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Abstract001

Long Video Question Answering (LVQA) re-002
quires identifying sparse, query-relevant ev-003
idence within hours-long untrimmed videos.004
Existing approaches either process videos005
densely with large vision-language models006
(VLMs), incurring prohibitive computational007
cost, or rely on sparse caption-based reasoning,008
which often misses temporally localized and009
motion-centric evidence. We introduce TIME-010
PROVE, a cost-efficient hybrid framework011
for temporally grounded reasoning in long012
videos. TIMEPROVE first employs lightweight013
modules to generate action-grounded answer–014
evidence hypotheses and subsequently invokes015
an expensive VLM only for targeted veri-016
fication. The core of our framework lies017
in the Action-based Candidate Evidence018
(ACE) module, which converts temporally lo-019
calized actions into query-conditioned candi-020
date answers and supporting evidence windows021
through lightweight LLM reasoning. We fur-022
ther introduce OPENTSUBENCH (OTB), an023
open-ended benchmark designed to evaluate024
temporally grounded reasoning in real-world025
Activities of Daily Living (ADL) scenarios. Ex-026
periments show that TIMEPROVE outperforms027
the strongest baseline on OTB by 7.3%, while028
reducing VLM calls by 75% and inference cost029
by 93%. Furthermore, without explicit tempo-030
ral grounding training, TIMEPROVE achieves031
competitive performance on CHARADES-STA,032
and reaches state-of-the-art results when en-033
hanced with grounding VLMs.034

1 Introduction035

In long-form Activities of Daily Living (ADL)036

videos, the answer to a natural-language query may037

hinge on a few seconds of subtle visual evidence.038

Taking medication, sipping water, or picking up039

a small object can be easy to miss, and visually040

similar activities may differ only in fine-grained041

hand-object interactions. For example, answering042

“Has the person taken their medicine, and did they043

drink water afterwards?” requires finding the rele- 044

vant moments in a long video and analyzing them 045

closely enough to distinguish the intended actions. 046

This makes ADL Long Video Question Answer- 047

ing (LVQA) fundamentally different from short, 048

curated action recognition benchmarks (Soomro 049

et al., 2012; Liu et al., 2019; Shahroudy et al., 2016; 050

Das et al., 2019; Kay et al., 2017), where ∼10- 051

second clips usually contain a single prominent ac- 052

tion. Accurate LVQA therefore requires both tem- 053

poral search and fine-grained visual-language rea- 054

soning. Large VLMs (Zhang et al., 2025a; Reilly 055

et al., 2025; Wang et al., 2023; Bai et al., 2025; 056

Hurst et al., 2024) are effective for the latter, but 057

applying them directly to hour-long videos is often 058

impractical. For example, for a 60-minute video 059

sampled at 1 FPS, a VLM with a SigLIP-style 060

vision encoder (Zhai et al., 2023) at 384 × 384 061

resolution with patch size 14 produces approxi- 062

mately 729 visual tokens per frame. This yields 063

3600 × 729 ≈ 2.6 × 106 visual tokens before ac- 064

counting for text prompts, timestamps, or output 065

tokens. Thus, hour-long videos can consume more 066

than 2 million tokens, making full-video inference 067

difficult to scale. In practice, such inputs may ex- 068

ceed context limits, while cloud-based inference 069

further introduces latency and monetary cost (Co- 070

manici et al., 2025; Achiam et al., 2023). These 071

constraints motivate LVQA approaches that avoid 072

unnecessary processing of the full video while still 073

preserving the fine-grained visual evidence needed 074

for accurate answers. 075

A natural alternative to full-video VLM infer- 076

ence is to first caption the video (Pan et al., 2016; 077

Chen et al., 2023; Wang et al., 2023) and per- 078

form reasoning over the resulting text, which is 079

substantially cheaper to process than dense visual 080

tokens (Pan et al., 2016; Chen et al., 2023; Wang 081

et al., 2023, 2024, 2025d; Zuo et al., 2025; Ma et al., 082

2025; Kahatapitiya et al., 2025). However, the over- 083

all efficiency of such pipelines critically depends 084
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Figure 1: TIMEPROVE reduces long-video LVQA cost
by proposing query-relevant evidence locally before
VLM verification. Instead of processing the full video,
it sends only short targeted clips to the cloud VLM.

on the captioning model itself: while lightweight085

captioners can reduce computation, generating cap-086

tions with large VLMs may still require repeated087

expensive inference over long videos. Moreover,088

the effectiveness of such approaches depends crit-089

ically on whether the generated captions preserve090

the query-relevant evidence required for accurate091

reasoning. This is especially difficult in ADL ques-092

tion answering, where answers may hinge on brief,093

fine-grained actions rather than salient frame con-094

tent. Sparse captions often omit temporal ground-095

ing, subtle motion cues, hand-object interactions,096

or concurrent activities. Once such evidence is097

absent from the text, downstream LLM reasoning098

cannot recover it, leading to wrong responses.099

Thus, we propose a different paradigm: keep100

visual reasoning instead of converting the video to101

text, but restrict it to the moments where it mat-102

ters. We instantiate this idea with Time-aware103

Proposal and Verification (TIMEPROVE), a cost-104

efficient hybrid framework for temporal reasoning105

in long videos. Rather than exhaustively process-106

ing the entire video, TIMEPROVE first employs107

lightweight modules to identify answer-relevant108

evidence and subsequently invokes an expensive109

VLM only for targeted visual verification. As il-110

lustrated in Figure 1, TIMEPROVE consists of two111

components. The first is the Action-based Candi-112

date Evidence (ACE) module, which efficiently113

processes the full video in a single pass. ACE114

employs a lightweight temporal action detector115

to identify and localize actions, yielding a sparse 116

temporal action timeline describing what actions 117

occur and when they occur. Then, conditioned 118

on both the user query and this action timeline, a 119

lightweight LLM generates candidate answers to- 120

gether with supporting evidence windows, ranked 121

according to query relevance. These evidence win- 122

dows may correspond to individual actions or short 123

merged intervals when broader temporal context 124

is required. The second component is a Temporal 125

Verifier, which invokes an expensive VLM only 126

on selected short RGB evidence clips. Given a can- 127

didate answer and its associated evidence window 128

from ACE, the verifier determines whether suffi- 129

cient visual evidence supports the hypothesis. If 130

verified, TIMEPROVE returns both the answer and 131

its corresponding semantic and visual evidence; 132

otherwise, it proceeds to the next candidate. Con- 133

sequently, TIMEPROVE uses VLMs for targeted 134

verification rather than exhaustive search over long 135

videos. In practice, TIMEPROVE naturally sup- 136

ports a hybrid deployment setting, where ACE op- 137

erates locally on edge devices while the Temporal 138

Verifier leverages powerful remotely hosted VLMs. 139

Finally, existing LVQA benchmarks (Wang et al., 140

2025a; Wu et al., 2024) are largely restricted to 141

multiple-choice settings, where answer options 142

can implicitly guide evidence selection and tem- 143

poral grounding is not explicitly evaluated. There- 144

fore, we introduce OPENTSUBENCH (OTB), an 145

open-ended LVQA benchmark designed to evalu- 146

ate temporally grounded reasoning in real-world 147

ADL scenarios. OTB requires understanding across 148

both short atomic actions and long-horizon com- 149

posite activities, making it suitable for assessing 150

open-ended reasoning in unstructured home envi- 151

ronments. Empirically, TIMEPROVE outperforms 152

the strongest baseline on OTB by 7.3% while re- 153

ducing VLM invocations by 75% and lowering 154

inference cost by 93%. We further evaluate the 155

generality of our framework on a temporal ground- 156

ing task using CHARADES-STA dataset. Despite 157

not being explicitly trained for temporal grounding, 158

TIMEPROVE achieves performance comparable to 159

specialized temporal grounding VLMs. Moreover, 160

when temporal grounding VLMs are integrated 161

within the ACE module, TIMEPROVE achieves 162

state-of-the-art performance, demonstrating the ro- 163

bustness of our framework. Our key contributions 164

are summarized below: 165

• We introduce TIMEPROVE, a novel hybrid 166

framework that performs lightweight long- 167
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video temporal reasoning to generate action-168

grounded hypotheses and verifies only sparse169

RGB evidence using an expensive VLM.170

• We design the Action-based Candidate Ev-171

idence (ACE) module, the first module172

of its kind to transform detected actions173

into query-conditioned answer-evidence can-174

didates through lightweight LLM reasoning175

and structured reranking.176

• We introduce OPENTSUBENCH, an open-177

ended benchmark for temporally grounded178

LVQA in real-world untrimmed ADL videos.179

• TIMEPROVE achieves a 7.3% improvement180

over the strongest baseline on OTB while re-181

quiring substantially fewer VLM invocations182

and lower inference cost. Additionally, TIME-183

PROVE achieves state-of-the-art performance184

on temporal grounding for CHARADES-STA.185

2 Related Works186

Vision Language Models for Long Video Un-187

derstanding. Long Video VLMs face a token188

bottleneck, where naïvely, encoding untrimmed189

videos produces sequences that exceed the con-190

text window of any language model and dilute rel-191

evant evidence with irrelevant background. Ex-192

isting approaches for VLMs can be categorized193

into three main families. First, token compression194

methods such as LongVLM (Weng et al., 2024),195

VideoChat-Flash (Li et al., 2024), Bimba (Islam196

et al., 2025), and STORM (Jiang et al., 2025) hi-197

erarchically merge tokens within a fixed budget.198

Second, frame and token selection methods re-199

cast the problem as retrieval by ranking frames200

by query similarity (Liang et al., 2024; Zhang et al.,201

2025b), combinatorial coverage (Yu et al., 2024) or202

adaptive policies that decide how many frames to203

keep (Buch et al., 2025; Tang et al., 2025). A third204

category builds memory mechanisms (Song et al.,205

2024; Diko et al., 2025) by maintaining a bounded206

representation that updates incrementally. How-207

ever, in these methods the cost of inference scales208

with video length. Furthermore, token compres-209

sion discards rare evidence or fine-grained details,210

token selection is brittle to early selection errors211

and may fail to capture complex temporal depen-212

dencies across multiple distant frames. Memory213

based representations are sensitive to memory up-214

date strategies and are prone to information drift.215

TimeChat (Ren et al., 2024), TimeSuite (Zeng et al.,216

2024) introduce temporal grounding in VLMs by 217

training time-aware encoders. However, these 218

methods depend on dense timestamp-aligned in- 219

struction tuning datasets for training which is ex- 220

pensive for long videos. Time-R1 (Liu et al., 2025) 221

and Time-Zero (Wang et al., 2025c) attempt to re- 222

lax this by training with timestamp aware rewards, 223

but Reinforcement Learning on long videos is un- 224

stable and sample-inefficient. Complementary to 225

these approaches, TIMEPROVE routes the dense 226

computation to a lightweight local temporal action 227

detection module and reserves the VLM for verifi- 228

cation of short, query-relevant clips drawn from a 229

sparse action prior. 230

Agentic Frameworks for Long Video Under- 231

standing. Recently, agent-based frameworks for 232

long video understanding decouple the problem 233

into perception and planning where an external 234

LLM iteratively queries a VLM and accumulates 235

evidence until an answer is obtained. VideoA- 236

gent (Wang et al., 2024), LangRepo (Kahatapi- 237

tiya et al., 2025), VideoLucy (Zuo et al., 2025) 238

maintain a semantic store of captions and use 239

an LLM to extract the answer from the cap- 240

tions. VideoTree (Wang et al., 2025d) builds 241

a hierarchical query-adaptive tree of candidate 242

moments. More recent recursive grounding ap- 243

proaches such as RevisionLLM (Hannan et al., 244

2025) and AIR (Zou et al., 2025) progressively 245

refine temporal boundaries through reason-guided 246

iteration. However, in these systems the choice of 247

which frames to inspect is driven by an LLM oper- 248

ating on sparse captions or similarity scores, hence 249

it is detached from any learned visual prior over 250

which actions occur. Furthermore, the feedback 251

signal between iterations is unstructured chain-of- 252

thought rather than a grounded residual evidence 253

representation. In contrast to these frameworks, 254

TIMEPROVE selects candidate windows from a 255

learned action prior produced by an action detec- 256

tor. Additionally, the feedback loop is structured 257

by an explicit residual signal to the proposal gener- 258

ator for calibrating windows. Unlike prior agentic 259

systems, TIMEPROVE returns both semantic and 260

visual evidence to expose a provenance chain. 261

3 Method 262

In long video question answering (LVQA), the goal 263

is to answer a free-form natural language query q 264

over an untrimmed video V of duration L. Let V = 265

{ft}Tt=1 denote a sequence of T frames. A direct 266

approach is to use a large VLM to estimate a⋆ = 267
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argmaxa p(a | q, V ). However, applying a large268

VLM over an entire long video is prohibitively269

expensive, as the number of visual tokens scales270

with video duration.271

Therefore, rather than processing the entire272

video or repeatedly invoking the VLM across many273

candidate temporal segments, our goal is to iden-274

tify a small set of candidate windowsW = {wk =275

[sk, ek]}Kk=1, where ek − sk ≪ L, and verify only276

the most promising evidence. Consequently, we277

propose the Time-aware Proposal and Verification278

Framework, TIMEPROVE, a cost-efficient frame-279

work for LVQA. As shown in Figure 2, TIME-280

PROVE consists of two main components: (i) an281

Action-based Candidate Evidence (ACE) Mod-282

ule, which operates over the full video using283

lightweight models to obtain query-conditioned284

candidate hypotheses, and (ii) a Temporal Veri-285

fier, which performs fine-grained verification only286

on short RGB clips selected by ACE. This de-287

sign assigns broad temporal proposal generation288

to lightweight computation, reserving expensive289

VLM inference for targeted visual verification.290

3.1 Action-based Candidate Evidence (ACE)291

ACE serves as the lightweight component of TIME-292

PROVE. Its objective is to transform a long video293

into a compact temporal action representation that294

can be leveraged to generate candidate answer hy-295

potheses before invoking an expensive VLM. ACE296

consists of two submodules: (i) Action Detec-297

tor, which performs a single pass over the video298

to temporally localize actions, and (ii) Query-299

conditioned Proposal Generator, which employs 300

an edge LLM to reason over the localized actions 301

and produce query-conditioned candidate answers 302

along with corresponding evidence windows. 303

3.1.1 Action Detector 304

First, we divide the given video V into T contigu- 305

ous temporal segments. Following prior work in 306

temporal action detection (Dai et al., 2022a; Sinha 307

et al., 2026), each segment is encoded using a 308

frozen visual backbone such as I3D (Carreira and 309

Zisserman, 2017) or CLIP (Radford et al., 2021), 310

producing a feature sequence v ∈ RT×D, where D 311

is the feature dimension. 312

The Action Detection Module predicts action 313

probabilities over all temporal segments: 314

P = fact(v) ∈ [0, 1]T×|C|, (1) 315

where |C| denotes the number of action classes. 316

We threshold P and decode maximal contiguous 317

activations for each class into an event timeline: 318

A = {(ci, si, ei)}Ni=1, 0 ≤ si < ei ≤ L. (2) 319

Here, ci is the detected action label and [si, ei] is 320

its temporal extent in the original video. This time- 321

line provides a compact temporal structure over the 322

video, indicating which actions occur and when 323

they occur. Importantly, the full video is processed 324

only once by the lightweight Action Detection 325

Module. The original RGB frames are accessed 326

again only after the Action Detector selects a short 327

evidence window for cloud verification. 328
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3.1.2 Query-conditioned Proposal Generator329

The event timeline A provides a compact descrip-330

tion of which actions occur and when they occur.331

However, it is not directly tied to the user query.332

The role of the Proposal Generator is therefore to333

convert this local action structure into a small set334

of query-conditioned hypotheses that can later be335

verified by the VLM.336

Given the query q and the event timeline A, an337

edge LLM proposes candidate answers together338

with supporting temporal windows:339

Hq = {(ai, wi)}Mi=1, (3)340

where ai denotes a candidate answer and wi =341

[si, ei] denotes the corresponding evidence window.342

The Proposal Generator constructs these evidence343

windows at two levels of temporal granularity.344

First, for every detected event (ci, si, ei) ∈ A,345

we create an atomic evidence window, watom
i =346

[si, ei]. The set of all atomic windows is denoted347

by Watom = {watom
i }Ni=1. Atomic windows pre-348

serve the finest temporal resolution of the Action349

Detector and are useful when the query can be350

answered from a single localized action. How-351

ever, many LVQA queries require context beyond352

a single detected event. For example, questions353

involving concurrent actions, object interactions,354

or temporal relations may require observing mul-355

tiple neighboring or overlapping actions together.356

In order to capture such cases, the edge LLM is357

prompted with the query q and the event timelineA358

to identify groups of atomic windows that should359

be considered jointly.360

Let Gq = {Gj}Jj=1 denote the groups pro-361

posed by the edge LLM, where each group Gj ⊆362

{1, . . . , N} contains the indices of events that are363

relevant to the query. For each group Gj , we define364

a merged evidence window:365

wmerge
j =

[
min
i∈Gj

si, max
i∈Gj

ei

]
. (4)366

The set of all merged windows is denoted by367

Wmerge = {wmerge
j }Jj=1. Wmerge allows the Pro-368

posal Generator to adapt the temporal extent of the369

evidence to the query. For instance, for the question370

“What action did the person perform while drinking371

something?”, the LLM may merge the window cor-372

responding to drink with nearby or overlapping ac-373

tions such as read, producing an evidence window374

that contains the necessary context for verification.375

The final query-conditioned candidate window 376

set is then Wq = Watom ∪ Wmerge. Each win- 377

dow inWq is paired with a candidate answer pro- 378

posed by the edge LLM to form the hypothesis 379

setHq. This design preserves precise localization 380

through atomic windows while allowing the evi- 381

dence window to expand only when the query re- 382

quires broader temporal context. 383

Scoring and Reranking. The hypothesis set Hq 384

contains candidate answers paired with temporal 385

evidence windows. Although several hypothe- 386

ses may be plausible, sending each corresponding 387

RGB clip to the cloud VLM would be inefficient. 388

Therefore, before any visual evidence is transmit- 389

ted, the Query-conditioned Proposal Generator per- 390

forms a local ranking step that estimates how likely 391

each window is to contain the evidence needed to 392

answer the query. 393

LetA(w) denote the detected events overlapping 394

with window w = [sw, ew]. For each event a, T (a) 395

denotes the normalized content-token set derived 396

from its action label, containing lemmatized nouns 397

and verbs after stop-word filtering. We define the 398

window-level token set as T (w) =
⋃

a∈A(w) T (a), 399

and let Q(q) denote the corresponding content- 400

token set extracted from the query. The rank- 401

ing score combines four complementary criteria: 402

whether the window occurs at a temporally plausi- 403

ble position, whether it contains an action strongly 404

related to the query, whether it covers the query 405

concepts collectively, and whether it remains com- 406

pact enough for efficient verification. 407

Let τ = τ(q) denote the temporal intent inferred 408

from the query. We first compute a temporal com- 409

patibility score: 410

Rtmp(w, q) =



1− ew/L, τ = BEFORE,

sw/L, τ = AFTER,

1− sw/L, τ = FIRST,

sw/L, τ = LAST,

(ew − sw)/L, τ ∈ {BETWEEN, STATE},
1/2, otherwise.

(5) 411

This term acts as a soft temporal prior, biasing 412

the ranking toward windows whose positions are 413

compatible with the query intent. 414

Next, the semantic relevance score rewards the 415

strongest action-level match within the window: 416

Rsem(w, q) =
1

Zq
max

a∈A(w)
|Q(q) ∩ T (a)| , (6) 417

where Zq = max(|Q(q)|, 1). This best-match 418

form is useful for merged windows, since a highly 419
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relevant action should not be penalized simply be-420

cause the window also contains surrounding con-421

text. In contrast, the coverage score measures how422

much of the query content is represented by the423

window as a whole:424

Rcov(w, q) =
|Q(q) ∩ T (w)|

Zq
. (7)425

Thus, Rsem favors a strong local match, while Rcov426

favors windows that jointly cover multiple query-427

relevant concepts. Finally, we use Rlen(w) =428

(ew − sw)/L to penalize unnecessarily long clips.429

The final local ranking score is:430

R(w | q) = Rtmp(w, q) +Rsem(w, q)

+Rcov(w, q)−Rlen(w).
(8)431

Consequentially, sorting the candidates by this432

score yields:433

H∗
q =

[
(a(1), w(1)), . . . , (a(M), w(M))

]
, (9)434

where R(w(j) | q) ≥ R(w(j+1) | q) for j =435

1, . . . ,M − 1.436

This scoring function is the main mechanism437

that turns the raw action timeline into a query-438

conditioned hypothesis structure. Rather than treat-439

ing all detected events as equally relevant, it orga-440

nizes candidate answers by their temporal, seman-441

tic, and cost-aware compatibility with the query.442

Consequently, the top-ranked hypothesis serves as443

the most likely answer-evidence pair and is selected444

for expensive VLM verification.445

3.2 Temporal Verifier446

In TIMEPROVE, ACE efficiently narrows the447

search space, but the action timeline alone cannot448

capture all fine-grained visual details needed for449

answering, such as objects, attributes, interactions,450

and scene context. Therefore, TIMEPROVE uses451

a cloud VLM only as a verifier over selected short452

clips, rather than as a full-video reasoner.453

At verification step t, let (at, wt) be the highest-454

ranked unverified hypothesis fromH∗
q , where wt =455

[st, et]. We extract the corresponding RGB ev-456

idence clip Ṽt = V [st, et] and send only this457

clip, together with the query and candidate answer,458

to the VLM, (ct, ât, dt) = fvlm(Ṽt, q, at). Here,459

ct ∈ {0, 1} indicates whether the clip contains suf-460

ficient visual evidence, ât is the verified answer,461

and dt is the semantic evidence extracted from the462

clip.463

If ct = 1, TIMEPROVE returns:464

(a∗,S∗,V∗) = (ât, dt, Ṽt), (10)465

where a∗ is the final answer, S∗ is the semantic 466

evidence, and V∗ is the visual evidence clip. If ct = 467

0, the verifier rejects the hypothesis and proceeds to 468

the next candidate inH∗
q . The process stops when 469

a candidate is accepted or the verification budget is 470

exhausted. 471

4 OPENTSUBENCH (OTB) 472

LVQA is most useful when a model can not only 473

answer a question, but also identify the temporal 474

evidence that supports the answer. This require- 475

ment is especially important for ADL, where the 476

relevant evidence may occupy only a few seconds 477

within a long, visually redundant recording. Exist- 478

ing LVQA benchmarks often emphasize multiple- 479

choice evaluation, report aggregate accuracy with- 480

out diagnostic breakdowns, or omit precise tempo- 481

ral evidence. As a result, they make it difficult to 482

evaluate whether a model is genuinely grounded or 483

merely producing the right answer from language 484

priors or dataset biases. 485

Therefore, we introduce OPENTSUBENCH 486

(OTB), an open-ended, temporally grounded 487

QA benchmark built on the Toyota Smarthome 488

Untrimmed Dataset (TSU) (Dai et al., 2022b). 489

OTB contains 3,567 question-answer pairs over 185 490

untrimmed ADL videos, with an average video du- 491

ration of 21 minutes. Each question is paired with 492

one or more supporting temporal intervals, allow- 493

ing models to be evaluated both on answer cor- 494

rectness and on whether they localize the evidence 495

used to answer the question. 496

The benchmark is constructed from timestamped 497

TSU action annotations. We first canonicalize each 498

video into an action timeline, instantiate a library of 499

templated questions over the timeline, process them 500

into natural language using a constrained LLM, 501

and then filter them for ambiguity, triviality, and 502

redundancy. Full construction details, prompts, 503

filtering rules, and additional statistics are provided 504

in the Appendix. 505

5 System Evaluation 506

5.1 Implementation Details 507

For the Action Detector in ACE module, we use 508

MS-Temba (Sinha et al., 2026), a lightweight tem- 509

poral action detector with 17M parameters. Videos 510

are divided into contiguous 16-frame windows, 511

and segment-level features are extracted using ei- 512

ther CLIP-L/14 (Radford et al., 2021) or I3D (Car- 513

reira and Zisserman, 2017). MS-Temba is either 514

trained on Toyota Smarthome Untrimmed (Dai 515
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Table 1: Comparison with State-of-the-Art on OPENTSUBENCH.

Method LLM VLM Object Temporal Compositional State Long-Horizon OverallCentric Positioning Actions Transition Sparse Evidence

SFT-Based Frameworks
VideoLLaMA3 (Zhang et al., 2025a) Qwen 2 - 7.8 22.3 21.5 71.9 15.7 22.6
Qwen2.5-VL (Yang et al., 2024) Qwen 2.5 - 72.1 40.9 26.6 27.2 35.8 39.3
VideoChat-Flash (Li et al., 2024) InternLM2 - 63.6 36.4 29.3 66.7 29.7 37.8
VTimeLLM (Huang et al., 2024) LLaMA-2-7B - 55.8 27.0 32.5 65.9 29.7 33.1
TimeChat (Ren et al., 2024) LLaMA-2-7B - 62.8 30.7 13.1 55.7 21.2 30.4
Time-R1 (Wang et al., 2025b) Qwen2.5VL - 50.8 35.6 26.9 49.2 28.8 34.9
TimeSuite (Zeng et al., 2024) Mistral-7B - 68.2 31.4 23.9 80.9 26.7 35.4

Agentic Frameworks
VideoTree (Wang et al., 2025d) GPT-5.1 - 36.8 30.3 19.4 33.7 21.2 27.3
AVP (Wang et al., 2025e) GPT-4o GPT-4o 11.5 20.2 9.4 42.3 3.9 14.4
GPT-4o (Hurst et al., 2024) GPT-4o GPT-4o 27.9 27.3 9.4 67.7 11.2 23.8
Videoagent (Wang et al., 2024) GPT-4o GPT-4o 65.1 35.6 17.5 34.9 28.6 33.9

TIMEPROVE Gemma4-2B VLMA3 53.9 33.5 27.7 82.9 31.7 37.3
TIMEPROVE Qwen2-7B VLMA3 53.5 42.0 31.7 78.9 36.1 42.7
TIMEPROVE Gemma4-2B GPT-4o 49.2 47.9 37.1 70.3 35.7 45.1

et al., 2022b) or Charades (Sigurdsson et al., 2016),516

depending on the downstream benchmark, and pre-517

dicts class-wise action probabilities for each tem-518

poral segment. We threshold the probabilities at519

θ = 0.5 and decode contiguous activations into520

the event timeline used by ACE. For the Query-521

conditioned Proposal Generator, we use Gemma4-522

2B (DeepMind, 2026) and Qwen2-7B (Bai et al.,523

2023) to produce candidate answer-evidence pairs524

from the event timeline. For the Temporal Verifier,525

we evaluate VideoLLaMA3 (Zhang et al., 2025a)526

or GPT-4o (Hurst et al., 2024). We provide the527

complete prompts used for the Proposal Generator528

and the Temporal Verifier in the Appendix.529

5.2 Comparison with State-of-the-Art530

In Table 1, we compare TIMEPROVE with531

two families of methods, supervised fine-tuned532

(SFT) VLMs and agentic VLM-based frame-533

works. Among SFT-based methods, VideoL-534

LaMA3 achieves the lowest performance, while535

temporal grounding models such as TimeChat,536

VTimeLLM, Time-R1, and TimeSuite improve537

performance on specific categories through time-538

aware instruction tuning but remain limited overall.539

Interestingly, TIMEPROVE with VLMA3 as the540

verifier achieves stronger overall performance. Us-541

ing Gemma4-2B in ACE, TIMEPROVE achieves an542

improvement of 14.7% over the baseline with the543

same VLMA3 as Temporal Verifier. With Qwen2-544

7B in ACE, TIMEPROVE achieves further improve-545

ment of 5.4%, with gains across temporal position-546

ing, compositional actions, and long-horizon sparse547

evidence.548

Among the agentic frameworks, VideoAgent549

performs strongly on object-centric questions, but550

drops on state transitions and sparse-evidence rea-551

soning, suggesting that frame-level captioning can552

capture salient objects while missing temporally553

specific evidence. In contrast, TIMEPROVE with 554

GPT-4o as verifier achieves an improvement of 555

21.3% over the GPT-4o baseline and 11.2% over 556

VideoAgent. Furthermore, TIMEPROVE consis- 557

tently achieves a performance improvement on 558

Temporal Positioning and Long-Horizon Sparse 559

Evidence category, demonstrating its effectiveness 560

in capturing temporal dependencies among actions 561

in the long videos. 562

5.3 System Diagnosis 563

Effect of framework components. Table 2 ablates 564

the main components of TIMEPROVE. Without the 565

Action Detector, edge LLM, or scoring module, the 566

system reduces to a weak caption-style or unguided 567

baseline. Adding the Action Detector improves per- 568

formance considerably, showing that the detected 569

action timeline is a strong source of temporal struc- 570

ture. This validates the central assumption of our 571

approach that grounding evidence in temporally lo- 572

calized actions is essential for temporal reasoning 573

in untrimmed ADL videos. Adding the edge LLM 574

further improves performance by 3.6%. This gain 575

indicates that query-conditioned reasoning is neces- 576

sary to identify which temporal windows should be 577

merged to answer the query. Finally, incorporating 578

proposal scoring and reranking achieves the best 579

performance, indicating that heuristic-guided struc- 580

turing of candidate proposals before verification is 581

crucial for effective temporal reasoning. 582

Efficiency Analysis. Table 3 highlights the 583

accuracy-efficiency tradeoff among LVQA 584

methods. Caption-based and uniform-sampling 585

methods process much longer video duration 586

through repeated VLM calls, yet remain less 587

accurate. In contrast, full-video inference has 588

low latency but its comparable accuracy shows 589

that exposing the VLM to more video frames 590

does not necessarily yield better reasoning when 591
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Table 2: Ablating the Compo-
nents of TIMEPROVE.

Action
Detection

Proposal Generator Perf.
Edge Score
LLM Rerank

✗ ✗ ✗ 24.7
✓ ✗ ✗ 36.4
✓ ✓ ✗ 40.0
✓ ✓ ✓ 42.7

Table 3: Efficiency comparison of TIME-
PROVE with LVQA baselines.

Method Acc. # Calls Dur. Lat.

Caption-Based 24.7 16.8 1004.8 55.0
Uniform Sampling 34.7 16.8 1004.8 27.0
Full-Video 35.0 1.0 180.0 17.6
Retrieval-Based 33.9 7.0 10.0 35.0
TIMEPROVE 44.8 8.3 123.6 18.7 𝑅 !"
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Figure 3: Scoring Metrics

evidence is sparse. Retrieval-based selection592

is efficient in processed duration, but its low593

performance suggests that generic retrieval often594

misses action-relevant evidence. In contrast,595

TIMEPROVE achieves the best accuracy with596

minimal latency overhead, because ACE narrows597

the search before VLM verification. This shows598

that the key efficiency gain is not merely reducing599

calls or duration in isolation, but selecting clips600

that are likely to contain the answer.601

602 Table 4: Temporal Grounding on Charades-STA
Method R1@0.3 R1@0.5 R1@0.7

VideoChat2 (Li et al., 2023) 9.6 3.4 1.4
TimeChat (Ren et al., 2024) - 32.2 13.4
VTimeLLM (Huang et al., 2024) 51.0 27.5 11.4
ChatVTG (Qu et al., 2024) 52.7 33.0 15.9
TimeSuite (Zeng et al., 2024) 69.9 45.3 24.0
Time-R1 (Liu et al., 2025) 77.7 61.5 36.8
TIMEPROVE (+ Action Detector) 52.1 27.3 10.7
TIMEPROVE (+ TimeSuite) 71.2 50.1 24.6
TIMEPROVE (+ Time-R1) 78.2 62.0 36.1

Effect of scoring metrics. Figure 3 evaluates the603

drop in performance on the ablation of each term604

in the local ranking score. The full scoring func-605

tion performs best, showing that effective evidence606

selection requires combining temporal, semantic,607

and cost-aware cues. Temporal compatibility is the608

most influential since removing it causes the largest609

drop and brings performance close to the no scor-610

ing variant. This demonstrates that for long-video611

temporal reasoning, it is important for the evidence612

window to be consistent with the temporal intent613

of the query. Additionally, the remaining terms614

contribute complementary improvements, substan-615

tiating that all components of the ranking mecha-616

nism are essential for refining the final ordering of617

candidate hypotheses.618

5.4 Generalization to Temporal Grounding619

Although TIMEPROVE is specifically designed for620

open-ended LVQA, its intermediate representation,621

i.e., localized evidence window from ACE, is in-622

herently temporal. This makes it natural to ask623

whether the same mechanism can transfer to tem-624

poral grounding, where the task is to localize the625

interval corresponding to a language query. We626

evaluate this on Charades-STA in Table 4. Comple-627

mentary to LVQA, Charades-STA evaluates short, 628

free-form temporal grounding rather than open- 629

ended reasoning over long ADL videos. Accord- 630

ingly, TIMEPROVE with only the Action Detector 631

is limited at stricter IoU thresholds, since action 632

detectors provide event-level segments rather than 633

the fine boundary alignment required by tempo- 634

ral grounding. Nevertheless, this variant remains 635

competitive with several general video-language 636

grounding models, suggesting that action timelines 637

provide useful temporal structure even beyond the 638

target LVQA setting. Notably, while strong base- 639

lines such as TimeSuite and Time-R1 achieve com- 640

petitive performance on CHARADES-STA, they 641

substantially underperform on OTB, highlighting 642

the challenges posed by temporally grounded rea- 643

soning in long ADL videos. 644

Moreover, TIMEPROVE is not tied to a specific 645

detector. When combined with stronger temporal 646

localization backbones, it improves over TimeSuite 647

by 1.3, 4.8, and 0.6 points respectively. With Time- 648

R1, it further improves the looser and medium 649

IoU thresholds while remaining comparable at the 650

strictest threshold. These gains indicate that ACE 651

acts as a reusable query-conditioned evidence se- 652

lection layer that can plug into stronger temporal 653

grounding modules to improve evidence localiza- 654

tion beyond answer generation. 655

6 Conclusion 656

We propose TIMEPROVE, a cost-efficient frame- 657

work for temporally grounded LVQA. Instead 658

of processing an entire long video with a 659

VLM, TIMEPROVE uses ACE to generate action- 660

grounded answer–evidence hypotheses and invokes 661

an expensive VLM only for targeted verifica- 662

tion of short RGB clips. We further introduce 663

OPENTSUBENCH, an open-ended benchmark for 664

evaluating temporal reasoning in real-world ADL 665

videos. Experiments show that TIMEPROVE im- 666

proves accuracy while substantially reducing VLM 667

calls and inference cost, and further generalizes to 668

temporal grounding when combined with stronger 669

temporal localization modules. 670
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7 Limitations671

TIMEPROVE assumes that the answer-relevant evi-672

dence can be captured by a small number of local-673

ized or merged action windows. This is well suited674

to ADL-style reasoning, but questions requiring dif-675

fuse scene understanding over very long intervals676

may require broader evidence aggregation. Addi-677

tionally, while TIMEPROVE substantially reduces678

VLM usage, the final verification step still depends679

on the visual reasoning ability of the chosen VLM.680

Improving adaptive evidence aggregation, and veri-681

fier calibration are promising directions for future682

work.683
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Appendix1000

Overview1001

The Supplementary material is organized as fol-1002

lows:1003

• Section A: TIMEPROVE’s robustness to noisy1004

Action Priors.1005

• Section B: Evidence Grounding Capability of1006

TIMEPROVE1007

• Section C: OpenTSUBench (OTB): Construc-1008

tion and Evaluation Details1009

• Section E: Prompts1010

• Section D: Algorithmic Framework of TIME-1011

PROVE1012
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Figure 4: Effect of boundary and label noise on Accu-
racy and number of VLM calls.

A TIMEPROVE’s robustness to noisy1013

Action Priors1014

Since TIMEPROVE uses the ACE module to con-1015

struct candidate evidence windows from an action1016

timeline, it is important to understand the sensi-1017

tivity of the framework to imperfect action detec-1018

tion. We therefore evaluate TIMEPROVE under1019

corrupted event timelines. Starting from the de-1020

tected timeline A = {(ci, si, ei)}Ni=1, we intro-1021

duce two types of perturbations at increasing noise1022

levels. For label noise, we randomly replace the1023

action labels ci of a fraction p of events with la-1024

bels sampled from the remaining action vocabu-1025

lary, while keeping their temporal boundaries fixed.1026

For boundary noise, we perturb each event bound-1027

ary as s̃i = si + ϵsi and ẽi = ei + ϵei , where1028

ϵsi , ϵ
e
i ∼ N (0, σ2), followed by clipping to the1029

valid video range and enforcing s̃i < ẽi. We con- 1030

duct this analysis on a randomly sampled subset of 1031

1000 QA pairs from OTB. 1032

Figure 4 demonstrates TIMEPROVE’s effective- 1033

ness in the absence of perfect action timeline. 1034

Boundary perturbations have only a limited impact 1035

up to moderate corruption levels, indicating that 1036

ACE can still propose windows that overlap with 1037

the relevant evidence even when temporal bound- 1038

aries are imprecise. Label noise is more challeng- 1039

ing because it directly affects query-conditioned 1040

proposal generation and reranking; nevertheless, 1041

the performance drop remains bounded. This is 1042

because the Temporal Verifier does not rely solely 1043

on action labels, it validates the selected RGB clip 1044

with the VLM before producing the final answer. 1045

These results show that the local action timeline 1046

acts as an efficient guide for evidence selection, 1047

while final prediction remains grounded in visual 1048

verification, making TIMEPROVE robust to imper- 1049

fections in the local temporal model. 1050

Table 5: Evidence Grounding on OTB

Temporal Captioning TIMEPROVEGrounding Based

NA 9.1 22.3

B Evidence Grounding Capability of 1051

TIMEPROVE 1052

Table 5 evaluates the quality of the temporal ev- 1053

idence selected by TIMEPROVE on OTB. Al- 1054

though temporal-grounding methods are trained 1055

with timestamp-based instruction-tuning data, they 1056

fail to reliably localize evidence in long, untrimmed 1057

ADL videos. Captioning-based approaches provide 1058

a stronger point of comparison: they partition the 1059

video into fixed-size clips, generate timestamped 1060

clip-level captions, and aggregate them into a video- 1061

level description, allowing each answer to be traced 1062

back to the corresponding captioned clip. We report 1063

the temporal IoU between the selected evidence 1064

and the ground-truth evidence intervals, using a 10- 1065

second buffer around the reference window. TIME- 1066

PROVE achieves a tIoU of 22.3, more than twice 1067

that of the captioning-based baseline. This result 1068

shows that ACE identifies answer-relevant evidence 1069

more precisely than dense captioning, despite oper- 1070

ating through lightweight action-grounded propos- 1071

als rather than exhaustive caption generation. 1072
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Table 6: Comparison of OTB with contemporary long-video QA benchmarks. “Temporal GT” indicates presence of
ground-truth supporting intervals. “Open-ended” indicates free-form answers rather than multiple choice. “Multi-
interval” indicates support for answers that depend on temporally separated evidence.

Benchmark Avg. len. Open-ended Temporal GT Multi-interval Stratified Domain

AGQA (Grunde-McLaughlin et al., 2021) 30 s ✓ ✗ ✗ ✗ ADL
ActivityNet-QA (Yu et al., 2019) 3 min ✓ ✗ ✗ ✗ internet
NExT-QA (Xiao et al., 2021) 44 s ✗ (MCQ) weak ✗ ✓ social
Video-MME (Fu et al., 2025) 17 min ✗ (MCQ) ✗ ✗ ✓ varied
MLVU (Zhou et al., 2025) 12 min partial partial ✗ ✓ varied
LongVideoBench (Wu et al., 2024) 12 min ✗ (MCQ) weak ✗ ✓ varied

OTB (ours) 21 min ✓ ✓ ✓ ✓ ADL

1 Temporal Positioning
reason about event order

What action happened between taking something off the 
table and putting something on the table?

A. Drink from bottle
Evidence 20.60–21.35s: drink from bottle

2 Long-Horizon Sparse Evidence
link distant evidence across time

What action happened between using laptop and walking?

A. Get up
Evidence 7.81–16.80s: get up between laptop use and walking

3 Object-centric Action
identify object involved in an action

What container did the person pour from?

A. Bottle
Evidence 175.47–176.31s: pouring action involving a bottle

4 Concurrent Activity
detect simultaneous actions

What other action did the person perform while reading?

A. Drink from glass
Evidence 121.23–124.12s: reading overlaps with drinking from glass

5 State Transition
recognize physical state/posture

What is the person’s posture at the end of the video?

A. Sitting
Evidence End of video: visible seated posture in the final frames

Question Distribution by Category

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

3567

Temporal Positioning
Long-Horizon Sparse 
Evidence Positioning

Object-centric Action

Concurrent Activity

State Transition

Figure 5: Overview of OPENTSUBENCH (OTB)

C OpenTSUBench (OTB): Construction1073

and Evaluation Details1074

In this section, we describe OPENTSUBENCH1075

(OTB), an open-ended and temporally grounded1076

benchmark for long-horizon Activities of Daily1077

Living (ADL) video question answering. Existing1078

LVQA benchmarks often evaluate models through1079

multiple-choice questions, where answer options1080

can implicitly guide both reasoning and tempo-1081

ral localization. In contrast, OTB is designed to1082

evaluate whether a model can answer free-form1083

questions and identify the temporal evidence that1084

supports its answer, as demonstrated in Table 6.1085

To this end, each question in OTB is paired with1086

one or more supporting video intervals, allowing1087

us to evaluate both answer correctness and tem-1088

poral grounding. Figure 5 illustrates OTB and its1089

different strata.1090

Source Data. OTB is built on Toyota Smarthome1091

Untrimmed (TSU) (Dai et al., 2022b), which con- 1092

tains untrimmed ADL videos with dense tempo- 1093

ral annotations. The videos cover everyday ac- 1094

tivities such as preparing drinks, cooking, eating, 1095

taking pills, cleaning, posture changes, and device 1096

use. Since these activities often overlap and vary 1097

substantially in duration, TSU provides a realistic 1098

testbed for long-video temporal reasoning. We use 1099

the timestamped action annotations as the struc- 1100

tural basis for question generation, so every ques- 1101

tion remains linked to the action event or events 1102

that justify its answer. 1103

Benchmark Construction. We construct OTB 1104

through a pipeline, following standard bench- 1105

marks (Li et al., 2023), that preserves the temporal 1106

structure of TSU while producing natural open- 1107

ended questions. 1108

First, we canonicalize the raw annotations into 1109

an event timeline, where each event contains an 1110
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Algorithm 1 TIMEPROVE: Local action-guided proposal and temporal verification for LVQA.
Require: Video V , question q, Action Detector fact, edge LLM fllm, cloud VLM fvlm, verification budget M .
Ensure: Answer a∗, semantic evidence S∗, visual evidence V∗.

Local Action-based Candidate Evidence (ACE)
1: v ← EXTRACTFEATURES(V )
2: P← fact(v) ▷ Predict segment-level action probabilities, Eq. 1
3: A ← DECODETIMELINE(P, θ) ▷ Construct event timeline, Eq. 2
4: Watom ← {[si, ei] : (ci, si, ei) ∈ A}
5: Gq ← fllm(q,A) ▷ Query-conditioned grouping of action windows
6: Wmerge ← MERGEWINDOWS(Gq,A) ▷ Eq. 4
7: Wq ←Watom ∪Wmerge

8: Hq ← GENERATEHYPOTHESES(fllm, q,A,Wq) ▷Hq = {(ai, wi)}Mi=1

9: H∗
q ← SORT(Hq;R(w | q)) ▷ Scoring and reranking, Eq. 8

Cloud Temporal Verification
10: for t = 1 to min(M, |H∗

q |) do
11: (at, wt)← H∗

q [t], wt = [st, et]

12: Ṽt ← V [st, et] ▷ Extract selected RGB evidence clip
13: (ct, ât, dt)← fvlm(Ṽt, q, at) ▷ Verify candidate answer, Eq. ??
14: if ct = 1 then
15: S∗ ← dt, V∗ ← Ṽt

16: return (ât,S∗,V∗)
17: end if
18: end for
19: return FALLBACK(H∗

q) ▷ Return best available candidate if budget is exhausted

action label, start and end frame, temporal neigh-1111

bors, and semantic tags such as food, cleaning,1112

posture, device, and container. Overlapping1113

actions are retained rather than collapsed, since1114

concurrency is common in ADL videos and of-1115

ten necessary for answering questions. Next, we1116

instantiate syntactic templates over the canonical1117

timeline. Each template is tied to one stratum and1118

parameterized by event indices, so the supporting1119

interval is known at generation time.1120

Then we subsample the generated pool to bal-1121

ance template type, stratum, video, target action,1122

and answer type. An LLM is used to formalize1123

the retained questions while preserving event ref-1124

erences, answer semantics, and temporal support.1125

Finally, we filter questions with ambiguous ref-1126

erences, trivial answers, near-duplicate wording,1127

unreliable temporal adjacency, or paraphrases that1128

alter meaning. To validate the QA construction,1129

two human annotators audit the benchmark for an-1130

swer correctness, temporal support, and stratum1131

assignment.1132

Thus each question is paired with supporting1133

intervals {[sj , ej ]}
mq

j=1. Some questions require a1134

single localized event, while others require multiple1135

intervals, such as verifying that one action occurs1136

after another. These annotations are aimed to dis-1137

tinguish models that merely answer correctly from1138

those that actually retrieve the relevant evidence.1139

D Algorithmic Framework of 1140

TIMEPROVE 1141

Algorithm 1 demonstrates the algorithmic Frame- 1142

work of TIMEPROVE. 1143

E Prompts 1144

"You decide which detected actions from the numbered list should be merged into one 
temporal evidence span to answer the question. Output a single JSON object only, no 
markdown fences or commentary. Schema: {\"merge_groups\": [ {\"action_indices\": [int, ...], 
\"why\": string } ]}. Each entry lists 0-based indices that belong together for answering the 
query; you may merge non-neighboring indices if the question calls for joint evidence. Include 
only groups with at least two indices; omit unrelated actions and omit singletons.”

"Write exactly three detailed sentences describing this video clip. Focus on: (1) what actions 
occur, especially by any people; (2) the main objects and scene elements visible; (3) how 
people interact with objects (handling, using, moving, or contacting them). Be concrete and 
specific. Use exactly three sentences.
Write exactly three sentences describing ONLY what is visible in this clip. Prefer details that 
help answer the question: actions, involved objects, spatial relations, and event order. If the 
clip does not show enough evidence for the question, still describe the clip faithfully and note 
that the answer cannot be determined from this clip alone. Do not provide the final answer 
directly; provide an evidence-focused description."

Action Conditioned Evidence (ACE)

Temporal Verifier

Figure 6: Prompts for ACE and Temporal Verifier in
TIMEPROVE
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