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Abstract

This paper considers the problem of Multi-Hop Video Ques-
tion Answering (MH-VidQA) in long-form egocentric videos.
This task not only requires to answer visual questions, but
also to localize multiple relevant time intervals within the
video as visual evidences. We develop an automated pipeline
to create multi-hop question-answering pairs with associ-
ated temporal evidence, enabling to construct a large-scale
dataset for instruction-tuning. To monitor the progress of
this new task, we further curate a high-quality benchmark,
MULTIHOP-EGOQA, with careful manual verification and
refinement. Experimental results reveal that existing multi-
modal systems exhibit inadequate multi-hop grounding and
reasoning abilities, resulting in unsatisfactory performance.
We then propose a novel architecture, termed as Grounding
Scattered Evidence with Large Language Model (GeLM),
that enhances multi-modal large language models by incor-
porating a grounding module to retrieve temporal evidence
from videos using flexible grounding tokens. Trained on our
visual instruction-tuning data, GeLM demonstrates improved
multi-hop grounding and reasoning capabilities, setting a
baseline for this new task. Furthermore, when trained on
third-person view videos, the same architecture also achieves
state-of-the-art performance on the single-hop VidQA bench-
mark, ActivityNet-RTL, demonstrating its effectiveness.

Code — https://qirui-chen.github.io/MultiHop-EgoQA

1 Introduction
With the rapid development of computer vision, the commu-
nity has witnessed a significant interest in deploying vision
systems within embodied agents, such as AR glasses (Datta
et al. 2022) and humanoid robots (Majumdar et al. 2024).
In such scenarios, the inputs are typically long, continuous
video streams from a first-person perspective, capturing the
world through the eyes of an agent, actively interacting with
its environment. For the virtual assistants or physical robots
to be useful, the ability to perform egocentric video ques-
tion answering (VidQA) is crucial, stemming from two as-
pects: first, VidQA leverages language as a natural interface
for human-machine interaction, thereby enhancing the us-
ability and accessibility for the general public; second, it
*Corresponding author.
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Question:  What ingredients did I cut with the knife?

Answer:     You cut onion and potato on the cutting mat with the knife.

Evidence:   0-13s, 26-32s, 44-55s, 145-168s

Figure 1: We introduce the problem of Multi-Hop Video
Question Answering for long-form egocentric video under-
standing. This task requires the model to answer questions
by gathering and reasoning across scattered visual clues, ne-
cessitating the grounding of multiple relevant time spans as
supporting evidence.

can encompass various vision tasks about the ‘who’, ‘when’,
‘where’, and ‘what’ of an individual’s daily life, e.g., action
recognition, object detection, and scene understanding, thus
acting as a robust and comprehensive benchmark for video
understanding.

Recently, the introduction of Ego4D dataset (Grauman
et al. 2022) has enabled a series of research in visual-
language understanding in egocentric videos, e.g., question
answering that focuses on summarizing entire video con-
tent (Mangalam, Akshulakov, and Malik 2023); natural lan-
guage query (NLQ) that requires temporal localization based
on a given query (Ramakrishnan, Al-Halah, and Grauman
2023); grounded question answering that considers answer-
ing the query, while localizing the query-related time span
simultaneously (Bärmann and Waibel 2022). However, the
above-mentioned settings often fall into an over-simplistic
scenario, where questions are typically answerable based on
visual cues from a single time point, or only one time span is
annotated among multiple relevant spans. For instance, the
question “How many shirts did I pack in my suitcase?” is
deliberately excluded if the packing process occurs across
multiple, non-contiguous time spans, as described in the an-
notation process of the NLQ task in Ego4D.

As a consequence, VidQA systems built upon the above-
mentioned tasks can hardly be applied in multi-hop scenar-
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ios, due to two primary limitations: the scarcity of data sup-
porting multi-hop reasoning, the deficiency in architecture
design to support multi-hop temporal perception. First, there
is a notable insufficiency of training data on questions that
require reasoning across multiple temporal spans, especially
in long-form egocentric videos; Second, existing architec-
tures that treat temporal grounding as a language modeling
task (Ren et al. 2024; Huang et al. 2024a,b), e.g., directly
incorporating the timestamp as the target of auto-regressive
prediction, which is less effective than task-specific mod-
els (Lin et al. 2023; Mu, Mo, and Li 2024).

To bridge the gap, this paper introduces the problem of
Multi-Hop Video Question-Answering (MH-VidQA). As il-
lustrated in Fig. 1, this task requires the model to simultane-
ously answer questions that involve visual information from
multiple time intervals and localize these time spans as evi-
dence within long, egocentric videos.

To acquire the data necessary for visual instruction tun-
ing, we have developed an automated pipeline to construct
la rge-scale question-answer-evidence triplets from the nar-
rations of Ego4D (Grauman et al. 2022). Specifically, we
build action scene graphs (Ji et al. 2020) by extracting syntax
trees from narrations, allowing to analyze the temporal pro-
gression of actions, objects, and their relationships, thereby
identifying potential questions that require information from
multiple time points to answer. We then utilize large lan-
guage models (LLMs) to generate eligible triplets across six
different question types, that encompass real-world scenar-
ios with an emphasis on the interactions between the indi-
vidual and the external environment, as well as the long-term
temporal relation of events. The categories include repeated
activities, multiple actions, multiple objects, multiple loca-
tions/people, event composition, and event comparison.

Leveraging our automatically constructed data for vi-
sual instruction tuning, despite the existing VideoLLM (Ren
et al. 2024) has demonstrated improved multi-hop reasoning
abilities, it still struggles to localize the relevant time spans,
primarily due to the limitations in predicting timestamps ac-
curately. We further propose a novel architecture, termed
as Grounding Scattered Evidence with Large Language
Model (GeLM). This architecture incorporates grounding
tokens into the vocabulary of a multi-modal large language
model, that are generated within the responses and then
fused with visual features in a temporal grounding module
to provide corresponding evidences, thereby enhancing the
interpretability of the answers.

To track the development progress on MH-VidQA task, we
have established a new benchmark, termed as MULTIHOP-
EGOQA, that involves participants for validating and refin-
ing the generated triplets. Comprehensive evaluations show
that both proprietary and open-source large multi-modal
models largely fall behind human performance, highlighting
the substantial challenge presented by MULTIHOP-EGOQA.
Our architecture, trained on the automatically constructed
instruction-tuning data, has shown significant improvement
in multi-hop reasoning and grounding. We also evaluate
our architecture on another public single-hop VidQA bench-
mark, ActivityNet-RTL (Huang et al. 2024b), outperforming
existing approaches by a large margin.

Dataset Annotation Avg. Ego? Time Multi-
Duration (s) Labels Spans

Conventional VidQA Benchmarks
MovieQA Manual 211.4 ✗ ✓ ✗
MSRVTT-QA Auto 15 ✗ ✗ ✗
MSVD-QA Auto 10 ✗ ✗ ✗
TVQA Manual 76.2 ✗ ✓ ✗
How2QA Manual 60 ✗ ✓ ✗
NeXT-QA Manual 44 ✗ ✗ ✗
iVQA Manual 18.6 ✗ ✗ ✗
EgoSchema Auto + Manual 180 ✓ ✗ ✗

Grounded VidQA Benchmarks
QAEgo4D Manual 498 ✓ ✓ ✗
NExT-GQA Manual 39.5 ✗ ✓ ✓
ActivityNet-RTL Auto + Manual 180 ✗ ✓ ✗

MULTIHOP-EGOQA Auto + Manual 180 ✓ ✓ ✓

Table 1: Comparison of existing VidQA benchmarks.

2 Related Work
Video Question Answering Datasets. Video Question An-
swering (VidQA) is a video understanding task that involves
answering natural language queries using visual-only or
multi-modal information from videos. MovieQA (Tapaswi
et al. 2016) proposes one of the earliest datasets in this
area. However, most of its questions can be answered based
on subtitles alone, with few relying on visual cues (Jasani,
Girdhar, and Ramanan 2019). ActivityNet-QA (Yu et al.
2019) and How2QA (Sanabria et al. 2018) have focused
on visual understanding in daily life and instructional
videos. More recent datasets like NeXT-QA (Xiao et al.
2021), Perception Test (Patraucean et al. 2024), STAR (Wu
et al. 2021), and AGQA (Grunde-McLaughlin, Krishna,
and Agrawala 2021) focus on designing questions requiring
spatio-temporal reasoning and causal relations. Addition-
ally, EgoSchema (Mangalam, Akshulakov, and Malik 2023)
proposes to generate questions through LLMs and manual
efforts for long-form egocentric videos.
Multi-Hop QA with Grounding. In Natural Language Pro-
cessing, multi-hop question-answering involves reasoning
across multiple pieces of information, often requiring the re-
trieval of evidence from various sources (Yang et al. 2018;
Ho et al. 2020; Xiong et al. 2021; Trivedi et al. 2022;
Zhang et al. 2024a). In video understanding, conventional
VidQA benchmarks do not necessitate models to explicitly
localize or reason over temporally scattered evidence. How-
ever, recent works like EGOTIMEQA (Di and Xie 2024),
NExT-GQA (Xiao et al. 2024), and REXTIME (Chen et al.
2024a) emphasize the importance of the grounding evidence
in VidQA. These benchmarks, though, assume that evidence
is confined to a single time span, overlooking the need
for long-term temporal modelling and multi-step reasoning,
which can be an oversimplification in video understanding.
Multi-modal Large Language Models. With the recent ad-
vancements in Large Language Models (LLMs) (Achiam
et al. 2023; Chiang et al. 2023; AI@Meta 2024; Jiang et al.
2024), researchers are endeavouring to develop Multi-modal
Large Language Models (MLLMs) by aligning visual and
linguistic modalities through visual instruction tuning. For
image understanding, several studies (Alayrac et al. 2022;
Li et al. 2023a; Zhu et al. 2023; Liu et al. 2023a, 2024)
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Stage I: 
Raw Video Cropping

0:05    C puts cellphone on the counter

0:17    C peels off carrot with peeler knife

0:32    C removes carrot peel from peeler

……

33:22  C puts tablet down on the sofa

100%  Segments Stage II: 
Scattered Recurrence Mining

Scattered
recurrenceRule-based 

Filtering

LLM 
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with in

16%
Stage IV: 
Manual Check & Refinement

Question:   What tasks did I use the knife for?

Answer:     You <T1> cut carrots </T1> and <T2> 
peeled off pumpkin skin </T2> with the knife.

Evidence:   10s - 47s,  88s - 180s

Category:   Composition

Categorized  
In-Context Examples

Stage III: 
QA Generation & Filtering

Grounded  
QA Triplets

0:17 - 0:47    C cuts carrot with knife on 
chopping board
0:47 - 0:50    C puts knife on the chopping board
1:28 - 2:20    C peels off pumpkin skin with knife 
in kitchen
2:23 - 2:30    C moves knife 

Untrimmed  Video with Complete Narrations Syntax Trees over Time

t1 t2 ≫ t1

Narrations about knife (pobj)Grounded Multi-Hop QA 

20%

50%

Figure 2: Illustration of our data curation pipeline. To collect large-scale multi-hop VidQA data, we have developed an auto-
mated pipeline. We begin by using action scene graphs to identify potential multi-hop reasoning questions based on the syntax
trees of annotated narrations. Next, we use GPT - 4o to generate data samples that include questions, answers, and relevant time
spans. Finally, we perform manual validation and refinement to create the new benchmark.

have shown strong performance across various VQA bench-
marks (Lu et al. 2023; Liu et al. 2023b; Yue et al. 2024).
In video understanding, while some works (Li et al. 2023b;
Ataallah et al. 2024; Zhang et al. 2024b) have made progress
on traditional VidQA benchmarks, they are generally de-
signed for short videos. Recent efforts to improve temporal
awareness (Ren et al. 2024; Huang et al. 2024a; Qian et al.
2024) still lag behind task-specific models (Lin et al. 2023;
Mu, Mo, and Li 2024) in the temporal grounding ability. To
address this gap, our proposed dataset supports both instruc-
tion tuning and the evaluation of multi-hop reasoning and
grounding in long-form egocentric videos, thereby advanc-
ing the development of video-language models.

3 Problem Formulation
Given a video stream and a question in the format of free-
form text, e.g., V and Q respectively, the objective is to gen-
erate the answer and localise the temporal evidence :

[Â, T̂ ] = Φ(V,Q), (1)

where T̂ = {[s1, e1], [s2, e2], . . . , [sn, en]} refers to a set of
non-overlapping start-end time intervals, in which the video
content is necessary for deriving the answer Â.

To develop the vision systems that address our consid-
ered MH-VidQA task, it is essential to collect data in triplet
form, i.e., (Q,A, T ), to train the architecture that can simul-
taneously answer questions, and ground them across multi-
ple time spans. In the following sections, we will detail an
automated pipeline for constructing visual instructions and
training our proposed architecture.

4 MULTIHOP-EGOQA: Curation Pipeline
The curation pipeline involves four stages: (i) cropping and
selecting video clips from untrimmed Ego4D dataset; (ii)
mining potential questions that demand multi-hop reason-
ing based on narrations; (iii) producing (Q,A, T ) triplets
across various categories using LLMs; (iv) filtering the gen-
erated samples with LLMs, then followed by manual review
and refinement.

4.1 Raw Video Cropping & Selection
We start with the 9,611 untrimmed egocentric videos (24-
minute duration on average), accompanied with a total of
3.85M timestamped narrations from Ego4D (Grauman et al.
2022). Since these timestamps indicate the occurrence of a
new action (i.e., the start time), to estimate the duration of
each action, we take the timestamp of the subsequent narra-
tion as the end time. Specifically, we segment the raw videos
into non-overlapping 3-minute clips. Each clip and the cor-
responding narrations are denoted as V and N = {Ni}|N |

i=1.

4.2 Mining Multi-Hop QA from Narrations
We propose to mine the multi-hop VidQA triplets from ac-
tion scene graphs for each long-form video, which provide
temporally evolving object descriptions, human-object rela-
tionships, and the progression of actions over time. (Ji et al.
2020; Yang et al. 2023; Rodin et al. 2024).

To build action scene graphs, we use the syntax tree of
each narration to identify the specific nodes, involving ac-
tions, objects, locations and people. We then search for
structures where a single node recurs over time, but connects
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with different neighbouring nodes across various scenes,
since these structures are likely to contain the multi-hop rea-
soning queries. The detailed procedure is outlined below.
Narration Syntax Tree → Action Scene Graph. We use
spaCy (Honnibal et al. 2020) to parse each narration and
extract the basic nodes, including actions (verb), direct ob-
jects (dobj), and prepositional objects (pobj) along with their
modifiers. For instance, “C puts the cooking pot on the
counter top” can be parsed into {put, cooking pot, counter
top} as three nodes with distinct syntactic attributes.
Searching Scattered Recurrence in Graph. We then fo-
cus on a node u that recurs sporadically throughout the en-
tire set of narrations N . The minimum and maximum recur-
rence times for the selected node u are denoted as tmin and
tmax, respectively, which determines the number of time in-
tervals involved in the question. We extract the narrations
related to the specific node u from N , denoted as Nu. These
narrations, though focused on node u, describe different ac-
tion scenes, making them potential candidates for multi-hop
triplet generation in Stage III.

4.3 QA Generation & Filtering with LLM
Based on the nodes’ syntactic attributes, we use different
in-context learning examples to guide the LLM-based QA
generation processes. The resulting multi-hop questions are
divided into six categories, involving repeated activities,
multiple actions, multiple objects, multiple locations/peo-
ple, event composition, and event comparison. The detailed
prompts and question examples are presented in the Supple-
mentary Material. Formally, for the selected narrations Nu,
the triplet is generated with prompt (P), denoted as:

{(Q,A, T )} = LLM(P;Nu) (2)

After the automated generation, we use an LLM to filter out
unreasonable QA pairs, resulting in 4,412 clips with 14,397
triplets. We utilize GPT - 4o for both generation and filtration
processes due to its superior capabilities.

4.4 Manual Check & Refinement
To construct a benchmark, we select 380 clips with 1,208
triplets and hire 12 graduate students majoring in computer
vision, to validate the clarity of the data and further refine the
temporal annotations. As a result, we obtain 360 clips with
1,080 triplets, which form the final benchmark, termed as
MULTIHOP-EGOQA. The annotation details and benchmark
statistics are provided in the Supplementary Material.

5 GeLM: A Baseline Method for MH-VidQA
Existing models for video question answering typically pro-
vide answers without supporting temporal evidence, or are
restricted to identifying a single time interval. Here, we
propose a novel architecture, termed as GeLM: Grounding
Scattered Evidence with Large Language Model for Multi-
Hop Video Question-Answering. As depicted in Fig. 3, our
model primarily comprises a multi-modal large language
model and a grounding module, with special grounding to-
kens (<T></T> ) indicating the time span of the enclosed
key information in the response.

5.1 Visual-language Encoding Module
Given the video clip with L frames and the associated ques-
tion, we first adopt a frozen visual encoder to extract the
visual features. The given question is tokenized and trans-
formed into textual embeddings, while the visual features
are projected into visual embeddings with the same dimen-
sion through a linear projector:

xv = ϕproj(Φv-enc(V)), xq = ϕemb(Q) (3)

where xv ∈ RL×D, xq ∈ RQ×D denote the computed em-
beddings for visual and question respectively.

5.2 Multi-modal Large Language Model
The visual and textual embeddings are then fed into a multi-
modal large language model:

{hv,hq,ha} = MLLM([xv : xq]) (4)
where hv,hq,ha represent the hidden states of the input
frames, question, and the output response respectively. The
answer texts Â are then decoded using a linear head on ha.
Grounding Tokens. Inspired by approaches that enable
MLLMs to segment visual entities (Lai et al. 2024; Zhang
et al. 2024c; Yan et al. 2024), we expand the vocabulary by
adding grounding token pairs, i.e., <T> </T>, which indi-
cate the start-end time span. As illustrated in Fig. 3, when
the MLLM needs to ground the temporal evidence for its
response, the relevant part of the response is enclosed by
<T> and </T>. We concatenate the last-layer hidden states of
each pair, i.e., <T1> and </T1>, . . ., <TK> and </TK> along
the channel dimension to form a single grounding query vec-
tor, resulting in K grounding queries Hg ∈ RK×2D. Note
that, the value of K can vary for different responses. These
queries are then processed through the grounding module,
which interacts with the visual hidden states hv ∈ RL×D.

5.3 Evidence Grounding Module
To ground the time spans that support the answer, we de-
sign an evidence grounding module that processes a variable
number of grounding queries and predicts the corresponding
temporal proposals in the video: T̂ = {[si, ei]}|T̂ |

i=1.
We begin by projecting the hidden states of frames hv and

grounding queries Hg into the same dimension C:

wv = ϕv(hv) ∈ RL×C , wg = ϕg(Hg) ∈ RK×C (5)
Following this, two separate branches are used to predict
the temporal evidence for the answer: the saliency branch
and the similarity branch, as depicted in Fig. 3. The saliency
branch utilizes a self-attention mechanism across all visual
features and grounding tokens to identify all temporal evi-
dence for the question holistically. The similarity branch cal-
culates the visual-textual similarity between each grounding
query and all visual features, to determine the time spans for
each part of the response in a fragmented manner.
Saliency branch. As illustrated in Fig. 3, the saliency
branch utilizes three Transformer Encoder layers as the tem-
poral aggregator, to fuse information between grounding
queries and visual hidden states:

{ov,og} = Φtemp-agg([wv : wg]) (6)
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   Visual Encoder

 Multi-modal
LLM🔥

  Grounding 
 Module

Q:  What items did I dispose of into 
the bin, and in what order?

A:  You <T1> moved a packet into the 
bin </T1>,  and later <T2> dropped the 
eggshell into the bin twice </T2>.

🔥
Grounding Module

Visual Tokens

Textual Tokens
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Figure 3: Overview of the proposed architecture. GeLM can generate grounding token pairs, i.e., <T></T>, in the response of
a multi-modal large language model, which denote the start and end times of the enclosed statement. These grounding tokens
are then processed with visual hidden states to the ground multiple time spans that provide evidence supporting the answer.

The predicted saliency score ŷ ∈ RL is derived through the
saliency head ϕsaliency(·) and the sigmoid function σ(·):

ŷ = σ(ϕsaliency(ov)) (7)

where a higher score indicates a higher probability that each
frame serves as visual evidence for the question-answering.
The saliency head ϕsaliency(·) consists of two Conv1D layers
with ReLU activation.
Similarity branch. Apart from predicting the saliency, we
also aim to determine the time spans of key information en-
closed by each grounding token pair separately, represented
as a similarity matrix Ŝ ∈ RK×L between K grounding
queries and L frames. Specifically, we project the hidden
states with a linear layer,

zv = ψv-proj(wv), zg = ψg-proj(wg) (8)

and compute the cosine similarity matrix:

Ŝij =
zgi · zvj

∥zg∥ · ∥zv∥
∈ [−1, 1] (9)

where a higher value of value of Ŝij indicates that the j-th
frame is more relevant to the i-th grounding query.
Proposal generation strategy. During inference, to gener-
ate temporal proposals (T̂ ), we apply the following post-
processing. Utilizing the saliency score vector ŷ ∈ RL,
we set a threshold at 70% of the maximum saliency score.
Timestamps with scores above this threshold are merging
into time spans.

Leveraging the similarity matrix Ŝ ∈ RK×L, we apply
an average pooling kernel with a size of 3 and a stride of 1
to smooth the values. Then we perform a softmax function
along each row to get positive scores. Since each row vector
Ŝk,: ∈ RL in the matrix represents the predicted temporal

relevance for the k-th grounding query, we apply the same
thresholding method to each row and take the union of the
results to obtain a set of proposals.
Training objective. For question answering, the cross en-
tropy loss LCE(Â,A) is utilized for next token predic-
tion. For evidence grounding, given the ground truth binary
saliency labels y ∈ {0, 1}L, we use binary cross entropy as
loss function: LBCE = 1

L

∑L
i=1 −yi log ŷi. With the ground

truth binary similarity matrix S ∈ {0, 1}K×L, we adopt the
Multiple Instance Learning NCE (MIL-NCE) loss (Miech
et al. 2019) for contrastive learning:

LNCE = − 1

K

K∑
i=1

log

∑L
j=1 Sij exp(Ŝij/τ)∑L

j=1 exp(Ŝij/τ)
(10)

where τ denotes temperature. i, j correspond to i-th ground-
ing query and j-th frame, respectively. The final loss is a
weighted sum of the above losses: L = LCE + λBCELBCE +
λNCELNCE.

6 Experiments
In this section, we first describe the metrics for our bench-
mark, MULTIHOP-EGOQA, and then evaluate the perfor-
mance of existing approaches. Next, we employ instruction
tuning with the automatically constructed dataset, to estab-
lish a strong baseline for the multi-hop VidQA task. Lastly,
we show that our method also achieves state-of-the-art per-
formance on the existing public single-hop VidQA task.

6.1 Evaluation Metrics
We evaluate the performance of question answering and ev-
idence grounding separately on MULTIHOP-EGOQA.
Question answering. To evaluate open-ended answers, we
use GPT-4o as the primary evaluator for scoring, as it more
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Methods Input
Temporal Grounding Question Answering

mIoP mIoG IoU@0.3 mIoU Sent. Sim. Score (10 ↑)
Human - 71.8 81.0 87.0 61.8 74.3 7.5

GPT-4o (OpenAI 2024) 60 frames 18.9 24.4 12.0 12.2 73.7 5.4
End-to-End MLLMs
InternVL2-8B (Chen et al. 2024b) 30 frames 11.8 24.0 6.3 6.6 71.9 4.5
LLaVA-NeXT-Video-7B (Zhang et al. 2024b) 32 frames - - - - 62.1 4.2
TimeChat-7B (Ren et al. 2024) 96 frames 10.2 5.6 3.0 3.6 58.9 3.3
VTimeLLM-7B (Huang et al. 2024a) 100 frames 12.4 28.2 8.8 9.2 70.5 4.3
Pipeline: Caption Module → LLM (QA + Grounding)
LLaVa-NeXT-7B → Llama-3.1-8B 180 frames 21.4 22.3 10.1 9.7 63.6 3.5

Table 2: Zero-shot performance of existing multi-modal models on MULTIHOP-EGOQA. Existing approaches of various types
fall short of human performance on this challenging task.

closely aligns with human judgment and is widely adopted
for assessment purposes (Chiang and Lee 2023; Zheng et al.
2024). We also report the average Sentence Similarity (Sent.
Sim.) between the ground truth answers and the predicted
answers (Reimers and Gurevych 2019). For time-related
questions, we exclude them from metrics of answering, as
they can be accurately evaluated with localization metrics.
Evidence localization. Given the m predicted non-overlap
time spans: T̂ = {T̂1, T̂2, . . . , T̂m} and the ground truth
consisting of n spans: T = {T1, T2, . . . , Tn} for each video,
IoU (Intersection over Union) is computed as follows:

IoU(T , T̂ ) =

∑m
i=1

∑n
j=1 |T̂i ∩ Tj |∣∣∣⋃m

i=1 T̂i ∪
⋃n

j=1 Tj

∣∣∣ (11)

This can be seen as an extension of the IoU between two
intervals, measuring the Jaccard Distance between two sets
of time spans. Subsequently, the mean IoU (mIoU) is deter-
mined by averaging the IoU values across the entire test set.
Additionally, we calculate the proportion of videos with an
IoU exceeding 0.3, designated as IoU@0.3. Similar to pre-
cision and recall, we compute mIoP and mIoG by averag-
ing Intersection over Prediction (IoP) and Intersection over
Ground Truth (IoG), replacing the denominator in Eq. (11)
with

∣∣∣⋃m
i=1 T̂i

∣∣∣ and
∣∣∣⋃n

j=1 Tj

∣∣∣, respectively.

6.2 Evaluation on MULTIHOP-EGOQA
In this section, we evaluate several latest multi-modal mod-
els on MULTIHOP-EGOQA, exploring their abilities of multi-
hop reasoning and temporal grounding.
Human and advanced proprietary model. Initially, we in-
vite participants (different from annotators in the curation
pipeline) to assess human performance on this task. We ran-
domly sample 10% of the test split and request participants
to answer the questions and localise relevant time spans.
Additionally, we evaluate the advanced proprietary model,
GPT-4o, by leveraging its visual capabilities with uniformly
sampled frames from the video clip, to perform answering
and grounding.

End-to-end models. We conduct investigations across var-
ious popular MLLMs, including Image LLM (InternVL2-
8B), Short Video LLM (LLaVA-NeXT-Video-7B), and
Long Video LLMs (TimeChat-7B, VTimeLLM-7B).
Multi-stage pipeline. To explore the effectiveness of dense
captioning for MH-VidQA, we adopt a multi-stage pipeline,
consisting of an image caption module, followed by an
LLM. The captions of sampled frames with timestamps will
be utilized by the LLM for answering and grounding.

Overall Results. From experiments presented in Tab. 2,
we can draw the following observations: 1) Both the pro-
prietary model and open-source multi-modal LLMs signif-
icantly lag behind human performance, underscoring the
current limitations in multi-hop reasoning and grounding
capabilities within multi-modal systems. 2) Reasoning and
grounding abilities are disentangled in existing visual sys-
tems. For instance, LLaVA-NeXT-Video is unable to handle
requests involving temporal grounding, but can still answer
part of questions that do not involve temporal grounding.
3) Instruction-tuning with single-hop data does not guar-
antee superiority in multi-hop grounding. For example, de-
spite TimeChat and VTimeLLM have been fine-tuned with
temporally aware instructions and multi-turn conversations,
the ability to ground multiple intervals for a single query
remains limited. 4) Dense captions do indeed help tempo-
ral grounding, but errors may cascade. Although caption-
ing at per second provides explicit temporal information for
grounding, errors in the captioning process are difficult to
correct through the subsequent stages. The evaluation de-
tails are presented in the Supplementary Material.

6.3 A Baseline Method for MULTIHOP-EGOQA
In the following section, we propose a new baseline for this
challenging task and conduct ablation experiments to evalu-
ate the effectiveness of the automatically constructed train-
ing data, and our architectural design for future research.

Implementation Details

Training data. We utilize the triplets generated in our
automated pipeline to train the multi-modal LLM and the
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Method Training Data
Temporal Grounding QA
IoU@0.3 mIoU Score ↑

TimeChat
✗ 3.0 3.6 3.3

100% 8.6 8.1 4.4

VTimeLLM
✗ 8.8 9.2 4.3

100% 13.1 12.8 4.6

GeLM (Ours)
25% 13.0 11.3 4.6
50% 16.7 16.1 4.7
100% 18.2 16.7 4.8

Table 3: Effect of the instruction-tuning data. We establish a
new baseline for the new task after instruction-tuning.

grounding module. These triplets have been filtered by the
LLM, but not manually refined in Stage IV, consisting of
3,156 clips with a total of 10,414 samples.

Architecture. The visual features of MULTIHOP-EGOQA are
extracted with the InternVideo-MM-L-14 (Wang et al. 2022)
from 8 frames per second. The large language model em-
ployed is Vicuna-7B v1.3 (Chiang et al. 2023). The dimen-
sions of the hidden states for the LLM and the grounding
module are 4096 and 1024, respectively.

Training setup. The experiments are conducted using 4
NVIDIA H800 (80GB) GPUs, with a batch size of 32 per
device. The model is trained for 10 epochs with a learning
rate of 2×10−5, employing a warmup cosine decay strategy.

Ablation Studies

Effect of the visual instruction-tuning data. To validate
the effectiveness of our data curation pipeline for mining
large-scale multi-hop VidQA data, we utilize the automat-
ically collected instructions to fine-tune pre-trained Video
LLMs (i.e., TimeChat and VTimeLLM), and evaluate on
MULTIHOP-EGOQA. As Tab. 3 shows, visual instruction tun-
ing enhances the multi-hop reasoning and grounding abili-
ties of existing models, demonstrating the effectiveness of
constructed data. Additionally, we also trained our model by
varying percentages of data, the results demonstrates the po-
tential of our automated pipeline to collect scalable data and
the effectiveness of our proposed architecture, GeLM.

Effect of training objective and inference strategy. We
explore the role of each training loss and the effect of the
two branches for generating temporal proposals. As shown
in Tab. 4, although the saliency branch is unable to distin-
guish the time interval of each grounding token pair, the bi-
nary cross entropy loss tends to benefit the temporal ground-
ing, improving the performance of the similarity branch,
with IoU@0.3 increasing from 14.1 to 18.2, and mIoU from
13.4 to 16.7. Correspondingly, the similarity branch also en-
hances the inference results of the saliency branch, demon-
strating the complementarity of both branches. We calculate
the Pearson correlation between the QA score and Ground-
ing IoU, obtaining a correlation of 0.65, which highlights a
synergy between precise grounding and accurate answering.

Training Loss Strategy
Temporal Grounding QA
IoU@0.3 mIoU Score ↑

LCE - - - 4.7
+LBCE Saliency 13.8 14.2 4.7
+LNCE Similarity 14.1 13.4 4.6

+LNCE + LBCE
Saliency 19.2 14.7 4.7

Similarity 18.2 16.7 4.8

Table 4: Ablation of the training objective and inference
strategy. The gray shading indicates the default setting.

6.4 On Existing Single-Hop VidQA Benchmark
Dataset and metrics. In addition to our multi-hop bench-
mark, we validate the effectiveness of our method on
the public single-hop VidQA benchmark (Huang et al.
2024b), which contains 229 question-answer pairs across
160 videos. For this benchmark, the temporal grounding
metrics are mIoU and Precision@0.5 (P@0.5), with the lat-
ter measuring the percentage of predictions with an IoU over
0.5. Additionally, the GPT-4 Relative Score (R. Score) is
computed for evaluating the predicted explanations.
Comparison. In the existing state-of-the-art method, for ex-
ample, LITA (Huang et al. 2024b) adds special time tokens
into the vocabulary to process temporal grounding as a next-
token prediction task on this benchmark. As shown in Tab. 5,
our architecture significantly exceeds LITA with both tem-
poral grounding branches after fine-tuning.

Model Strategy
Temporal Grounding QA
mIoU P@0.5 R. Score ↑

LITA-7B Time Token 24.1 21.2 44.0
LITA-13B Time Token 28.6 25.9 46.3

GeLM-7B Saliency 31.8 28.2 45.3
GeLM-7B Similarity 35.4 ↑ 11.3 31.0 ↑ 9.8 45.1 ↑ 1.1

Table 5: Comparison with the state-of-the-art method on
ActivityNet-RTL, a public single-hop VidQA benchmark.

7 Conclusion
To conclude, we have initiated the MH-VidQA task for long-
form egocentric video understanding. To acquire the associ-
ated dataset, we have devised an automated pipeline to mine
large-scale multi-hop QA triplets, a subset of which are sub-
sequently validated and refined manually, resulting in a new
benchmark. Existing multi-modal systems demonstrate im-
provement in multi-hop reasoning abilities after training on
the automatically collected data, but they still struggle to
ground relevant temporal spans. To bridge this gap, we have
proposed a novel model capable of answering multi-hop
questions and concurrently grounding scattered visual clues,
which establishes a baseline for this challenging task after
visual instruction tuning. Our method also achieves state-of-
the-art performance on the public single-hop VidQA bench-
mark, further underscoring its effectiveness.

2165



Acknowledgments
This work is supported by National Key R&D Program of
China (No. 2022ZD0161400).

References
Achiam, J.; Adler, S.; Agarwal, S.; Ahmad, L.; Akkaya,
I.; Aleman, F. L.; Almeida, D.; Altenschmidt, J.; Altman,
S.; Anadkat, S.; et al. 2023. GPT-4 technical report.
arXiv:2303.08774.
AI@Meta. 2024. Llama 3 Model Card.
Alayrac, J.-B.; Donahue, J.; Luc, P.; Miech, A.; Barr, I.; Has-
son, Y.; Lenc, K.; Mensch, A.; Millican, K.; Reynolds, M.;
et al. 2022. Flamingo: a visual language model for few-shot
learning. In NeurIPS.
Ataallah, K.; Shen, X.; Abdelrahman, E.; Sleiman, E.; Zhu,
D.; Ding, J.; and Elhoseiny, M. 2024. MiniGPT4-Video: Ad-
vancing Multimodal LLMs for Video Understanding with
Interleaved Visual-Textual Tokens. arXiv:2404.03413.
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