al., 2025) by 12.4%. Even other ver-

sions—MyBuddy (Qwen3.5) and MyBuddy (Gemini-

3.1-pro)—consistently outperform all baselines, reach-

ing 60.7% and 63.2%, respectively. Compared to prior
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Visualization of Hand bbox Gaze dot

Q: How should I organize my stuff? 
GT set:  {Organize these shoes and bags by their categories.

Keep heavier items low and near the back seats. 
Use bins or trunk organizers to group similar items.}

Chained QA：None

GPT-5.5 (General): Use bins or trunk organizers to group similar items 
by categories. [Acc: Yes, Score: 5]
Intern-VL (General): Store tools and groceries together.
[Acc: No, Score: 1]
Flash-VStream (Streaming): Keep shoes and clothes clean inside the 
trunk.[Acc: No, Score: 2]
ReKV (streaming): You can organize these stuffs by their shapes and 
weights. [Acc: Yes, Score: 4]
MyBuddy: Organize these stuffs by its shapes and weights to fully use 
the space.[Acc: Yes, Score: 5]
Human: Keep the shoes and bags together and squeeze to have more 
space.[Acc: Yes, Score: 5]

Q: Where is it? 
GT set:  {The tent is next to the trunk, on your right.}
Chained QA: (Q: Where could I put those stuff? A: You can put it into 
the tent.)

Gemini-3.1-pro (General): Inside the tent. 
[Acc: No, Score: 2]
Intern-VL (General): It is hanged on the side of the trunk. 
[Acc: No, Score: 1]
Flash-VStream (Streaming): The tent is on the ground, on your right-
hand side. [Acc: Yes, Score: 5]
ReKV (Streaming): It is on the right side of the black trunk. 
[Acc: Yes, Score: 4]
MyBuddy: The tent has been set up next to the black trunk. 
[Acc: Yes, Score: 5]
Human: Inside the trunk of your car. 
[Acc: No, Score: 2]

03:00Ts: 00:27 Ts: 00:29 Ts: 00:37
Q

Category: Advisory

Ts: 00:37

Category:Scrutinization

Ts: 02:30

Ts: 02:15 Ts: 02:23 Ts: 02:29
Q

…

Fig. 5 Result visualization on BuddyVQA. Streaming models generally perform better than general models over time, and
MyBuddy is able to process interactively chained questions and ego-deictics regardless of the streaming length.

Table 3 Performance comparison on chained and ego-deictic
questions in BuddyVQA. MyBuddy consistently improves
both capabilities, with particularly pronounced gains on ego-
deictic questions.

Model Cha. (%) Dei. (%) All (%)

LongVA (Zhang et al., 2024a) 41.5 38.7 43.0
VLLaMA3 (Zhang et al., 2025a) 36.9 34.2 39.2
LLaMA-VID (Li et al., 2024c) 41.8 39.4 43.1
Qwen3.5 (QwenTeam, 2026) 43.8 42.6 47.2
Gemini-3.1-pro (DeepMind, 2026) 46.1 42.6 48.3
GPT-5.5 (OpenAI, 2026) 47.6 43.9 50.5
InternVL-3.5 (Wang et al., 2025b) 47.2 43.1 48.8

Cogstream (Zhao et al., 2025) 43.8 40.2 45.0
Dispider (Qian et al., 2025) 41.1 38.9 43.2
ReKV (Di et al., 2025) 50.9 48.6 52.7

MyBuddy(Qwen3.5) 57.3 58.9 60.7
MyBuddy(Gemini-3.1-pro) 59.7 60.4 63.2
MyBuddy(GPT-5.5) 62.8 63.5 65.1

streaming models (45.0–52.7%), MyBuddy achieves

substantial gains under the same 1FPS constraint.

While general-purpose models like InternVL-3.5 (Wang

et al., 2025b) (48.8%) and LLAMA-VID (Li et al.,

2024c) (43.1%) benefit from larger context windows,

they still lag behind, suggesting that frame sampling

alone cannot ensure robust temporal reasoning without

dynamic context modeling.

Across question categories, MyBuddy shows bal-

anced improvements. Most existing models struggle

with Advisory and Scrutinization types (6.7–9.2% be-

low Recall and Recognition), reflecting the challenge

of subjective reasoning. In contrast, MyBuddy achieves

63.7% and 63.0% on these types, outperforming ReKV

(LLaVA-OV) (Di et al., 2025) by 18.8% and 18.6%,

respectively. This indicates strong capability in han-

dling subjective, context-dependent queries through its

hierarchical prompting and memory-based context in-

tegration. Regarding video duration, most models de-

grade over time. For example, ReKV (LLaVA-OV) (Di

et al., 2025) drops from 54.0% to 48.6%, and InternVL-

3.5 (Wang et al., 2025b) from 58.3% to 40.2% when the

video length increases from 60s to 180s. This suggests

that the accumulation of visual and contextual informa-

tion over longer sequences imposes memory and reason-

ing burdens that most models are not equipped to han-

dle. Their intermediate representations drift, temporal

dependencies are not retained reliably, and key details

from earlier segments become inaccessible. In contrast,

MyBuddy (GPT-5.5) remains stable (64.6%→63.8%),

demonstrating superior temporal consistency and long-

term dependency modeling.

We further analyze MyBuddy on the subset of

chained and ego-deictic questions. Table 3 shows that

MyBuddy consistently outperforms all baselines on

both challenging subsets. With GPT-5.5, MyBuddy ex-

ceeds the strongest baseline ReKV (Di et al., 2025) by

11.9% and 14.9% on chained and deictic questions, re-

spectively. The gains are especially pronounced on ego-

deictic queries, validating the strength of combining

ego-cues with history-aware reasoning. Moreover, the

improvements remain consistent across different back-

bones, demonstrating MyBuddy’s model-agnostic effec-

tiveness.
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Table 4 Dynamic streaming evaluation on BuddyVQA. We report accuracy (%) under three settings for better comparisons: 1)
No Feedback: No user feedback of historical questions, 2) Correctness: Binary feedback (correct or not) of historical questions,
and 3) GT Answer: Ground-truth answers of historical questions are provided by users. The best and second-best results are
highlighted in bold and underline, respectively.

Model
No Feedback Correctness GT Answer

Overall Overall 0–90s > 90s Overall 0–90s > 90s

Qwen3.5 (QwenTeam, 2026) 47.2 49.0 51.8 45.9 52.3 54.2 50.1
Gemini-3.1-pro (DeepMind, 2026) 48.3 50.4 53.0 47.4 54.0 55.9 51.7
GPT-5.5 (OpenAI, 2026) 50.5 53.1 55.0 50.8 56.9 58.2 55.3

MyBuddy (Qwen3.5) 60.7 63.2 63.8 62.5 67.1 66.2 68.2
MyBuddy (Gemini-3.1-pro) 63.2 66.0 66.4 65.5 69.8 68.8 70.9
MyBuddy (GPT-5.5) 65.1 68.0 68.3 67.6 72.1 70.9 73.5

5.2.2 Dynamic Streaming Evaluation

To analyze companion QA performance in realistic as-

sistive scenarios, we additionally conduct a human-in-

the-loop evaluation and use ground-truth (GT) answers

to simulate the human feedback of historical QAs in

streaming environments. We analyze and compare three

settings: 1) No feedback (by default): the historical

questions and model predictions are used as contexts

for answering the current question, 2) Binary feedback:

the historical questions and model responses, together

with the correctness of the responses, are used as con-

texts, and 3) GT Answer: the historical questions and

their corresponding GT answers are used as contexts.

As shown in Table 4, MyBuddy consistently benefits

more from user feedback than the standalone back-

bone models. With correctness feedback, MyBuddy

(GPT-5.5) improves from 65.1% to 68.0%, showing that

even a binary signal helps the model identify unreli-

able historical responses and avoid propagating pre-

vious errors. When users directly correct the wrong

answers with the correct ones, the accuracy increases

to 72.1%, outperforming GPT-5.5 under the same set-

ting by 15%. The advantage is most pronounced after

90 seconds: while the standalone backbones still suf-

fer from error accumulation in the growing interaction

history, MyBuddy (GPT-5.5) reaches 73.5%, exceed-

ing its 0–90s performance of 70.9%. Similar improve-

ments are observed with the Qwen3.5 and Gemini-3.1-

pro backbones, demonstrating that the benefit is model-

agnostic. We attribute these gains to MyBuddy’s ques-

tion filter and structured multi-level memory, which re-

tain useful corrections, suppress irrelevant or incorrect

historical responses, and retrieve the feedback most rel-

evant to subsequent chained questions.

5.2.3 Extension to General Streaming and Video QA

RVS-Ego and RVS-Movie. To further validate the

streaming performance on long videos, we also evalu-

ate MyBuddy on VStream-QA (Zhang et al., 2025c)

comprising RVS-Ego and RVS-Movie, where the video

length ranges from 30 minutes to 60 minutes. Tab. 5

shows that MyBuddy (GPT-5.5) achieves SOTA accu-

racy of 66.1% on RVS-Ego and 58.9% on RVS-Movie,

outperforming all competitors, including base GPT-5.5

(OpenAI, 2026). While Flash-VStream (Zhang et al.,

2025c) attains a 2.4s latency, MyBuddy models operate

at 3.0–3.4s, offering a balanced trade-off between speed

and accuracy. All these results emphasize the overall

abilities of MyBuddy on long streaming videos with dif-

ferent characteristics.

Video-MME and EgoSchema. For validating

and extending the generalization of MyBuddy be-

yond companion-based QA, we additionally evaluate

its performance on standard VideoQA datasets Video-

MME (Fu et al., 2024) and EgoSchema (Mangalam

et al., 2024). We extend MyBuddy to these datasets

by treating the full video as a completed stream before

the question. Tab. 6 shows that MyBuddy demonstrates

competitive and, in several cases, superior performance

compared to existing SOTA methods across multiple

benchmarks. On Video-MME, MyBuddy (Gemini-3.1-

pro) surpasses strong baselines such as LVAgent (Chen

et al., 2025) (81.7% / 86.6%) and GPT-5.5 (Ope-

nAI, 2026) (77.3% / 82.6%), while maintaining consis-

tent performance across datasets. On EgoSchema, My-

Buddy (GPT-5.5) reaches 82.9%, matching the best re-

ported performance of LVAgent (Chen et al., 2025) and

exceeding other large-scale MLLMs like GPT-5.5 (Ope-

nAI, 2026) (79.8%). These results indicate that My-

Buddy also performs competitively on general VideoQA

benchmarks.

5.3 Ablation Study

We ablate MyBuddy on BuddyVQA w.r.t. interactively

chained questions and questions containing ego-deictic

expressions in Tab. 7. The largest performance drop
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Table 5 Comparison on RVS-Ego and RVS-Movie (Zhang et al., 2025c). Acc.: Accuracy. Sco.: Score. Latency & GPU Usage
are tested on Tesla A100 GPU. Results are averaged on 10 videos with each 720 frames as inputs.

Model
RVS-Ego RVS-Movie

Latency (↓) GPU Usage (↓)
Acc. Sco. Acc. Sco.

Flash-VStream (Zhang et al., 2025c) 58.9 4.0 56.0 3.3 2.4s 20GB
ReKV(LLaVA-OV) (Di et al., 2025) 63.7 4.0 54.4 3.6 3.3s 38GB
LongVA (Zhang et al., 2024a) 53.2 3.1 43.0 3.2 6.3s 37GB
MovieChat (Song et al., 2025) 52.2 3.4 39.1 2.3 8.8s 40GB
LLaMA-VID (Li et al., 2024c) 53.4 3.9 48.6 3.3 11.9s 33GB
Qwen3.5 (QwenTeam, 2026) 57.2 3.3 51.6 3.3 14.8s 51GB
GPT-5.5 (OpenAI, 2026) 59.2 3.8 48.2 3.4 - -
MyBuddy (Qwen3.5) 64.8 3.7 55.8 3.7 3.0s 23GB
MyBuddy (Gemini-3.1-pro) 65.3 3.7 57.2 3.6 3.4s -
MyBuddy (GPT-5.5) 66.1 3.9 58.9 3.6 3.4s -

Table 6 Model comparison on Video-MME (Fu et al., 2024)
and EgoSchema (Mangalam et al., 2024). Video-MME: “with-
out subs / with subs”. The best and second-best Accuracy
results are bolded and underlined, respectively.

Model Video-MME EgoSchema

Video-LLaMA3 (Zhang et al., 2025a) 47.9 / 49.7 57.3
VideoChat2 (Li et al., 2024b) 39.5 / 43.8 56.7
MovieChat (Song et al., 2025) 38.2 / - 53.5
Qwen3.5 (Bai et al., 2025b) 71.2 / 74.3 68.1
GPT-5.5 (OpenAI, 2026) 77.3 / 82.6 79.8

LongVA (Zhang et al., 2024a) 52.6 / - -
Video-XL (Shu et al., 2025) 55.5 / 61.0 -
Dispider (Qian et al., 2025) 57.2 / - 55.6
LVAgent (Chen et al., 2025) 81.7 / 86.6 82.9

MyBuddy (Qwen3.5) 71.3 / 75.5 47.8
MyBuddy (Gemini-3.1-pro) 82.5 / 87.3 82.2
MyBuddy (GPT-5.5) 81.1 / 84.9 82.9

occurs when historical QA is not given, causing accu-

racy fall from 62.8% to 44.5% on chained questions,

highlighting the importance of temporal linkage across

chained QA pairs. In contrast, unchained questions re-

main relatively stable with a minor performance drop

(-4.0%), confirming that historical QA specifically ben-

efits chained reasoning. Meanwhile, removing the hi-

erarchical rephrasing results in noticeable declines for

both chained (-10.1%) and deictics (-12.6%) questions,

demonstrating the necessity of linguistic reformulation

for resolving referential queries. Similarly, ablating em-

bodied ego-cue extraction reduces deictic accuracy by

9.1%, showing the usefulness of embodied cues that en-

hance grounding of ego-deictics by guiding attention to

salient visual regions. The multi-level memory ablations

further reveal an efficiency–accuracy trade-off.

Efficiency Analysis. While efficiency is vital for

the streaming setting, we measure the latency and GPU

usage with respect to video length for MyBuddy effi-

ciency analysis, as shown in Fig. 6. Latency is mea-

sured from question input to response completion. GPU

Usage indicates peak GPU memory usage during in-

ference. MyBuddy demonstrates a clear advantage in

both latency and GPU efficiency compared to existing

streaming and long-context models, with the employ-

Table 7 Ablation of MyBuddy on BuddyVQA w.r.t interac-
tively chained questions and questions with deictic expres-
sions. AM/SM/LM: Active/Semi-Active/Low-Active Mem-
ory. For the setting of w/o SM & LM & AM, we use the
question frame as input.

Ablation Model
Chain (%) Deictic (%)

✗ ✓ ✗ ✓

MyBuddy(Full) 66.4 62.8 66.1 63.5
w/o LM 65.7 61.3 63.3 58.9
w/o SM & LM 64.1 58.0 57.8 55.8
w/o AM & SM & LM 59.2 53.1 53.4 52.9
w/o Historical QA 62.4 44.5 61.3 54.3
w/o Embodied Ego-cues 55.3 54.2 56.2 54.4
w/o Hierarchical Rephrasing 54.7 52.7 58.0 50.9

Fig. 6 Streaming VQA latency & GPU Usage w.r.t. number
of frames, tested on A100 GPUs. MyBuddy is able to process
long streams more efficiently.

ment of multi-level memory and an on-demand pro-

cessing mechanism that are beneficial for practical de-

ployment. For general MLLMs such as LLaMA-VID (Li

et al., 2024c), the latency scales up with the number of

frames as their structures require processing all frames

in a single pass (Zhang et al., 2025c). Different from

them, Streaming VQA models like ReKV (Di et al.,

2025) enable processing streaming videos of more than

1,000 frames, yet still occupy a considerable amount of

computational resources.

To further analyze the latency and computational

cost of each module in MyBuddy, we also conduct a

breakdown efficiency analysis (as shown in Tab. 8). Re-

sults show that our module design offsets the additional

cost resulting from retrieval and question rephrasing,
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Table 8 Efficiency breakdown on A100 GPUs. Extract Cost denotes additional overhead (latency/memory) introduced by
individual modules. Base (Qwen3.5-9B): processes video frames & concatenates all historical QAs for each question online.

Configuration Acc. Chained Acc. Latency GPU Usage Extra Cost

Base (Raw F+His. QAs) 47.2 43.8 3.9s 51.1GB –
+ Multi-Level Memory 51.4 48.2 2.5s 22.9GB -1.4s / -28.2GB
+ Question Filter 53.6 54.5 2.3s 30.2GB -1.6s / -20.9GB
+ Key Visual Info Retrieval 55.7 52.7 4.0s 62.3GB +0.1s / +11.2GB
+ Hierarchical Rephrasing 56.9 53.4 4.3s 53.8GB +0.4s / +2.7GB

MyBuddy(Full) 60.7 57.3 2.6s 29.1GB -1.3s / -12.0GB

Table 9 Step-wise failure analysis of MyBuddy on the subset
of BuddyVQA. While early-stage errors exist, a significant
portion of failures arises from intrinsic ambiguity and visual
challenges, rather than pipeline design alone.

Failure Num Ratio (%) Main Reasons

Que. Filter 124 6.2 Misclassifying chained questions
Vis. Retri. 420 21.0 Missing relevant frames or objects
Rephrase 504 25.2 Wrong referent grounding
Ans. Infer 556 27.8 Correct context, wrong inference
Others 396 19.8 Motion blur / Noisy input

as they dispense with online long video processing and

long-context LLM inference. For example, Tab. 8 Row

1 (Base) vs. Row 3 shows that the Question Filter

brings advantages in efficiency (-1.6s, -20.9GB) and ac-

curacy (+6.4%, especially chained accuracy, +10.7%)

compared with naive concatenation, resulting from sig-

nificantly reduced noise and context length. Overall, the

performance gains from modules in MyBuddy outweigh

the costs in system complexity and inference time.

5.4 Case Study

Failure case analysis. We first carry out a man-

ual failure analysis over 2,000 BuddyVQA failure cases

from the validation set by examining error outputs at

each stage, and trace the causes in Tab. 9. These results

suggest that the Question Filter has the lowest failure

rate, indicating limited error propagation from early

stages. Most failures originate from rephrasing and an-

swer inference, showing that ego-deictic grounding and

chained reasoning are the core bottlenecks, which is

consistent with the intended diagnostic focus of the

BuddyVQA benchmark.

Case visualizations. We also visualize additional

qualitative results across the major categories in Bud-

dyVQA in Fig. 7 and Fig. 8. In many cases, we observe

that deictic expressions do introduce a substantial chal-

lenge for existing VideoQA models. Interestingly, even

when two questions are semantically identical and dif-

fer only in the way the referent is expressed (i.e., an ex-

plicit noun versus a deictic expression), most existing

MLLMs often exhibit a substantial performance gap.

This is also reflected in the differing performance gaps

between MyBuddy and baselines on BuddyVQA(e.g.,

MyBuddy 65.1% vs GPT-5.5 50.5%) and on general

VideoQA benchmarks (e.g., MyBuddy 84.9% vs GPT-

5.5 82.6% on Video-MME). Error analysis indicates

that the majority of failures for current models orig-

inate from incorrect referent grounding rather than de-

ficiencies in semantic reasoning. Specifically, the mod-

els frequently confuse visually similar objects, persons,

events, or scene contexts, causing subsequent reasoning

to operate on incorrect evidence. These findings demon-

strate that deictic expressions expose a fundamental

limitation of current VideoQA systems and motivate

the need for dedicated methods that jointly resolve ref-

erential ambiguity and perform grounded reasoning.

For chained questions, we find that the difficulty

is further amplified, as many baseline models strug-

gle to correctly interpret the referential structures em-

bedded in multi-turn dialogue. In scenarios where ego-

deictic expressions point back to earlier answers, correct

grounding requires explicit reasoning over the past QA

context rather than isolated single-step inference. Some

baseline models fail to genuinely resolve the intended

referent, leading to semantically incorrect responses de-

spite the relevant visual information being present in

the video. These errors underscore the importance of

robust co-reference understanding and dialogue-aware

reasoning in egocentric interactions, where ego-deictic

phrasing is pervasive and cannot be resolved without

jointly leveraging both historical visual evidence and

prior linguistic exchanges.

At the same time, we observe that humans, despite

their strong overall performance, can still make mis-

takes when subjected to challenging visual conditions

such as motion blur, rapid camera movement, or the

presence of very small or partially occluded text. These

fine-grained visual cues are difficult to perceive even

for human annotators and highlight the need to de-

velop models robust to the intrinsic ambiguity present

in real-world egocentric videos, where frames are not

always clean, stable, or fully interpretable. Also, for

some extremely abstract deictic expressions in compan-

ion QA, humans may also make mistakes. In such cases,
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Ts: 00:23

Q Q

Ts: 02:18

…

Ts: 00:08 Ts: 00:30 Ts: 01:48Ts: 00:21 Ts: 02:04 Ts: 02:15

Category: Scrutinization Category: Scrutinization

Q: What do you think of this painting?
GT set: {It looks vibrant and expressive with its blend of bold colors.

The soft transitions between blue, pink, and orange give it an 
uplifting, dreamy feeling.}
Chained QA: None

GPT-5.5 (General): It seems a bit messy, mostly just smudges without clear 
structure. [Acc: No, Score: 2]
Intern-VL (General): It feels uplifting—the bright mix of blue, pink, and 
orange makes it look lively and expressive.[Acc: Yes, Score: 5]
Flash-VStream (Streaming): It looks calm and gentle, with soft colors blending 
together. [Acc: Yes, Score: 3]
ReKV (Streaming): It appears creative, almost like clouds in an abstract sky. 
[Acc: No, Score: 2]
MyBuddy: It’s an abstract painting—its smooth blend of blue, pink, and orange 
tones creates a atmospheric effect.[Acc: Yes, Score: 4]
Human: It’s colorful and harmonious, giving off a soft, dreamy vibe.
[Acc: Yes, Score: 5]

Q: Is this similar to that on the laptop?
GT set: {Yes, both the brush stroke and the laptop reference show a similar 
shade of bright blue.}
Chained QA: (Q: What is the color on the brush? Q: Blue.)

Gemini-2.5-pro (General): The colors look different—the one on the laptop 
seems more purple than blue. [Acc: No, Score: 2]
LLaMA-VID (General): No, the laptop screen appears mostly pink and yellow. 
[Acc: No, Score: 1]
Dispider (Streaming): It seems like the laptop is showing a video, so they’re 
not comparable. [Acc: No, Score: 1]
Cogstream (Streaming): Yes, the mixed color styles are the same, but the 
laptop’s image looks more mixed. [Acc: No, Score: 2]
MyBuddy: Yes—the blue on your brush closely matches the bright blue shown 
on the laptop’s reference image.[Acc: Yes, Score: 5]
Human: Yes, the painting style look very similar to that on the screen.
[Acc: No, Score: 2]

Q: What am I holding? 
GT set: {A stack of lifestyle magazines. 

HGTV Magazine.
Reading material for the living room.} 

Chained QA: None 

GPT-5.5 (General): A stack of magazines, including an issue of HGTV Magazine. 
[Acc: Yes, Score: 5] 
Flash-VStream (Streaming): Magazines. 
[Acc: Yes, Score: 5] 
Intern-VL (General): A plate of cookies in the hands.
[Acc: No, Score: 1] 
ReKV (streaming): Some colorful papers or booklets in the hands. [Acc: Yes, 
Score: 3] 
MyBuddy: A stack of magazines, with the top one clearly identifiable as HGTV 
Magazine.[Acc: Yes, Score: 5] 
Human: A pile of magazines, with the HGTV one on top.
[Acc: Yes, Score: 5]

Ts: 01:10

Q Q

Ts: 02:15

Category: Recognition

…

Ts: 00:02 Ts: 01:14 Ts: 01:47Ts: 01:09 Ts: 02:10 Ts: 02:43

Q: What is the main wording on it?
GT set: {“BEST ACTOR” is printed on the left page.

“FROM HTV” appears near the top of the right page.
The headline features a couple posing for a photoshoot.}

Chained QA: (Q: What am I holding? A: A stack of magazines, with the top 
one clearly identifiable as HGTV Magazine.)
Gemini-3.1-pro (General): It appears to mention snacks or drinks, possibly 
reviewing them. [Acc: No, Score: 1] 
LLaMA-VID (General): The text seems to be related to home design tips. [Acc: 
No, Score: 1]
Dispider (Streaming): It looks like a feature about celebrities but the text is 
unclear. [Acc: No, Score: 2]
Cogstream (Streaming): The magazine shows “BEST ACTOR” and “FROM HTV.” 
[Acc: Yes, Score: 5]
MyBuddy: The visible text includes “BEST ACTOR” on the left and “FROM 
HTV” on the right. [Acc: Yes, Score: 5]
Human: It appears to mention actors or fashion models, possibly reviewing 
them. [Acc: No, Score: 2]

Category: Recognition

Fig. 7 More result visualizations on BuddyVQA in Scrutinization and Recognition categories. Baseline models perform poorly
on deictic questions, underscoring the importance of jointly leveraging historical interaction contexts and embodied visual cues
for ego-deictic reference resolution.

the referent may be very ambiguous or only implicitly

grounded in earlier contexts, making the correct inter-

pretation genuinely difficult. These situations highlight

that resolving deictic cues is not only a challenge for

models but also a non-trivial cognitive task for humans.

5.5 Evaluation Agreement between Human and LLM

Before actual model evaluation, we follow recent prac-

tices (Cheng et al., 2024; Xiao et al., 2025) to tune the

evaluation prompt to maximally align the LLM evalu-

ator’s judgment with that of humans. Specifically, we

apply the offline general VideoQA and online streaming

VQA methods (InternVL-3.5 (Wang et al., 2025b) and

ReKV (Di et al., 2025), respectively) on 500 randomly

selected samples from BuddyVQA. We then invite four

human volunteers to assess the model predictions by

comparing them with the annotated ground-truth an-

swers while watching the corresponding videos. Human

evaluations are then aggregated following a majority

voting mechanism. Afterwards, we tune the evaluation

prompt for the LLM evaluator GPT-5 (OpenAI, 2025a),

and tune the prompt so that the LLM’s judgments align

as closely as possible with those of humans. Accord-

ing to the results in Tab. 10, GPT-5 with the final

adjusted prompt and human evaluators achieve simi-

lar accuracy and score, with Pearson correlation coef-

ficients of 0.87 and 0.91, respectively, indicating strong

consistency. The Cohen’s kappa coefficient among the

four volunteers is 0.81 for accuracy, indicating a high

level of human agreement. Fig. 9 further shows that the

LLM evaluator exhibits a high level of consistency with
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Ts: 00:11

Q Q

Ts: 02:58

Category: Recall Category: Recall

…

Ts: 00:01 Ts: 00:18 Ts: 02:41Ts: 00:05 Ts: 02:45 Ts: 02:55

Q: Where are the other bats I left over there earlier?
GT set: {The other bats are still lying on the dirt in front of the fence, near 
the glove and baseballs.

They remain in the same spot where you first placed them.}
Chained QA: (Q: Where did I put things down when we arrived? A: You placed 
your bats, glove, and baseballs on the dirt near the fence.)
Gemini-3.1-pro (General): I think you moved all the bats already—they’re with 
you now. [Acc: No, Score: 1]
LLaMA-VID (General): The bats should be behind you near home plate. [Acc: 
No, Score: 1]
Dispider (Streaming): They’re still on the dirt near the fence. 
[Acc: Yes, Score: 4]
Cogstream (Streaming): The other bats are lying on the ground by the fence. 
[Acc: Yes, Score: 5]
MyBuddy: The other bats are still lying on the dirt near the fence, in the same 
spot where you originally placed them. [Acc: Yes, Score: 5]
Human: They’re on the dirt by the fence where you left them.
[Acc: Yes, Score: 4]

Q: What did I place on the ground before picking it up?
GT set: {You placed several baseball bats on the ground.

You also set down a glove and a few baseballs near them.}
Chained QA: None

GPT-5.5 (General): You put a couple of bats on the ground earlier.
[Acc: Yes, Score: 4]
Intern-VL (General): You only put a single baseball on the dirt.
[Acc: No, Score: 1]
Flash-VStream (Streaming): You placed your gloves and Helmets on the ground 
before grabbing the bat. [Acc: No, Score: 2]
ReKV (Streaming): I think you laid out some baseball equipment, maybe a bat. 
[Acc: No, Score: 3]
MyBuddy: Earlier, you set several bats, a glove, and a few baseballs on the 
ground before picking up the bat. [Acc: Yes, Score: 5]
Human: A few bats, a glove, and some baseballs.
[Acc: Yes, Score: 5]

Ts: 01:07 Ts: 01:28 Ts: 02:11
Q

Category: Advisory

Ts: 01:15

Ts: 01:24

Category: Advisory

z

Ts: 02:31 Ts: 02:38

…

Ts: 02:40

Q

Q: What should I do to safely continue?
GT set: {Be mindful of your footing on the uneven rocks to avoid slipping.

Avoid looking at your phone while spraying to maintain control.}
Chained QA: (Q: Where am I watering? A: Near some rocks, on the grass.)

Gemini-3.1-pro (General): Keep the hose steady and direct the water where 
needed. [Acc: No, Score: 2]
LLaMA-VID (General): Pick up the rocks and move them to a new spot before 
watering. [Acc: No, Score: 1]
Dispider (Streaming): Dry the floor first so you don’t slip indoors. 
[Acc: No, Score: 1]
Cogstream (Streaming): Hold the hose firmly and watch your step while 
working around the rocks. [Acc: Yes, Score: 3]
MyBuddy: Maintain steady footing on the rocky edge, and avoid checking your 
phone during the task to stay safe. [Acc: Yes, Score: 5]
Human: Watch your step on the rocks and keep your attention on the hose 
instead of the phone.[Acc: Yes, Score: 5]

Q: How should I prepare these tools and equipment for work?
GT set: {Put on the rubber boots for protection. 

Place the loose tools like the level and saw into the bag. 
Clear the ground to avoid tripping hazards.} 

Chained QA: None 

GPT-5.5 (General): Put on the protective boots and organize the tools into the 
bag. [Acc: Yes, Score: 5] 
Intern-VL (General): Use the red level to dig the ground. 
[Acc: No, Score: 1] 
Flash-VStream (Streaming): Move the indoor furniture to the side.
[Acc: No, Score: 2] 
ReKV (streaming): You should wear the boots and pick up the tools. 
[Acc: Yes, Score: 4] 
MyBuddy: Wear the rubber boots lying on the ground and gather the 
scattered tools into the bag.[Acc: Yes, Score: 5] 
Human: Put the boots on and clean up the scattered tools so the crew doesn't 
trip.[Acc: Yes, Score: 4]

Fig. 8 More result visualizations on BuddyVQA in Recall and Advisory categories. MyBuddy demonstrates substantially
stronger performance on long video sequences compared to general MLLMs. Its consistent improvements on chained questions
further highlight the importance of history-aware reasoning across question chains in BuddyVQA.

Table 10 Comparison of human and LLM evaluators in
terms of accuracy and score. The results show highly aligned
scores between human and LLM judge.

Evaluator
InternVL-3.5 ReKV

Acc.(%) Sco. Acc.(%) Sco.

Human 62.3 3.1 55.3 2.9
GPT-5 61.8 3.1 53.7 2.8

human judgments, as reflected by the dominant mass

along the agreement diagonal. Both positive and nega-

tive decisions display strong alignment, indicating that

the model reliably mirrors human preferences when as-

sessing semantic correctness.

MyBuddy ReKV

Fig. 9 Confusion matrices of evaluation results.

6 Conclusion

In this paper, we introduced a novel benchmark, Bud-

dyVQA, towards companion-style video question an-

swering in first-person vision. BuddyVQA stands out

from traditional offline VideoQA and streaming VQA
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by capturing two key insights in companion-style as-

sistance: Interactive Chaining and Ego-Deictics. More-

over, the QAs are timestamp-specific and are well

grouped into four assistance types for better analy-

sis. We also proposed a novel companion-style QA

framework MyBuddy, which features multi-level mem-

ory and cross-modal chain-of-thought reasoning for effi-

ciently memorizing video representations in a streaming

setting and interpreting the user’s actual intent from

multi-modal historical contexts, respectively. MyBuddy

achieves superior performance over strong competitors

on both BuddyVQA and existing long streaming VQA

benchmarks, suggesting its high effectiveness. The ab-

lations further demonstrate the contribution of our in-

novative designs. We hope that our dataset, model, and

analysis could advance MLLMs towards companion-

style QA in first-person vision.

7 Limitations and Future Work

Asynchronous Memory Consolidation. The Low-Active

Memory summarization is designed to run during idle

intervals, allowing the system to compress historical vi-

sual information without interfering with real-time QA

responses. This design implicitly assumes that the user

is not continuously issuing queries. Yet in highly inter-

active scenarios where questions arrive in rapid succes-

sion, opportunities for such background consolidation

may become limited, potentially introducing latency

if summarization must be executed alongside the QA

pipeline. Our future work will explore more efficient or

incremental memory consolidation strategies that oper-

ate continuously with minimal computational overhead.

Multi-user Assumption in Egocentric Interaction.

Currently, BuddyVQA assumes a single primary user

interacting with the assistant. In realistic environments,

however, egocentric scenes may contain multiple people

or agents, making referential interpretation more com-

plex. While our current ego-deictic grounding relies pri-

marily on cues such as gaze direction and hand inter-

actions, richer multi-agent reasoning may be required

to disambiguate references in more complex social con-

texts. Our future research would extend companion QA

systems to multi-user scenarios by incorporating person

tracking, speaker-aware dialogue modeling, and social

interaction understanding, enabling assistants to rea-

son jointly over visual observations and conversational

participants.
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Appendix A BuddyVQA Dataset

A.1 Video Activities

Fig. 10 Activities in BuddyVQA.

To construct our dataset, we selected 1,012 videos
from Egoschema (Mangalam et al., 2024), sourced from
Ego4D (Grauman et al., 2022), which contains more than
three thousand hours of worldwide daily-life recordings across
diverse scenarios such as household, outdoor, workplace,
leisure, and construction. These selected videos span a broad
spectrum of indoor and outdoor daily activities (as shown in
Fig. 10) that are common in assistive scenarios.

A.2 Automatic Question Candidate Generation

Tab. 16 shows the prompts used for automatic question gen-
eration. After generation, we apply an additional filtering
stage to remove irrelevant, redundant, or trivially answer-
able questions. Specifically, we prompt Gemini-2.5-pro (Co-
manici et al., 2025) to (1) evaluate the semantic relevance of
each question to its corresponding video segment, (2) detect
near-duplicate phrasings within the same highlight moment,
and (3) reject questions whose answers can be easily inferred
without visual information.

A.3 Details of Human Annotation

We recruit 25 volunteers from diverse countries and social
backgrounds (students, engineers, doctors, freelancers, ac-
countants, insurance agents, etc.) via the Prolific platform
to annotate QA pairs based on the automatically generated
highlight moments and draft questions.

We clarify several key points of the human ques-
tion–answer annotation process:

1. We provide annotators with detailed definitions of all
question categories to minimize ambiguity. For each cat-
egory, we also supply several examples (as shown in
Tab. 11) to guide question formulation.

2. In the streaming setting, annotators are strictly restricted
to viewing only the video content before the ending times-
tamp of the highlight moment. Likewise, answers must
rely solely on information available up to that same times-
tamp.

3. Even for subjective questions, each answer must be
evidence-based and grounded exclusively in the visual
content observed before the highlight’s end time.

4. To encourage natural and conversational phrasing, anno-
tators are allowed to use ego-deictic expressions as well
as abbreviations, slang, and other colloquial forms.

5. We define interactively chained questions as those closely
related to the prior QA pair within the same highlight mo-
ment. However, we do not require subsequent questions
to share the same subject or phrasing. We also prevent
chains from looping by disallowing any chained question
from becoming the base question of another chain.

6. Annotators are prohibited from using AI tools during the
annotation process. Additionally, they must ensure that
at least 50% of their annotated QA pairs are fully written
by themselves, independent of the draft.

Overall, we establish clear guidelines to ensure that
human-authored questions and answers are natural, tempo-
rally grounded, and well-defined, enabling the construction of
a realistic companion QA dataset in an egocentric setting.

A.4 Interactively Chaining Analysis

We identify three primary types of chained relationships:

– Referential chains (41.2%), where follow-up questions use
pronouns or vague expressions that depend on previous
answers for grounding (e.g., “it,” “there,” “that”);

– Temporal chains (23.5%), where reasoning relies on ear-
lier events or actions (e.g., “What did I do before this?”);

– Inferential chains (21.8%), where subsequent questions
seek higher-level interpretation or evaluation based on
prior answers (e.g., asking “Did I do it correctly?” after
“What did I just do?”).

Referential chains primarily evaluate a model’s ability to
resolve ambiguity by grounding pronouns or underspecified
expressions to the correct visual or contextual entities, re-
quiring strong multimodal alignment and memory retrieval.
Temporal chains demand coherent tracking of event sequences
over time, including robust temporal indexing and the ca-
pacity to infer continuity or causality across past observa-
tions. Inferential chains require even deeper abstraction: in
addition to recalling earlier answers, the model must reason
about their implications, evaluate correctness, or draw higher-
level conclusions. Collectively, these chain types progress from
surface-level referent grounding to increasingly deep tempo-
ral, causal, and evaluative reasoning, highlighting the cog-
nitive and computational challenges in producing coherent
responses for companion QA.

Appendix B MyBuddy Investigations and

Experiments

B.1 Study of MyBuddy Design

Chained and Unchained Questions. Before designing our
companion QA framework, we conducted a series of empiri-
cal studies to understand how question dependency influences
both performance and computational efficiency in egocen-
tric streaming settings. In particular, we investigated whether
questions should always be treated as dependent on previous
QA turns or as entirely independent.
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Table 11 Question categories and examples of BuddyVQA.

Category Q Num. & Ratio Examples

Recall 5631(26.1%)

Who just passed by me?
How much time passed after I started running?
What was he doing several seconds ago?
Did I lock the door before leaving?

Recognition 5069(23.5%)
What’s on that?
What’s that red thing next to the greens?
Who did I just hand those to?

Scrutinization 5523(25.6%)

Am I missing any spot while sweeping?
Am I doing this fast enough?
Did I take longer to complete this than before?
Are these clothes of good quality?

Advisory 5351(24.8%)
What should I do next?
How long will it take to get through this line?
How do I know when the area is smooth enough?

Table 12 Comparison of disambiguation accuracy (D Acc.)
and latency w/ and w/o hierarchical rephrasing.

Method D Acc.(%) Latency

Direct Question Answering 62.4 423ms
Hierarchical Rephrasing (Ours) 86.7 552ms

Our findings show that treating all questions as depen-
dent introduces substantial context contamination: accumu-
lated historical QA injects irrelevant or distracting informa-
tion that interferes with grounding the current visual scene.
This practice not only reduces accuracy from 65.1% to 56.5%,
but also increases inference time by 32.7%. In contrast, treat-
ing all questions as independent loses essential contextual
cues, leading to a sharp overall accuracy drop from 65.1%
to 38.2% due to missing referential anchoring.

We then explored whether combining partial context
(specifically, working memory and episodic memory) could
alleviate these issues. Results indicate that leveraging both
of them and further expanding to a multi-level memory (ac-
tive, semi-active, low-active) module yields a more favorable
balance between efficiency and contextual completeness. Fi-
nally, we evaluated different question-routing strategies and
found that a lightweight zero-shot LLM prompting method
outperformed a trained binary classifier (86.7% vs. 73.5%)
with only a modest 12.5% increase in inference time. These
observations underscore the need for an adaptive mechanism
that dynamically determines whether a question is depen-
dent or independent and selectively retrieves the appropriate
context, motivating the design of our hierarchical reasoning
model.

Hierarchical Rephrasing. The hierarchical rephrasing
module applies a chain-of-thought idea to explicitly resolve
deictic pronouns and vague linguistic expressions before an-
swer generation, thereby improving referent grounding. As
shown in Tab. 12, this approach improves disambiguation ac-
curacy (measured as the proportion of rephrased questions
whose referents are correctly grounded in the scene) while in-
troducing limited latency. Empirical results indicate a sub-
stantial gain from 62.4% to 86.7% over direct prompting,
demonstrating that hierarchical rephrasing effectively miti-
gates linguistic ambiguity with minimal additional inference
latency. Specifically, by incorporating both gaze direction and
recent hand–object interactions as embodied features, and
utilizing the filtered visual information from multi-level mem-
ory, the model identifies and replaces deictic terms with their
most likely visual referents by doing hierarchical rephrasing.

We further analyze different types of deictic situations, in-
cluding unclear referents, vague temporal/spatial expressions,
and ambiguous actions (see Tab. 13). Questions containing
ego-deictics exhibit the largest relative improvement, high-
lighting the module’s strength in resolving underspecified ref-
erents. Meanwhile, vague temporal/spatial and action-related
questions also benefit from clearer contextual grounding that
supports more reliable temporal and procedural reasoning. In
general, the hierarchical reformulation process reduces mis-
grounded references by roughly 24%, underscoring its ability
to convert linguistically ambiguous questions into explicit,
interpretable queries that improve both referent clarity and
downstream answer correctness.

Embodied Ego-cues. To further evaluate the effective-
ness of detecting embodied visual features for companion QA,
we conduct both automatic and human assessments to deter-
mine whether the detected coordinates of eye-gaze points and
hand-pose bounding boxes provide meaningful support for
question answering. We randomly sample 500 samples from
BuddyVQA and recruit three human evaluators, using GPT-
5 (OpenAI, 2025a) as an automatic evaluator. As presented
in Tab. 14, human assessments show that 76.2% of the de-
tections are correctly anchored to the user’s eye gaze or hand
poses, and of them 82.3% are judged to be closely related to
the corresponding questions and beneficial for answer genera-
tion. These results demonstrate that (1) embodied feature ex-
traction meaningfully enhances a model’s ability to interpret
visual context during reasoning, and (2) filtering detected sig-
nals based on the incoming question further improves the rel-
evance of the extracted features to the task.

Controlled Ablation Study. Tab. 15 further discerns
the performance gains over the GPT-5.5 (OpenAI, 2026)
backbone by modules. The results demonstrate that each
component of Buddy contributes progressively to the final
performance. Starting from the GPT-5.5 backbone with raw
frames and historical QA context (50.5%), adding visual in-
formation retrieval and hierarchical rephrasing improves ac-
curacy to 52.2%. Introducing the Question Filter further in-
creases performance to 56.1%, indicating the importance of
selecting relevant conversational context rather than using
the entire QA history. Combining all components achieves
the best performance of 65.1%, demonstrating that the gains
arise from the complementary effects of memory, context se-
lection, and ego-deictic reasoning rather than from the GPT-5
backbone alone.
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Table 13 Examples of hierarchical input rephrasing of MyBuddy.

Deictic Type Original Question Hierarchically Rephrasing Final Answer

Unclear referents “I need more, where is
it?”

“What does it refer to?” → “Does it refer to
the cup?” → “Where is the cup?”

“On the table.”

Vague temporal /
spatial cues

“Has it started yet?” “Does it refer to the meeting?” → “Has the
meeting started yet?”

“Yes, 2 minutes ago.”

Ambiguous actions “Am I doing this right?” “Does this refer to cutting the onion?” →
“Am I cutting the onion correctly?”

“Yes, but hold the knife
away from your hand.”

Table 14 Accuracy of eye gaze points and hand pose detec-
tion, and the correlation of correctly detected features with
questions in terms of correlated percentage (Corr.) and score.

Method Accuracy(%)
Corr. with Ques.

Corr.(%) Score

Human 76.2 82.3 3.8
GPT-5 (OpenAI, 2025a) 81.3 89.1 4.1

Table 15 Controlled ablation study on Buddy.

Configuration Overall Acc.

Base GPT-5.5 Backbone (Raw F+His. QAs) 50.5
Buddy w/o Memory + Q Filter + Visual Info + Rephrasing 52.2
Buddy w/o Memory + Q Filter + Visual Info 56.1
Buddy w/o Memory + Q Filter 59.2
Buddy w/o Memory 62.4

Full MyBuddy(GPT-5.5) 65.1

B.2 Details of Baseline Models

We provide a concise introduction to the MLLMs evaluated
in experiments.

– GPT-5.5 (OpenAI, 2026) not only outperforms pre-
vious GPT models on benchmarks and answers questions
more quickly, but is more useful for real-world queries.

– Gemini-3.1-pro (DeepMind, 2026) surpasses previ-
ous versions as Google’s most advanced “thinking” model,
leveraging enhanced native reasoning to achieve state-
of-the-art performance in complex coding, mathematical,
and multimodal tasks.

– Qwen3.5 (QwenTeam, 2026) is a recent native mul-
timodal model family developed by the Qwen Team,
targeting multimodal agent scenarios that require joint
visual understanding, reasoning, coding, and interac-
tion. Qwen3.5 enables efficient native multimodal training
via a heterogeneous infrastructure that decouples paral-
lelism strategies across vision and language components,
avoiding uniform approaches’ inefficiencies. By exploit-
ing sparse activations for cross-component computation
overlap, it achieves near 100% training throughput ver-
sus pure-text baselines on mixed text-image-video data.

– LongVA (Zhang et al., 2024a) uses Qwen2-7B-
Instruct (Wang et al., 2024) as the backbone language
model and performs pretraining with a context length of
224K over a total of 900M tokens. LongVA improved the
capability of LLMs to handle long videos thanks to the
long context transfer phenomenon.

– InternVL-3.5 (Wang et al., 2025b) follows the
“ViT–MLP–LLM” paradigm adopted in previous ver-
sions of InternVL. InternVL-3.5 initializes the language
model using the Qwen3 series (Bai et al., 2025a) and
GPT-OSS (OpenAI, 2025b), and the vision encoder us-
ing InternViT-300M and InternViT-6B (Chen et al.,

2024b). The Dynamic High Resolution strategy in In-
ternVL1.5 (Chen et al., 2024a) is also retained. In-
ternVL3.5 adopts a new reinforcement learning frame-
work Cascade RL, together with two new modules Visual
Resolution Router and Decoupled Vision-Language De-
ployment, to reduce the inference cost.

– VideoChat2 (Li et al., 2024b) applies UMT-L (Li
et al., 2023b) as visual encoder and Vicuna-7B v0 (Vi-
cunaTeam, 2022) as LLM, and deploy QFormer using the
pretrained BERTbase (Devlin et al., 2019). It performs
a progressive multi-modal training strategy with 3 stages.

– LLaMA-VID (Li et al., 2024c) instantiates the model
with the pre-trained EVA-G (Fang et al., 2023) for vi-
sual encoder and QFormer (Dai et al., 2023) for text de-
coder. It builds the instruction pairs from (Liu et al.,
2024) and (Maaz et al., 2024) for instruction tuning,
and builds long QA pairs from movies and correspond-
ing scripts in MovieNet (Huang et al., 2020) for training.
LLaMA-VID designed a dual-token paradigm to empower
existing LLMs to support long videos.

– Video-LLaMA3 (Zhang et al., 2025a) applies
Qwen2.5-7B (Bai et al., 2025b) as LLM initialization,
and the vision encoder is initialized with the fine-tuned
SigLIP (Zhai et al., 2023) weights. It uses a variety of
scene images and document recognition images, along
with a small portion of scene text images for training, and
collects videos with generally annotated captions, ques-
tions, and answers from multiple open-source datasets for
video-centric fine-tuning.

– Video-XL (Shu et al., 2025) is trained on Qwen-2-
7B (Wang et al., 2024). During pre-training, Laion-2M
dataset (He et al., 2024) is used to optimize the projec-
tor, where visual embeddings from CLIP-ViT-L (Radford
et al., 2021) based vision encoder are aligned with the
text embeddings of LLM. During fine-tuning, visual in-
struction tuning is applied to optimize the parameters of
the vision encoder, projector, and LLM.

– LVAgent (Chen et al., 2025) uses a constructed agent
library. The ASP-CLIP (Chen et al., 2023) model, opti-
mized using Adam (Kingma and Ba, 2014), is used as the
retrieval model for temporal context modeling.

– Cogstream (Zhao et al., 2025) chooses VideoL-
LaMA3 (Zhang et al., 2025a) as baseline, comprising VL3-
SigLIP-NaViT (Zhai et al., 2023) as video encoder, an
MLP projection layer, and Qwen2.5 (Bai et al., 2025b)
as language model. Cogstream designs a reasoner to com-
press the accumulated video stream and reason over the
integrated visual-textual information.

– Dispider (Qian et al., 2025) utilizes CLIP-L/14 (Rad-
ford et al., 2021) as frame encoder, Qwen2-7B (Wang
et al., 2024) as final LLM, and Qwen2-1.5B (Wang et al.,
2024) to produce time-aware compressed clip-wise fea-
tures. Dispider features a lightweight Proactive Stream-
ing Video Processing module that tracks the video stream
and identifies optimal moments for interaction.
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– Flash-VStream (Zhang et al., 2025c) performs ini-
tialization of visual encoder, projector, and LLM from
pretrained Qwen2-VL-7b (Wang et al., 2024), and adapts
a 9k subset from LLaVA-Video dataset (Zhang et al.,
2024b) to do a LoRA (Hu et al., 2022) instruction tun-
ing. Flash-VStream designs a Flash Memory module that
retrieves detailed spatial information.

– ReKV (Di et al., 2025) integrates LLaVA-OV-7B (Li
et al., 2024a) for evaluation. ReKV is a training-free ap-
proach that stores processed video in key-value caches
(KV-Caches) and also introduces a retrieval method that
retrieves only query-relevant KV-Caches.

Appendix C Model Prompts

Tab. 16 provides the prompts used by Gemini-2.5-pro for
highlight moment detection, question generation and filter-
ing. Tab. 17 lists the prompts employed by GPT-5 for model
evaluation. Tab. 18 shows the prompts used in Low-Active
Memory of MyBuddy for summarization. Tab. 19 details the
specific prompts applied for the Question Filter in MyBuddy.
Tab. 20 includes the prompts designed for the visual informa-
tion retrieval step with multi-level memory inputs. Tab. 21
further illustrates the prompt for the final zero-shot question
answering with hierarchical rephrasing.
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Table 16 Prompts for automatic question candidate generation of BuddyVQA.

Automatic Question Candidate Generation Prompts
# Highlight detection:
You are an advanced assistant specialized in video analysis.
Your task is to analyze the provided video and identify its key highlights based on significant visual content, such as
rapid action, noteworthy events, or shifts in visual dynamics. The input is a video file and the output should be a list
of timestamps that correspond to the start and end of each highlight segment in the video. Please focus on identifying
segments with high visual or contextual importance. Answer with ONLY timestamp pairs.
Ensure the timestamps are accurate and clearly marked in seconds, e.g., [00:30, 00:45], [02:21, 02:51].
Video: {video}
# Question generation:
You are a good question generator, please help me generate appropriate questions that may be asked by users of an
embodied visual companion, given an egocentric video and some highlight moments.
Task instructions for each highlight moment:
1. Describe Actions: First summarize the key action/event in a phrase, then clearly detail what the main characters are
doing in each highlight moment, focusing on their actions and interactions. Refer to the camera wearer as ’c’.
2. Generate Questions and Answers: Generate questions for each highlight moment according to the following require-
ments:
Requirement 1: Egocentric View: Ask the question with the assumption that you are the camera wearer and are new to
this activity.
Requirement 2: Challenge-Specific: Reflect various challenges faced by different identities in distinct scenes.
Requirement 3: Diversity: Ensure questions are varied and explore different facets of the video content, and try to make
some questions correlated with each other.
Requirement 4: IMPORTANT: Use Pronouns: Employ at least one pronoun like I, you, we, he, she, them, it, etc. in the
question, rather than specific names and objects.
Here is an example:
Highlight Moment 1: [00:00, 00:20]
Action Description:
Extending cup: C is extending a cup to another individual who is standing across the table.
Questions and Answers:
1. Question: Is it full?
Answer: Yes, the cup is full with coffee.
2. Question: Where can I put it after I’m done?
Answer: You can put it on the table.
3. Question: I am tired, how can we enjoy it?
Answer: You can sit near the table and enjoy the drink with another person.
4. Question: What’s he wearing?
Answer: The man next to you is wearing a blue T-shirt.
5. Question: What is the next step for me once I finish this?
Answer: You will need to go to the kitchen and wash the cup.
Other example questions could be: What was I doing 10 seconds ago? Is this edible? Where is it? How long will it take
to get through this? What does that road sign say? What should I do next? Who did I hand the chopsticks to? Why
should I do this? Where is my key? How do I use the medication in this bottle?
Video: {video} Highlight moments: {highlight}
# Automatic question filtering:
You are a helpful assistant. Given a set of questions and their corresponding video, evaluate whether these questions are
semantically relevant to the visual content, detect if they are redundant or highly similar to any other, and determine
whether they can be trivially answered without meaningful temporal grounding.
Video: {video} Questions: {question}
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Table 17 Prompts for GPT-5 (OpenAI, 2025a) to evaluate MLLMs on BuddyVQA.

Evaluation Prompts for BuddyVQA

You are an intelligent chatbot designed for evaluating the correctness of generative outputs for egocentric, streaming

question-answer pairs in the BuddyVQA dataset. Your task is to compare the predicted answer with the correct answer

set and determine whether they meaningfully match, taking into account the characteristics of egocentric video, ego-

deictic expressions, and interactive question chains.

The following are the requirements of evaluation:

a. Focus on the meaningful match between the predicted answer and the correct answer sets. In BuddyVQA, many

questions contain ego-deictic expressions such as “this”, “that”, “it”, “here”, or “there”. Ensure that the predicted

answer resolves the same referent as the ground truth, even if expressed differently.

b. The correct answers are provided as a set. Your evaluation should treat the prediction as correct if it meaningfully

matches any of the answers in the set. The match does not need to be exact, but must refer to the same grounded entity,

event, or semantic content.

c. Consider the temporal continuity of chained questions. Some BuddyVQA questions depend on prior context (e.g.follow-

up questions like “Is it still there?” or “Did I do it correctly?”). When evaluating, ensure that the predicted answer

maintains the same contextual interpretation and refers to the correct entity or past event, consistent with the ground-

truth chain.

d. Synonyms, paraphrases, or alternative phrasings are valid as long as they preserve the same meaning and refer to the

same grounded visual entity or event.

Provide your evaluation result only as a yes/no and score where the score is an integer value between 0 and 5, with 5

indicating the highest meaningful match.

Please generate the response in the form of a Python dictionary string with keys ’pred’ and ’score’, where the value of

’pred’ is a string of ’yes’ or ’no’ and the value of ’score’ is an integer. For example, your response should look like this:

{’pred’: ’yes’, ’score’: 5}, {’pred’: ’no’, ’score’: 1}.
Please evaluate the following video-based question-answer pair:

Question: {question} Correct Answer set: {GT answer} Predicted Answer: {predicted answer}

Table 18 Prompt for zero-shot summarization model S used to construct Low-Active Memory.

Low-Active Memory Summarization Prompt

You are an intelligent multimodal assistant tasked with summarizing egocentric video segments to extract long-term,

stable, and reusable contextual information. Your goal is to produce a concise textual summary that captures information

in long videos, including key activities, recurring patterns, background environment, salient objects, user routines, and

consistent spatial layout, etc.

# Instructions:

- Focus on information that remains stable or frequently appears across this time window. Identify recurring actions,

repeated interactions, or common tasks performed by the user.

- Capture stable environmental structure such as room layout, tool locations, furniture arrangement, or habitual user

workflows.

- Extract objects or entities that reliably appear or are frequently manipulated across the window.

Your summary should represent general knowledge useful for future reasoning, not for a specific question. Write the

summary in clear, compact sentences that capture high-level patterns and omit unnecessary detail. Provide only the

long-term summary text without explanation or extra commentary.

Please summarize the following egocentric video: {video features}
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Table 19 Prompt for the Question Filter R used to detect chained questions and retrieve relevant historical QA pairs.

Question Filtering Prompt

You are an intelligent multimodal assistant designed to identify whether an incoming question in a streaming egocentric

QA scenario is chained (dependent on prior QA turns) or unchained (independent). Your task is to analyze the current

question, compare it with a buffer of historical QA pairs and the current frame, and determine: (1) whether the question

relies on earlier context, and (2) if so, which prior QA pair is the most relevant for resolving this dependency.

# Instructions:

- Classify the incoming question as either “chained” or “unchained”. A chained question typically contains ego-deictic

expressions (e.g., “this”, “that”, “it”, “there”) or implicit references to past events, actions, or answers (e.g., “Is it still

there?”, “Did I do it correctly?”, “What about now?”) that require information from historical QAs to answer. An

unchained question is self-contained and understandable without referencing earlier context.

- If the question is classified as unchained, return the label “unchained” and do not select any historical QA pair.

- If the question is classified as chained, inspect the historical QA buffer and identify the single most relevant QA pair

that resolves the ambiguous referent or contextual dependency. Relevance may arise from: semantic similarity, shared

objects or actions, temporal continuity, or matching referential expressions.

- Focus only on meaningful contextual grounding, not on superficial word overlap. Your output must identify the QA

pair that best supports resolving the question’s dependency.

Provide the final result strictly in the following Python dictionary format: {’type’: ’chained’ or ’unchained’, ’base qa’:

qid of the most relevant QA pair or null if unchained}. Do not include any explanation, reasoning steps, or additional

text.

Please analyze the incoming question:

Current Question: {question} Historical QAs: {historical QAs} Current frame: {frame features}
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Table 20 Prompt for the Visual Information Retrieval (VIR) module.

Visual Information Retrieval Prompt

You are an intelligent multimodal assistant designed to retrieve visual information from egocentric video memories in

order to support real-time question answering. Your task is to (1) generate concise visual captions, (2) filter long-term

summaries for information relevant to the incoming question, and (3) detect embodied features such as eye-gaze points

and hand bounding boxes that help ground deictic references. All three subtasks must be performed using the same

lightweight MLLM capabilities.

# Instructions for Captioning (from Active and Semi-Active Memory):

- Generate a concise and accurate caption describing the visually salient content in the provided video frames. Focus on

the objects, spatial relations, user interactions, and scene attributes that are relevant for answering a question.

- The caption should reflect only the visible content and be grounded in the egocentric viewpoint.

# Instructions for Memory Filtering (from Semi-Active and Low-Active Memory):

- Given the incoming question, identify memory descriptions that are semantically or visually relevant. Relevance may

arise from object continuity, spatial layout, repeated actions, or referents implied by ego-deictic expressions such as

“this”, “that”, “it”, or “there”.

- Return only the long-term or intermediate descriptions that meaningfully support answering the question. Do not

repeat irrelevant or outdated information.

# Instructions for Eye-Gaze and Hand-Pose Detection (from Active Memory):

- Detect eye-gaze fixation points and hand bounding boxes visible in the frames. Return their coordinates in a simple

and interpretable format. - The detected features should help disambiguate the referent of the given question when the

user employs deictic expressions or when the focus of attention is ambiguous. - Only output detections that are visually

grounded and clearly identifiable; do not hallucinate features.

Provide the final result as a Python dictionary with the following keys: {’caption’: text, ’filtered memory’: text or list,

’coordinates’: list of gaze/hand coordinates}. Do not include any explanation or reasoning in your output. Only provide

the dictionary.

Please process the following inputs:

Incoming Question: {question} Active Memory: {MA} Semi-Active Memory: {MS} Low-Active Memory: {ML}
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Table 21 Prompt for zero-shot question answering with hierarchical rephrasing.

Zero-shot Question Answering Prompt

You are an intelligent multimodal assistant designed to answer egocentric, streaming questions using retrieved visual

information, historical QA context, and embodied features. Your task is to first rephrase the incoming question into an

explicit, fully disambiguated form and then generate a correct answer grounded in the provided multimodal context.

# Instructions for Hierarchical Input Rephrasing:

Rewrite the question in a clearer and explicit form that removes ambiguity. Resolve ego-deictic expressions such as

“this”, “that”, “it”, “here”, or “there” by grounding them using the provided context. Incorporate historical QA, cap-

tions, and embodied features to determine the correct referent or event for rephrasing. The rephrased question must

express the user’s intent explicitly and be fully interpretable without additional context. Provide only one rephrased

question—concise, unambiguous, and grounded.

Here is an example:

Incoming Question: “Where is it now?”

Context Provided: The historical QA buffer contains the pair (“Where did I put my phone?”, “You placed your phone

on the kitchen counter.”); the retrieved visual captions describe “a phone on the counter near a bread box”; and the

gaze coordinate indicates fixation on the counter area.

Rephrased Question: “Where is the phone now?”

# Instructions for Answering the Rephrased Question:

Using the rephrased question and the full multimodal context, generate a factually correct and contextually grounded

answer. Ensure that the answer is consistent with visual evidence, spatial layout, object interactions, temporal history,

and embodied cues (gaze and hand pose). Avoid hallucinating entities or events not supported by the provided context.

The final answer should be concise, accurate, and specifically aligned with the rephrased question.

Your output must be a Python dictionary with the following fields: {’rephrased question’: text, ’answer’: text}. Do not

include explanation, reasoning traces, chain-of-thought, or additional commentary. Only provide the dictionary.

Please process the following inputs:

Incoming Question: {question} Context for Reasoning Ct: { Retrieved Visual Descriptions: {Vdes
t } , Relevant Historical

QA: (Qrel
t , Arel

i ), Embodied Feature Coordinates: {Vcoor
t } }


