On the Consistency of Video Large Language Models
in Temporal Comprehension

Minjoon Jung Junbin Xiao Byoung Tak Zhang Angela Yao

Seoul National University National University of Singapore Seoul National University National University of Singapore

JUNE11-15, 2025

¥75\./ National University
7 ==/ of Singapore




Introduction

® \/ideo large language models (Video-LLMs) can temporally ground language queries
and retrieve video moments.

Question Answering (Coarse-grained) Temporal Grounding / Dense Captioning (Fine-grained)

\

[ S8

ﬁ

‘|’ Why is this video funny? >
11s 13s 15s  16s

' Ground Truth: From Os to 4s.

During which time period in the video does the event 'person @
close the laptop' happen?

The video 1is funny because it shows a
baby girl who is learning to read. She is
sitting on a bed and looking at a book,
and she 1is trying to read it. The baby
girl 1is wearing glasses, and she 1is
holding the book with both hands. The

baby girl is trying to read the book, and )9

her actions are adorable and endearing. {(VideoChat) The man closes the laptop from 13.0 second to 13.6 second.]x
The video captures the innocence and )

curiosity of a young child as she Llearns { . ]

S L Wl s e e B ¥ (VideoLLaMA) The event happens at the 15-second mark. X

sight for the viewer.

&{(VTimeLLM, ours) The person closes the laptop from 00 to 30. (0s ™ 4.85)} v

Beyond naive question-answering tasks, existing Video-LLMs are able to generate and
identify fine-grained details, such as timestamps or segment-level captions in videos.



Introduction

® Yet, such temporal comprehension capabilities in Video-LLMs are neither well-studied
nor understood. Specifically, is their performance truly grounded in video
comprehension, or is it due to other spurious factors and correlations?

Ground-truth moment 16.59s

Video tem,ooral grounding — Q: When are two people decorating a Christmas tree in the video?
uman + A: We can see two people decorating a Christmas tree : -
: between 3 to 20 seconds in the video. . d B
P mmmmmmmmsssmmsssoossssmsssssssssssssosooooooees " Video-LLM

Given video and its query, the model grasps the specific moment i.e., start and end timestamps.



Introduction

® So we conduct a study on prediction consistency — a key indicator for robustness and
trustworthiness of temporal grounding.

® \\e reveal that most Video-LLMs struggle to reliably confirm their initial moment
predictions, achieving a near chance-level consistency (50%).

Ground-truth moment 16.59s

Q: When are two people decorating a Christmas tree in the video? ConSIstency Verification
.................................................................................................................................................................
Human R bR L L L EEEEEE Ll @
+ A: We can see two people decorating a Christmas tree = 5 = video-LLaMA Video-ChatGrT Video Lot Vimeuy
+ between 3 to 20 seconds in the video. ] o 'g - 80
"""""""""""""""""""""""""""""""""""""" Video-LLM Sl
- Q: Are two people shown decorating a Christmas tree between 3 to g
Rid 20 seconds in the video? 5 ; 201
Human H ? ----------------------------------------------------------------------------------------------------------------------------------- ? : Charades-CON ActivityNet-CON
*I' 1 A:No, they are not decorating the tree. : o s
= Video-LLM

Video-LLMs are often inconsistent when asked to check their own video moment predictions,
raising concern about their capabilities in faithful temporal reasoning.



Consistency Evaluation

® To study the consistency of Video-LLMs in temporal comprehension, we first define
two qualities.

® Grounding Consistency: A model that links a language query to visual content in a specific temporal
moment should remain robust to rephrasing queries and temporal shifts in the visual content.

® \/erification Consistency: If a model can identify a specific moment, its understanding should be
bidirectional. As such, the model should be able to confirm that the said event and its components did
occur within the predicted moment.




Consistency Evaluation

® To evaluate defined qualities, we construct new evaluation sets, Charades-CON and
ActivityNet-CON, extending two popular video temporal grounding datasets:
Charades-STA and ActivityNet-Captions.

1. For grounding consistency, we generate 1) rephrased queries from the original
5 Original Video e shmedwdeoé queries using a powerful LLM (i.e., GPT-40-mini) and 2) shifted videos through
S randomly shifting the ground-truth moment to different video segment.
- 5 2. For verification consistency, we design three different types of queries: aligned,
zryiar:;'::e;yotsderakng oves |[out of the backyard. misalighed, and compositional query. Queries are labeled as “aligned” or
— @ """""""""""""""" “misaligned” depending on whether they have the same or different meanings
gl A R from the original query, respectively. Compositional queries partially overlap with
S SREet SEIs e ek e the original by retaining some information, and we also generate them in both

Raking leaves from the backyard, a young girl is outside.

aligned and misaligned forms.

Misaligned Query
An old man is inside raking the leaves out of the front yard.

A young girl is outside playing with a ball in the back yard.

A young girl is outside raking sand from the beach.

.. Compositional QuUery - -
Is a young girl outside? Is she raking grass?

| Is she in the backyard? Is she inside the house?



Consistency Evaluation

® \Vith the constructed test sets, we design four probes: rephrased grounding, shifted
grounding, holistic verification, and compositional verification.

cvaluation Sot |MME 1 - [

. GT-moment
Grounding - .
. . . P e S G S S T RRIEEREEES . (0s 34s W
Original Video - Localize the event ‘A young girl is outside raking L from 0 to 20 seconds Initial pred-moment loU = 0.59
. leaves out of the backyard’ in the video. P (0s 20s D

Shifted GT-moment
) : — _ : C 15s 49s)
Localize the event ‘A youn?_glrl is o_ut3|de raking | from 10 to 33 seconds. § Pred-moment loU = 0.46
. . ¢ leaves out of the backyard’ in the video. P : C 10s 33s )
Origianl Query e i : -
ey, \ . HE : : Initial pred-moment
A young girl is outside | raking leaves || out of the backyard.. | Rephrased Grounding @ Bos ~
| ; ’ ; ’ : ' S : p b 4 2 ; "‘: ! 3 - J _
S @ i | Localize the event ‘A young girl is outdoors collecting  from 5 to 32 seconds. i Pred-moment loU = 0.47
. i i leaves from the backyard' inthevideo. . E oo eee oo eeeeeeeeeeeeeeeeen S (5 32s D g
Aligned Query - e S
A young girl is outdoors collecting leaves from the backyard. Verification :
Outside, a young girl is raking leaves out of the back garden. Holistic Verification
Raking leaves from the backyard, a young girl is outside. . Does the event ‘A young girl is outside raking leaves . | Yes, the event is included from 0 G : &
8 4 young g 1 | out of the backyard.’ happen from 0 to 20 seconds? " t0 20 seconds. You are an intelligent evaluator tasked with determining
. s T e the correctness of an answer. Please decide whether the
Misaligned Query _ . i Isthe event ‘Outside, a young girl is raking leaves out | | Yes, the event takes place from0 | ! . .
An old man is inside raking the leaves out of the front yard. ' of the back garden’ occurring from 0 to 20 seconds? | | to 20 seconds. provided answer aligns correctly with both the content
A young girl is outside playing with a ball in the back yard. 3 5 A i —— : and timestamps in the question.

. Is the event ‘A young girl is outside raking sand from

A young girl is outside raking sand from the beach. ' the beach’ shown from 0 to 20 seconds?

- Compositional Query e, o SOMposHionalveOliGation =~ o e S . Question Correct
Is a young girl outside? Is she raking grass? - Is a young girl outside from 0 to 20 seconds? i i Yes, a young girl is seen outside. &  mmmmmss > @ ....... > -
. o e e e ‘ Afswer Incorrect
? ? ; .. / e e :
Is she in the backyard: Is she inside the house: I she inside the house from 0 to 20 seconds? Yes, the girlIs Inside the houss. , P



Consistency Evaluation

® Shifted grounding confirms whether a model adapt to visual variant.
® Rephrased grounding compares model predictions between the original query and its

aligned variations.

Evaluation Set
; b . GT-moment
5 : ¢ Grounding @ N
i . oo erermemeeeeeeeeseeeeeeeemememememesesesessesssesesesesesesesesesesesemesesesesesesesasasssaseseeee,  FTmTTTIIEeeeeiiiiiiieieieneneeeeeses (0s 34s D
Original Video . Localize the event ‘A young girl is outside raking from 0 to 20 seconds. Initial pred-moment loU = 0.59
) . . leaves out of the backyard’ in the video. P 5 (0s 20s D
. ! Shifted GT-moment
A 345 , : : oo _ : . C 15s 49s  <+—— Shifted Moment
h aw 5 Localize the event ‘A youn?_glrl is o_ut3|de raking " from 10 to 33 seconds. :’red-moment U046 |
. . leaves out of the backyard’ in the video. P ; ( 10s 33s D)
Origianl Query s e : )
{ s e R . y i Initial pred-moment
A young girl is outside | | raking leaves || out of the backyard.. | Rephrased Grounding s 305 ~
' ; : : ' : S B i ‘ il i i b “: h - =
e @ L Localize the event ‘A you?g girl |s.outdoors collecting | from 5 to 32 seconds. i Pred-moment loU = 0.47
. i i leavesfromthe backyard’inthevideo. , L ' ( 5s 32s D ,
Aligned Query : T T '''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' '

A young girl is outdoors collecting leaves from the backyard. ]
Aligned Query

Outside, a young girl is raking leaves out of the back garden.

Raking leaves from the backyard, a young girl is outside.

Misaligned Query
An old man is inside raking the leaves out of the front yard.

A young girl is outside playing with a ball in the back yard.

A young girl is outside raking sand from the beach.

~Compositional Query -
: ( Isa young girl outside? Is she raking grass?
Is she in the backyard? Is she inside the house?



Consistency Evaluation

® \/erification probes confirm whether the model can confirm the presence of the query
within the moment prediction, aligning with its initial prediction.

Grounding g):'momem o ~
. . e e o ot e A R e PR S e R e )
Original Video Localize the event ‘A young girl is outside raking | from 0 to 20 seconds Initial pred-moment . loU = 0.59
_leaves out of the backyard” in the video. 2 » G s J
Origianl Query
A young girl is outside§ §iraking leaves out of the backyard.é
Aligned Query : 0 2 :
A young girl is outdoors collecting leaves from the backyard. Verification
Outside, a young girl is raking leaves out of the back garden. Holistic Verification 5
Raking leaves from the backyard, a young girl is outside. Does the event ‘A young girl is outside raking leaves . Yes, the event is included from 0 N . A .
g § S . | out of the backyard.’ happen from 0 to 20 seconds? t° 20 seconds ____________________________________ IEE St it o e EOTARRE MO SSCe NG
P I R e e TR R R RRRRRRRRRE . the correctness of an answer. Please decide whether the
Misaligned Query _ © i ilsthe event ‘Outside, a young girl is raking leaves out | Yes, the event takes place from 0 | 1ed ” b R e
An old man is inside raking the leaves out of the front yard. o of the back garden’ occurring from 0 to 20 seconds? ) to 20 seconds ____________________________________ 5 provided answer aligns correctly with both the content
i A young girl is outside playing with a ball in the back yard. e Al Igned 'Query T ’ and timestamps in the question.
§ i ! Isthe event ‘A young girl is outside raking sand from JE LT s pa— g
i Avyoung girl is outside raking sand from the beach. .11 ! the beach’ shown from O to 20 seconds? A '

Misaligned Que

s Compositional Query T X T R meeTeEem el . Question Correct
. { Is a young girl outside? " Is she raking grass? i1 i1 tlsayoung girl outside from 0 to 20 seconds? - Yes, ayoung girl is seen outside. &  mmmeee- » (U ------- > or
. : o L ‘ Answer Incorrect
? : 2o !/ i T TR i
L d s SEME 0T ME MO 5 . Is she inside the house from 0 to 20 seconds? i | Yes, the girl is inside the house. ' GPT-40-mini



Visualization

Query: A small group of people is seen standlng together and speaking.

, — '
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Q: When does the event ‘A small group of people is seen
standing together and speaking.’ happen in the video?

A: The start time is 0.0 second and the end time
is 4.4 second.

Video-LLaMA

V\QL A: The event ‘A small group of people is seen
% > standing together and speaking.’ occurs at

a L

Video-Chatgpt  0:00 - 0:05.

A: The given query happens in 0.0 to 10.0 seconds.
TimeChat

ﬁ A: The event ‘A small group of people are seen
standing together and speaking.’ can be seen
VTimeLLM 0 to 6 seconds.
A: The event ‘A small group of people is seen
standing together and speaking.’ happens between
00:00 and 00:33.
Gemini 1.5

i T EN EN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN B W

- -Holistic Verification

Q: Does the event ‘A small group of people is seen standing
together and speaking.’ present from m in the video?

Video-LLaMA

A}

QO
=
A‘-L

Video-ChatGPT

TimeChat

A: Yes, the people are seen standing together
and speaking.

A: The event ‘A small group of people are seen
standing together and speaking.’ occurs at
0:00 - 0:05.

A: No, the event is not present from 0.0
to 10.0 seconds.

Q: Does the event ‘A large group of people is seen sitting
apart and speaking loudly.” happen from m in the video?

A}

R O
4 n
Ll
Video-ChatGPT

TimeChat

’

Gemini 1.5

A: Yes, the people are sitting apart from 0 to
5 seconds in the video.

A: No, the people are standing.

A: No, the event 'A large group of people is
seen sitting apart and speaking loudly' does
not happen from 0 to 33 seconds. The video
shows a man playing a drum.

. Compositional Verification

¢ T I I I I I I I I I I Il I I I I I I I I I I I B B B BN B BN B B B B B B B B B B B B B B B B B B I B B B I B B B I B I I I B O I W

Q: Are they standing together from m in the video?

Video-LLaMA

\)

R O

I3

“l
Video-ChatGPT

=

VTimelLLM

A: Yes, they are standing together.

A: Yes, the people are standing together from
0 to 5 seconds in the video.

A: Yes, the people are standing together in
the video.

Q: Are they heard singing from m in the video?

=

VTimeLLM

A: Yes, they are heard singing from 0 to 6
seconds in the video.

A: No, they are not heard singing.

A: No, they are playing instruments.

N m m E E S S M B O B S B B BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN M M
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Experiments

® \We include eight open-source models and two closed-source models in our evaluation.

® Open-source models can be categorized into two folds: general-purpose and time-
aware models. Time-aware models are specifically designed to answer questions
requiring precise timestamps within videos.

® \\We focus on correctly grounded queries, as evaluating consistency on incorrect
predictions is less meaningful. So we report both the absolute consistency score
(consistent predictions across the whole test set) and the relative consistency score
(normalized within accurately grounded predictions).

11



Experiments

Charades-CON

ActivityNet-CON

Method LLM # Frames

Ground R-Ground  S-Ground H-Verify C-Verify  Ground R-Ground  S-Ground H-Verify C-Verify
Open-source (general-purpose)
VideoChat2 [16] Vicuna-7B 16 7.2 5.4 (74.5) 1.0 (13.7) 3.8 (52.1) 3.6 (50.0) 10.5 8.7 (82.8) 0.6 (6.0) 5.6 (53.3) 54 (51.9)
Video-LLaVA [19] Vicuna-7B 8 9.4 7.6 (80.8) 2.8 (30.3) 5.0 (52.8) 4.7 (50.0) 13.4 10.0 (74.5) 3.1(23.0) 6.3 (46.9) 7.0 (52.3)
Video-LLaMA [40] Vicuna-7B 8 14.2 10.6 (74.9) 5.3(37.6) 7.5 (53.3) 7.3 (51.7) 12.8 8.5 (66.8) 7.2 (56.8) 7.3 (57.5) 7.5 (58.9)
Video-ChatGPT [23] Vicuna-7B 100 14.4 12.8 (89.2) 1.3 (8.8) 6.5 (44.8) 7.2 (50.0) 33 2.8 (84.0) 0.1(4.1) 1.7 (50.4) 1.6 (49.2)
Video-LLaMAZ2 [4] Mistral-7B 8 20.0 16.8 (83.8) 3.8(19.0) 103 (51.5) 10.6(52.9) 10.4 8.2(78.6) 15(148) 54(524) 5.7(54.7)
Open-source (time-aware)
VTG-LLM [8] Llama2-7B 96 26.0 16.1(62.1) 8.3(32.0) 6.0(23.1) 10.0(384) 6.8 5.3(78.0) 0.2 (3.0) 0.7 (10.9) 1.7 (24.9)
VTimeLLM [Y] Vicuna-7B 100 27.3 22.7(83.2) 73(269) 11.9(43.7) 13.6(49.8) 319 26.4(82.7) 89(279) 14.1(442) 15.8(49.5)
TimeChat [30] Llama2-7B 96 30.5 25.0(82.1) 5.6(18.5) 14.0(459) 15.6(51.2) 4.6 2.9 (64.1) 1.0 (21.2) 2.1 (46.7) 2.4 (52.2)
Closed-source
GPT-4o0 [1] - 10 28.5 21.2(74.3) 93(328) 17.8(624) 203(71.3) 268 18.1(67.5) 10.4(38.8) 16.5(61.7) 18.4(68.8)
Gemini 1.5 Flash [29] - 1 fps 346  29.7(85.7) 24.8(71.7) 228(65.8) 245(70.8) 37.8 30.8(81.4) 24.8(65.6) 22.4(59.3) 26.8(70.8)

Table 1. Consistency evaluation of Video-LLMs and closed-source models. The time-aware models are specifically designed to grasp

temporal moments. For each model, we specify the language model backbone (LLM) and the number of input frames (# Frames) used.

Relative consistency scores are in brackets. Video-LLMs often struggle to consistently respond to the probes, revealing their deficiencies in
reliable video temporal understanding. In contrast, the closed-source models demonstrate relatively superior consistency across all probes.

12



Experiments: Grounding

Method LLM

# Frames ¥ = = =

Charades-CON

ActivityNet-CON

: Ground : R-Ground  S-Ground H-Verify C-Verify : Ground ; R-Ground  S-Ground H-Verify C-Verify

Open-source (general-purpose) 1 . 1 .

VideoChat2 [16] Vicuna-7B 16 72 : 5.4(74.5) 1.0(13.7) 3.8(52.1) 3.6(50.0) % 105 : 8.7 (82.8) 0.6 (6.0) 56(533) 5.4(51.9)
Video-LLaVA [19] Vicuna-7B 8 : 94  7.6(80.8) 28(303) 5.0(52.8) 4.7(50.0) : 134 10.0(745) 3.1(23.0) 63(46.9) 7.0(52.3)
Video-LLaMA [40] Vicuna-7B 8 g 142 1106(749) 53(376) 75(533) 73(51.7), 128 1 85(66.8) 7.2(56.8) 13(57.5) 1.5(58.9)
Video-ChatGPT [23] Vicuna-7B 100 5 144 1n12.8(89.2) 1.3 (8.8) 6.5(448) 7.2(50.0) 4 33 1 28(84.0) 0.1(4.1) 1.7 (50.4) 1.6 (49.2)
Video-LLaMAZ2 [4] Mistral-7B 8 1 200 : 16.8(83.8) 3.8(19.0) 103(51.5) 10.6(529)1 104 : 8.2 (78.6) 1.5(148) 54(524) 5.7(54.7)
Open-source (ime-aware) : | : |

VTG-LLM [8] Llama2-7B 96 g 260 10l16.1(62.1) 83(320) 6.0(23.1) 100(384)y 68 1 53(78.0) 0.2 (3.0 0.7 (10.9) 1.7 (24.9)
VTimeLLM [9] Vicuna-7B 100 ¢ 273 ¥227(832) 73(269) 11.9(43.7) 13.6(49.8)r 319 9'26.4(82.7) 89(279) 14.1(442) 158(49.5)
TimeChat [30] Llama2-7B 96 : 30.5 : 25.0(82.1) 5.6(185) 14.0(459) 15.6(51.2) : 4.6 : 2.9 (64.1) 1.0(21.2) 2.1(46.7) 2.4(52.2)
Closed-source I i 1 I

GPT-4o0 [1] - 10 I 285 : 21.2(74.3) 93(328) 17.8(624) 203(71.3)n 268 : 18.1 (67.5) 10.4(38.8) 16.5(61.7) 18.4(68.8)
Gemini 1.5 Flash [29] - 1 fps : 346 [29.7(85.7) 24.8(71.7) 22.8(65.8) 24.5(70.8) : 37.8 [ 30.8(81.4) 24.8(65.6) 22.4(59.3) 26.8(70.8)

Table 1. Consistency evaluation of Video-LLMs and closed-source models. The fime-aware models are specifically designed to grasp

temporal moments. For each model, we specify the language model backbone (LLM) and the number of input frames (# Frames) used.

Relative consistency scores are in brackets. Video-LLMs often struggle to consistently respond to the probes, revealing their deficiencies in
reliable video temporal understanding. In contrast, the closed-source models demonstrate relatively superior consistency across all probes.

- The time-aware models demonstrate superior grounding performance compared to general-purpose models.

- However, some of them fall short on ActivityNet-CON.

- Closed-source models show superior performance on both datasets.

13



Experiments: Grounding Consistency

Method LLM  #Frames mmm—-- Charades-LON = = = = = AciatxNetLLON
Ground ; R-Ground  S-Ground 1 H-Verify C-Verify  Ground j R-Ground  S-Ground » H-Verify C-Verify

Open-source (general-purpose) : : : :
VideoChat2 [16] Vicuna-7B 16 12 54(745) 1.0(13.7) ¢ 3.8(52.1) 3.6(50.0) 105  8.7(82.8) 0.6(6.0) ¢ 56(533) 54519
Video-LLaVA [19] Vicuna-7B 8 94 5 7.6(80.8) 28(303) 1 50(52.8) 4.7(50.0) 134 10.0(74.5) 3.1(23.0) » 63(46.9) 7.0(52.3)
Video-LLaMA [40] Vicuna-7B 8 142 110.6(749) 53((37.6) " 75(53.3) 73(51.7) 128 1 85(66.8) 7.2(56.8) ¥ 7.3(57.5) 7.5(58.9)
Video-ChatGPT [23] Vicuna-7B 100 144 112.8(89.2) 1.3(88) ' 6.5(44.8) 7.2(50.0) 33 128(84.0) 0.1(4.1) ' 1.7(50.4) 1.6 (49.2)
Video-LLaMAZ2 [4] Mistral-7B 8 20.0 : 16.8 (83.8) 3.8(19.0) : 10.3(51.5) 10.6(52.9) 10.4 : 8.2 (78.6) 1.5 (14.8) : 54(524) 5.7(54.7)
Open-source (ime-aware) | ' | i
VTG-LLM [8] Llama2-7B 96 260 116.1(62.1) 8.3(32.0) : 6.0(23.1) 10.0(384) 6.8 153(78.0) 0.2 (3.0) : 0.7 (10.9) 1.7 (24.9)
VTimeLLM [9] Vicuna-7B 100 27.3 : 22.7(83.2) 73(26.9) , 11.9(43.7) 13.6(49.8) 31.9 :26.4 (82.7) 8.9(279) , 14.1(442) 15.8(49.5)
TimeChat [30] Llama2-7B 96 305 [25.0(82.1) 5.6(185) y 14.0(45.9) 15.6(51.2) 46 [ 29(64.1) 1.0(21.2) y 2.1(46.7) 2.4(52.2)
Closed-source i : i :
GPT-4o [1] - 10 28.5 : 21.2(74.3) 9.3(32.8) 4, 17.8(62.4) 20.3(71.3) 26.8 : 18.1(67.5) 10.4(38.8) y 16.5(61.7) 18.4 (68.8)
Gemini 1.5 Flash [29] - 1 fps 346 ;29.7(85.7) 248 (71.7)n 22.8(65.8) 24.5(70.8) 378 ,30.8(81.4) 24.8(65.6) 1 22.4(59.3) 26.8 (70.8)

Emmmm e mm - | Emmmm e mm - |

Table 1. Consistency evaluation of Video-LLMs and closed-source models. The fime-aware models are specifically designed to grasp
temporal moments. For each model, we specify the language model backbone (LLM) and the number of input frames (# Frames) used.
Relative consistency scores are in brackets. Video-LLMs often struggle to consistently respond to the probes, revealing their deficiencies in
reliable video temporal understanding. In contrast, the closed-source models demonstrate relatively superior consistency across all probes.

- All models behave relatively well in this probe, with a relative consistency score exceeding 60%, likely due to the use of
LLMs for language comprehension.

- All open-source models struggle to adapt their predictions to shifted moments, consistently showing lower scores than
In rephrased grounding. This suggests that they are less sensitive to visual variants than language variants.
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Experiments: Verification Consistency

Method LLM § Frames Charades-CQ[l N . Actnvntyl\et-ClQN. ......... .
Ground R-Ground  S-Ground , H-Verify C-Verify 1 Ground R-Ground  S-Ground , H-Verify C-Verify 1

Open-source (general-purpose) : : : :
VideoChat2 [16] Vicuna-7B 16 7.2 5.4 (74.5) 1.0(13.7) , 3.8(52.1) 3.6(50.0)s 105 8.7 (82.8) 0.6(6.0) ,56(533) 54(519)
Video-LLaVA [19] Vicuna-7B 8 9.4 7.6(80.8) 28(30.3) 4 5.0(528) 4.7(50.0)n 134 10.0(74.5) 3.1(230) 4 63(469) 7.0(523)1
Video-LLaMA [40] Vicuna-7B 8 14.2 10.6(749) 53(37.6) » 7.5(533) 73(51.7)V 128 8.5(66.8) 7.2(56.8) » 7.3(57.5) 75(589) ¢
Video-ChatGPT [23] Vicuna-7B 100 14.4 12.8 (89.2) 1.3(88) 1 65(448) 7.2(50.0) : 33 2.8 (84.0) 0.1(4.1) n1 1.7(50.4) 1.6 (49.2) :
Video-LLaMAZ2 [4] Mistral-7B 8 20.0 16.8 (83.8) 3.8(19.0) : 10.3(51.5) 10.6(52.9), 104 8.2 (78.6) 1.5 (14.8) : 54(524) 5.7(54.7) |
Open-source (ime-aware) | ' | i
VTG-LLM [8] Llama2-7B 96 26.0 16.1(62.1) 83(32.0) ¥ 6.0(23.1) 100 (38.4): 6.8 5.3(78.0) 0.2(3.00 ¥ 0.7(10.9) 1.7 (24.9) :
VTimeLLM [9] Vicuna-7B 100 27.3 22.7(83.2) 17.3(26.9) : 11.9(43.7) 13.6(49.8), 319 26.4 (82.7) 8.9(27.9) : 14.1 (44.2) 15.8(49.5),
TimeChat [30] Llama2-7B 96 30.5 25.0(82.1) 5.6(185) [ 14.0(459) 15.6(51.2)y 4.6 2.9 (64.1) 1.0(21.2) | 2.1(46.7)  2.4(52.2) y
Closed-source i : I :
GPT-4o [1] - 10 28.5 21.2(74.3) 9.3(32.8) : 17.8(62.4) 203(71.3)y 268 18.1 (67.5) 10.4(38.8) : 16.5 (61.7) 18.4(68.8),
Gemini 1.5 Flash [29] - 1 fps 34.6 29.7(85.7) 24.8(71.7) ,22.8(65.8) 245(70.8)x 37.8 30.8(81.4) 24.8(65.6) ;22.4(59.3) 26.8(70.8)n
h m = B E == E . l h m = B E == E . I

Table 1. Consistency evaluation of Video-LLMs and closed-source models. The fime-aware models are specifically designed to grasp
temporal moments. For each model, we specify the language model backbone (LLM) and the number of input frames (# Frames) used.
Relative consistency scores are in brackets. Video-LLMs often struggle to consistently respond to the probes, revealing their deficiencies in
reliable video temporal understanding. In contrast, the closed-source models demonstrate relatively superior consistency across all probes.

- All open-source models demonstrate near chance-level verification consistency (with relative consistency scores around 50%).
- Specifically, most models are only able to respond consistently for about half of their correct moment predictions, indicating
significant room for improvement in their verification consistency.
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Discussion and Solution

® Overall results suggest that Video-LLMs exhibit almost the same degree of
inconsistencies across the datasets, regardless of their particular designs.

® Here, we investigate how two common solutions: prompting and instruction tuning
with target datasets affect the model’s consistency.
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Prompting

® \\Ve devise two prompting methods.

® The first method, inspired by Chain-of-Thought (CoT), provides step-by-step guidance to solve the target
tasks. We describe each probe and offer instructions for tackling it sequentially.

® The second method is description prompting (Desc) that prompts the model to describe the video
content before attempting the target tasks.

Grounding / Rephrased Grounding / Shifted Grounding

- Your task is to predict the start and end times of an action or event described by a 3 333s  Ground-truth moment  55.1s

- query sentence based on the visual content of the video. Use Chain-of-Thought 3 G

- reasoning to break down the query, analyze key moments, and accurately identify the | Qo dEEe EDUIENEIN e,

~ time range where the action occurs. &id

é % Human A: The video shows two men in a gym setting. One man is sitting on

. . | a bench, while the other man is standing in front of him. The man

Hit# Chaln-of-Thought Reasonlng: sitting on the bench is holding a weight in his hands. The man \)

- 1. **Step 1: Parse the Query™*: Break down the query sentence to understand the key S e e T e S e e I >N

-~ action or event that you need to locate. } sitting on the bench is demonstrating how to use the weight. He is =

i - - - % showing the man sitting on the bench how to use the weight to -l

2. ™Step 2: Analyze the Video Features™: Examine the sequence of video frames to perfom? a specific oo : Video-ChatGPT

~ detect patterns that match the key action described in the query.

3. **Step 3: Identify the Temporal Boundaries**: Use temporal reasoning to find the | .

g . . 3 ‘ . Q: Please answer when the event 'The man then instructs the man

~ start and end frames of the action based on the video features. ~ holding the rope to pull the row down a few times and he's talking

*k . : . *k. - ¥ - . . the whole time.' occurs in the video. The output format should be:

4. S_tep 4: Prgdlct Start and End Times : Map the |d9nt|f|ed frames to timestamps in @B T ond seconds'. Please return its start tme and end tme.

~ the video, making sure the start and end times align with the query. Human

5. "*Step 5: Verify the Answer™*: Check if the predicted time range accurately captures A: The event 'The man then instructs the man holding the rope to \)

é i i i pull the row down a few times and he's talking the whole time' ——

' theactlondescrlbedmthequery. 7777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777 occurs at 00:01 - 00:03 seconds in the video. =
-l

Video-ChatGPT

Chain-of-Thought prompting Description prompting
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Prompting

‘;1 Video-LLaMA

' Video-LLaVA @ Video-LLaMA2 n2 VTG-LLM ﬁ VTimeLLM !' TimeChat

C-Ground C-Ground C-Ground C-Ground C-Ground C-Ground

S-Groung

Charades-CON

H-Verif

C-Verify C-Verify C-Verify C-Verify C-Verify C-Verify

C-Ground C-Ground C-Ground C-Ground

ActivityNet-CON

C-Verify C-Verify

Standard Prompting 0 Chain-of-Thought Prompting Description Prompting

- CoT demonstrates over a 5% improvement across all aspects of TimeChat on ActivityNet-CON.

- However, none of the prompting methods improve Video-LLaMA and VideolLLaVA on Charades-CON; in fact, they even
degrade the performance.

- Overall, the improvements are often unstable, underscoring the limitations of prompting alone in enhancing temporal
comprehension.
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Fine-Tuning

® For instruction tuning, we select one general-purpose model, Video-LLaMA, and
one time-aware model, TimeChat. Then, following their official configurations, we
conduct instruction tuning using pre-defined templates like “The given event occurs
from {start} to {end} seconds.”

---------------------------------------------------------------

----------------------------------------------------------------

'.— ----------------------------------

+ Localize the event “A person is putting :
' a book on a shelf” in the video, and
i return its start and end time.

....................................

Visual Input Human Instruction

19



Fine-Tuning

Charades-CON

ActivityNet-CON

Method FT
Ground R-Ground  S-Ground H-Venly C-Verify  Ground R-Ground  S-Ground H-Venly C-Venly

Video-LLaMA [40] X 142 106(749) 53(3376) 75(533) 73(51..7) 12.8 8.5(66.8) 7.2(56.8) 7.3(575) 7.5(589)
Video-LLaMA (w. CoT) X 5.0 1.3 (66.6) [.1(22.2] 29(58.7) 25(50.0) 10.2 6.9(680) 55(544) 62(615) 57(56.2)
Video-LLaMA (w. Desc) X 1.7 4.7(60.6) 1.5(20.0) 4.3(55.5) 4.2(55.0) 13.3 10.2(73.3) 3.1(222) 9.1(653) 89(64.1)
Video-LLaMA (w. IT) v 45.1  320(71.8) B89(19.7) 248(549) 234(518) 206 164(80.7) 65(320) 11.7(57.3) 11.1(54.1)
TimeChat [ 0] X 30.5 250(82.1) 5.6(185) 140(459) 15.6(51.2) 4.6 29(64.1) 1.0(21.2) 2.1(46.7) 24(522)
TimeChat (w. CoT) X 28.7 228(794) 7.1(246) 135(469) 144(50.2) 13.6 103(759) 7.3(53.6) 7.2(528) 74(544)
TimeChal (w. Desc) X 333 278(834) 7.3(22.0) 199(599) 20.6(61.8) 59 4.7(79.7) 07(119) 36(603) 36(614)
TimeChat (w. IT) v 558 509(91.3) 105(18.9) 16.7(30.0) 257(46.2) 253 202(804) 75(299) B8.7(345) 126(499)

Table 2. Consistency evaluation of Video-LLMs with the proposed solutions. Performance gains are highlighted in blue, while decreased
performances are shown in red. FT represents whether the model is fine-tuned. Compared to the previous solutions (i.e. CoT, Desc, and IT),

VTune demonstrates significant improvements for both grounding and consistency across the models and datasets.

- Instruction Tuning consistently boosts the model’s grounding performance but remains ineffective in improving consistency.
- Specifically, although IT significantly improves the grounding performance of TimeChat by 25.3% on CharadesCON, only a
marginal improvement of 2.7% is observed in holistic verification due to its low relative consistency score.

20



Event Temporal Verification Tuning (VTune)

® \We introduce Event Temporal Verification
Tuning (VTune) that aims to verify their
moment predictions.

® To achieve this, we intentionally changes
the information (i.e., content and
timestamps) in the query and ask the
model to recognize the changes and
correctly respond with reasoning.

Query: A person starts cooking.

Instruction Tuning (IT)

Grounding Query

Q: Localize the visual content described by the given textual query 'A person starts cooking’ in
. the video, and output the start and end timestamps.

.
.

- A: The given query happens in 12.4 to 27.0 seconds.

Event Temporal Verification Tuning (VTune)

Event Verification Query

........................................................................................................................................................................................

........................................................................................................................................................................................

.......................................................................................................................................................................................

.......................................................................................................................................................................................

- Q: Does the event 'The person is eating dinner at a table.' not happen from 12.4 to 27.0 seconds
_in the video?" .

e -

.......................................................................................................................................................................................

- A: Yes, the event 'The person is eating dinner at a table.' does not happen from 12.4 to 27.0
seconds in the video. We cannot see a person eating dinner; the individual is cooking.

.......................................................................................................................................................................................

.......................................................................................................................................................................................



Event Temporal Verification Tuning (VTune)

® \We demonstrate the effectiveness of VTune with extensive experiments.

Consistent performance improvements Ablation studies on VTune

Method FT Charades-CON ActivityNet-CON Method C E T Charades-CON
Ground R-Ground  S-Ground H-Verify C-Verify  Ground R-Ground  S-Ground H-Venfy C-Venlfy Ground Ground (0.7) R-Ground  S-Ground H-Venfy C-Venfy

Video-LLaMA [40] X 142 106(749) 53(376) 75(533) 73(51.7) 12.8 8.5(668) 7.2(56.8) 7.3(575) 7.5(589) v 45.1 233 320(71.8) B89(197) 248(549) 234(51.8)
Video-LLaMA (w.CoT) X 50  33(66.6) 1.1(222) 29(58.7) 25(500) 102  69(68.0) 55(544) 62(61.5) 5.7(562) Video-LLsMA « ¢ 488 27.8 35.1(71.9) 10.2(20.8) 28.0(574) 264 (54.1)
Video-LLaMA (w. Desc) X 1.7 4.7(60.6) 1.5(20.0) 4.3(55.5) 4.2(55.0) 13.3 10.2(73.3) 3.1(22.2) 9.1 (65.3) 8.9 (64.1) v 7/ 544 36.6 38.2(70.3) 10.9(20.0) 30.7(56.5) 30.0(55.2)
Video-LLaMA (. IT) v :5_1 ROOLE 89(197) 248(549) WAGLY 06 164607 650620 LIGTH LLLSLD = e o OBl 0E0ES EIBLD TG
Video-LLaMA (w. VTune) 544 38.2(70.3) 10.9(20.0) 30.7(56.5) 30.0(55.2) 33.0 24.7(74.8) 10.0(30.2) 20.2(61.1) 17.7(53.7) TimeChat S 7 76.2 523 68.7(90.1) 155(204) 404(53.0) 405(53.1)
TimeChat [ 0] X 30.5 250(82.1) 56(185) 140(459) 156(51.2) 4.6 29(64.1) 10(21.2) 2.1(46.7) 24(522) v 7/ 76.2 58.8 69.2 (90.8) 36.2(47.5) 448(58.8) 424(55.7)
TimeChat (w. CoT) X 28.7 228(794) 7.1(246) 125(469) 144(50.2) 13.6 10.3(759) 7.3(53.6) 7.2(52.8) 74(544)
TimeChat (w. Desc) X 333 278(834) 73(220) 199(599) 20.6(61.8) 5.9 4.7(79.7) 0.7(11.9) 3.6(60.3) 36(614)
TimeChat (w. IT) v/ 558 509(91.3) 105(189) 16.7(30.0) 257(46.2) 253  202(R804) 7.5(29.9) 87(345) 12.6(49.9) Table 4. Query effectiveness by [ype G represents grounding
TimeChat (w. VTune) v 76.2 69.2(90.8) 36.2(47.5) 448(58.8) 424(557) 374 28.3(75.6) 10.6(283) 19.6(52.3) 19.3(515)

queries, and E and T indicate event and temporal verification

Table 2. Consistency evaluation of Video-LLMs with the proposed solutions. Performance gains are highlighted in blue, while decreased queries. Addi[iona]]y we report “R@1, IoU=0.7" in Ground (07)
performances are shown in red. FT represents whether the model is fine-tuned. Compared to the previous solutions (i.e. CoT, Desc, and IT), ’ ’

VTune demonstrates significant improvements for both grounding and consistency across the models and datasets.

(A) (B)
50 - .__'_____.______'/“\. —e— Ground ——
State-of-the-art performances 701 27 Ut words
@ 40 o 601 u
N < s .C . % 4 —®&— Ground % ] =
Method Charades-STA ActivityNet-Captions % jz 1B ::éeride g 50 o — ot 3kz
R@1,0.5 R@1,07 R@L,05 R@1,07 2 roun 2 a0 g
Task-Specific Models - 20 - - 30 4 -
BM-DETR [11] 59.4 38.3 49.6 30.6 . e ) B
Mr.BLIP [2] 69.3 49.2 53.9 35.5 I e e il e
- 0 20 40 60 80 100 0 50 100 150 200
Video-LLMs Percent of event verification queries (%) Annotation scale (%)
HawkEye [32] 583 28.8 34.7 17.7
VTG-LLM [3] 57.2 334 - - Figure 1. Experiments on Charades-CON with TimeChat. (A):
Video-LLaMA [40] 35.0 18.6 25.2 14.4 - - :
VideoLLaMA (. VIme)  37.1 201 243 19.1 Performance evaluation across different ratios of event and tempo-
TimeChat [30] 16.7 3.7 280 158 ral verification queries. The total queries is fixed at 12k, matching
TimeChat (w. VTune) 584 anl 419 .7 the # of grounding queries in the original dataset. (B): Perfor-
Table 3. Fine-tuned performances on the original test sets. Task- mance evaluation across varying verification query scale.s. 100%
specific models are designed to perform only a single target task. scale corresponds to the performance of VTune reported in the pa- 22

VTune effectively improves grounding performance in both models. per. The number of unique words is a proxy for dataset diversity.



Conclusions

® \We have studied the consistency of Video-LLMs in temporal comprehension. We
design evaluation datasets corresponding to a series of dedicated probes to analyze
the consistency of Video-LLMs.

® Our findings show that most Video-LLMs exhibit inconsistent behaviors, unveiling
their significant deficiencies in reliable video temporal comprehension. We further
demonstrate the limitations of common prompting methods and instruction tuning
with target datasets, revealing their unstable improvements.

® To this end, we propose VTune, which performs instruction tuning by explicitly
encouraging consistency, demonstrating its significant improvement in both
grounding and consistency.
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Thank you for your attention!




