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Q1: Why did the child went to the corner
of the room and sat for some time?
A: read a book

Q2: What did the child play with near the
wardrobe at the end of the video? |
A: a strap

Q3: What was the child trying to do at
the end of the video?
A: touch the camera
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Fig. 1: Given a single video and three distinct questions targeting different temporal
moments, prior methods yield nearly identical temporal predictions regardless of ques-
tion intent. In contrast, GroundFormer produces three distinct segments, each aligned
with the event required to reason toward the corresponding answer.

Abstract. We study a critical yet overlooked failure mode in Grounded
Video Question Answering: question-invariant grounding, where models
predict nearly identical temporal segments for different questions about
the same video. We trace this behavior to two structural limitations
in prior common designs: (i) modality isolation that fixes video repre-
sentations before they receive question semantics, and (ii) weak ques-
tion injection inside the grounding module. To address this, we propose
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GroundFormer, which conditions video features on question intent before
localization via learnable communication tokens that mediate directed
visuo-lingual interaction. On top of the question-conditioned features, a
factorized MIL cross-attention couples answer selection with temporal
evidence under candidate-level supervision, while Gaussian smoothing
converts peaked attention into temporally coherent segments. We further
introduce a hierarchical multi-modal contrastive loss that aligns video,
question, and answer embeddings across a two-pass training pipeline.
GroundFormer achieves state-of-the-art grounded VideoQA performance
on NExT-GQA and STAR, substantially improving question-discriminative
temporal grounding.

Keywords: Grounded VideoQA - Question-Conditioned Grounding -
Weakly Supervised Temporal Localization

1 Introduction

Video Question Answering (VideoQA) [2,/4,/12,28] has emerged as a primary
benchmark for evaluating the multi-modal reasoning capabilities of vision-language
models (VLMs) [1,5,/14},/15/22|26]. Recent advances in large-scale pretraining of
large language models [6/10,17] have driven remarkable progress on the VideoQA
task, yet the BlindQA experiment [29] reveals that models without video in-
put achieve performance on par with state-of-the-art methods, suggesting that
predictions may reflect linguistic priors rather than visual understanding. This
experiment motivates Grounded VideoQA [29], which requires models to pro-
duce not only a correct answer but also the temporal segment from which it
is derived, ensuring that answers are grounded in visual evidence. However, we
identify a tendency that persists across existing methods [3,16,29]: question-
invariant grounding, where models produce nearly identical temporal predictions
for different questions within the same video.

As illustrated in Fig. [IJ when multiple questions target different temporal
events within the same video, existing methods such as NG+ [29] and CRA-
GQA |[3] collapse all predictions onto the same segment regardless of question
intent. Each question asks about a distinct moment, yet the predicted grounding
intervals are nearly indistinguishable across questions, revealing that previous
methods [3}|29] fail to condition on what each question asks. We attribute such
phenomena to two structural limitations: visual representations are fixed before
any question signal reaches them, and the question is reduced to a single token
at the grounding stage that is immediately absorbed by the dominant visual
stream. As a result, the grounding module operates on representations that are
blind to what each question asks.

In this work, we propose GroundFormer, a framework that addresses question-
invariant grounding by establishing a visuo-lingual communication pathway through
which question intent is propagated into visual representations. To counter modal-
ity isolation, we introduce learnable communication tokens that act as a bottle-
neck between the visual and linguistic branches: the tokens extract fine-grained
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question semantics from the linguistic stream and inject the captured intent

into visual encoding. To overcome the insufficient language signal in the ground-

ing module, we formulate Grounded VideoQA as a Multiple Instance Learning

(MIL) problem via cross-attention, where question-conditioned communication

tokens serve as queries and video tokens as keys and values, such that temporal

evidence is derived from question intent under candidate-level supervision alone.
In summary, our contributions are:

— We introduce learnable communication tokens as an explicit bottleneck be-
tween the visual and linguistic branches, enabling question intent to shape
video representations before grounding and alleviating modality isolation.

— We cast Grounded VideoQA as a multiple instance learning (MIL) problem
and propose a MIL cross-attention that couples answer prediction with tem-
poral evidence, producing question-conditioned localization from candidate-
level QA supervision alone.

— We achieve state-of-the-art Acc@GQA and grounding performance on NExT-
GQA and STAR, and PIoU and GT-Pred Correlation analyses confirm that

our grounding is more question-discriminative than prior methods.

2 Related Work

VideoQA. With the success of vision-language models (VLMs) [5}/13-15,[22],
VideoQA has advanced from simple action recognition to tasks requiring reason-
ing over event sequences, causal relationships, and temporal dependencies across
video [41|12}[20L24)[28]. Early approaches employed RNNs and CNNs |12}[23[[33],
while recent methods adopted transformer-based architectures [23}/30] and Q-
Former frameworks [13]/34] that couple frozen visual encoders with large lan-
guage models (LLMs) via learnable queries. Each generation improves QA ca-
pability, yet whether these gains reflect visual understanding or linguistic priors
inherited in the LLM backbone remains unresolved [29]. This ambiguity moti-
vates Grounded VideoQA, which requires not only a correct answer but also the
temporal evidence from which it is derived.

Grounded VideoQA. NExT-GQA [29] formalizes visually grounded VideoQA
by introducing temporal grounding as an explicit evaluation criterion under weak
supervision, where no grounding annotations are available during training. Sub-
sequent methods tackle this challenge from complementary perspectives. Time-
Craft |16] enforces cycle consistency between causally reversed Q&A pairs as a
self-supervised grounding signal, while CRA-GQA [3| applies causal intervention
to disentangle visual and linguistic confounders. QGAC-TR |[31] calibrates tem-
poral attention via contrastive objectives over visual and textual context; on the
generative side, Grounded-VideoLLM [25] augments the vocabulary with discrete
temporal tokens, and TOGA [9] couples timestamp prediction with open-ended
answer generation under weak supervision. Despite these efforts, our analysis
shows that existing methods often produce identical temporal grounding for dif-
ferent questions within the same video, which we attribute to late fusion of inde-
pendently encoded modalities. GroundFormer addresses this question-invariant
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Table 1: Question-invariant grounding analysis on NExT-GQA. Lower PIoU indicates
less collapse across questions; higher GT—Pred Corr. indicates better agreement with
the ground-truth pairwise overlap structure.

Metric NG+ |29] CRA-GQA |3] GroundFormer Ground Truth
PIoU | 85.7 88.9 28.2 21.3
GT-Pred Corr. 1 0.005 0.006 0.121 -

grounding by introducing learnable tokens for stronger visuo-lingual alignment
under QA weak supervision.

Weakly Supervised Learning for Temporal Grounding. In the absence
of frame-level annotations, Multiple Instance Learning (MIL) [7] treats each
video as a bag of temporal instances and identifies relevant segments from video-
level supervision alone. Prior MIL-based methods [8}/11}/19,]21] learn segment-
level representations by contrasting matched and mismatched visual-language
pairs, achieving competitive performance in video moment retrieval [19,/21] and
video grounding [8}|11]. However, these methods operate on declarative queries
(e.g., “A person throws a ball”) that explicitly describe the target event, whereas
Grounded VideoQA poses interrogative queries (e.g., “Why did the person throw
the ball?”) whose supporting evidence is only implicitly defined by the question—
answer relationship. Our approach is the first to adopt a MIL-based formulation
for Grounded VideoQA, coupling answer selection with temporal localization
through a cross-attention mechanism.

3 Motivation

Observation. Most existing Grounded VideoQA methods [3}{16})29] share a com-
mon grounding structure built upon a Gaussian-based localization module. Yet,
as Fig. [I]illustrates, the previous methods often show question-invariant ground-
ing, where models produce nearly identical temporal predictions regardless of the
questions. To quantify this behavior, we introduce two diagnostic metrics. Pair-
wise IoU (PIoU) measures the average temporal IoU between predictions for
different questions within the same video; high PIoU indicates invariant ground-
ing, while low PIoU indicates question-discriminative grounding. GT-Pred Cor-
relation (GT-Pred Corr.) complements PIoU by measuring whether predicted
overlaps vary in the same direction as ground-truth overlaps, computed as the
Pearson correlation between ground-truth and predicted pairwise IoU across the
dataset.

We evaluate PIoU and GT-Pred Corr. on NG+ [29] and CRA-GQA 3]
in Tab. [I] Both methods record PIoU of 85.7 and 88.9, far above the ground-
truth PIoU of 21.3, while their GT-Pred Corr. remains near zero (0.005 and
0.006). These results indicate that their grounding predictions are nearly indis-
tinguishable across questions, motivating our analysis of the common grounding
structure underlying this failure.
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Preliminary. Given an untrimmed video v, a question ¢, and answer candidates
A={ay,...,aa,}, avision encoder extracts frame-level features =, € REXT*Dv
from T sampled frames, where B is the batch size and Dy the visual feature
dimension. A language encoder produces embeddings x; € RE*Ln*LiXDL where
L,, denotes the number of candidates (question or answer) and L; is the max-
imum token length, and Dy, the language feature dimension. The pooled ques-
tion and answer embeddings, denoted z, and z,, respectively, are projected to
a shared dimension D. The methods then solve:

a*,t* = argmax ¥(a | v, q,A) D(t|v,q), (1)

a€A

where @ is a grounding module that estimates a temporal grounding distribution
t given (v, q), and ¥ predicts the answer from the localized evidence v;.

A representative grounding module #(¢ | v, q) injects the question into the
visual stream as a single token. Let x,, denote the question token; it is con-
catenated with T visual tokens to form [z,; z,,] € REX(THDXD 'which is then
sum-pooled to RE*P and passed through @ to regress Gaussian parameters for
temporal grounding:

(/1’7 02) = @(pOO].([iC,U; an])) P Bgauss = N(N7 02)7
Sattn — Linear(ggauss © xv) ) = (gattn N ggauss) .

(2)

Discussion. Based on our formulation of the common grounding structure
in Eq. , we identify two structural limitations that make the grounding module
@ prone to question-invariant behavior.

1. Modality isolation before &. Visual and linguistic branches encode inde-
pendently, and cross-modal interaction occurs only at a late stage. Conse-
quently, frame features carry only limited information about what the ques-
tion asks, leaving the grounding module ¢ to operate on question-agnostic
video features.

2. Insufficient linguistic signal inside @. The question is injected as a single
token among 7T visual tokens in [z,; z,,] € REXT+1)*D and is immediately
collapsed by pooling. With a 1:7T" imbalance, the question signal is easily
absorbed by the dominant visual stream, making the input to @ weakly
dependent on the question and falling back to question-invariant grounding.

These two limitations compound: modality isolation removes question seman-
tics from the visual features, while the weak linguistic signal prevents @ from
recovering question dependence later. As quantified in Tab. [} this drives ex-
isting methods toward question-invariant grounding. GroundFormer breaks this
pattern by conditioning visual representations on question semantics before &,
thereby restoring question-discriminative grounding (Fig. .

4 Approach

We propose GroundFormer, a framework that conditions visual encoding on
question semantics prior to the grounding module. The framework operates as
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Fig. 2: Overview of GroundFormer. Left: Prior methods [3}|16,29] weakly inject
question information into the grounding module, often collapsing different questions to
the same salient interval. Right: GroundFormer conditions video features on question
semantics via communication tokens (Linguistic Transfer — Visual Refinement) and
couples answer selection with temporal grounding using MIL Cross-Attention (token
queries, video keys/values), producing question-discriminative segments.

a two-pass pipeline that separates question understanding from answer predic-
tion (Sec. . Within each pass, learnable communication tokens bridge the
two modalities via Linguistic Transfer and Visual Refinement, and MIL cross-
attention derives a question-conditioned grounding signal from answer supervi-
sion alone; Gaussian smoothing then refines sparse attention peaks into tem-
porally coherent segments (Sec. . A two-pass pipeline further encourages
question-discriminative visual representations during training (Sec. , and the
model is optimized with classification and hierarchical multi-modal contrastive

objectives (Sec. [£.4).

4.1 Two-Pass Pipeline

GroundFormer performs two passes over shared weights. The question pass takes
question candidates as input, constructed by pairing the ground-truth question
with questions sampled from other videos in the mini-batch as negatives, and
identifies the most video-relevant question, encoding visual discriminativity with
respect to question semantics. The second pass takes answer candidates as input
and produces the answer prediction a along with the grounding signal. This dis-
entanglement allows the hierarchical multi-modal contrastive loss to encourage
question-discriminative visual representations. Note that despite the two-pass
pipeline, the design introduces no additional computational cost at inference, as
the two passes share weights and only the answer pass executes at test time.

4.2 Architecture

GroundFormer consists of two core components: learnable communication to-
kens that transfer question semantics into visual representations, and MIL cross-
attention that derives a question-conditioned grounding signal from answer su-
pervision. Fig. [3]illustrates the overall architecture and attention flow.
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Fig. 3: Details of GroundFormer. (1) Linguistic Transfer: communication tokens
z attend to language tokens x; under an asymmetric mask M; to absorb candidate se-
mantics. (2) Visual Refinement: video tokens z, attend to the distilled tokens Z
under M,, producing question-conditioned features #, while keeping tokens uncon-
taminated. (3) MIL Cross-Attention: token queries attend to video keys/values to
obtain attention logits, which are factorized into candidate and temporal distributions
(annd, Zn-me) whose product yields MIL scores and an implicit grounding signal. The
model is trained with losses for question matching (1st pass) and answer prediction
(2nd pass), together with type and multi-modal contrastive objectives.

Communication Tokens. GroundFormer introduces a set of communication
tokens z = [Ztype; Zquery| € REX(A+N)XD 45 a bottleneck between two modalities.
The [TYPE|] token ziype € REXIXD encodes a coarse question category and is
supervised by an auxiliary loss (Sec. ; this coarse prior guides the remaining
tokens to specialize across reasoning patterns. The N query tokens zguery €
REXNXD capture fine-grained question semantics and propagate the captured
intent to the visual representation through two steps: Linguistic Transfer and
Visual Refinement.

Linguistic Transfer first transfers candidate semantics into the communica-
tion tokens via asymmetric masked self-attention. A transformer layer concate-
nates z with z; along the token dimension, allowing z to attend to both z and
x; while z; attends only to itself:

EZSAl([Z; xl],Ml)|z. (3)

The asymmetric mask ensures that z captures candidate semantics while pre-
venting the communication tokens from corrupting the language representations.

Visual Refinement propagates the captured intent Z into the visual stream
via a second asymmetric masked self-attention layer. Concatenating x, with z,



8 J. Seo et al.

the layer allows x, to attend to both z, and z while Z attends only to itself

Ty = Sho([zy; 2], M,)| Z = Shy([zy; 2], M), (4)

T,
Each frame in Z, now encodes candidate-specific information, resolving the

modality isolation. The asymmetric mask keeps Z independent of visual con-
tent, and the updated Zguery serves as queries for the subsequent grounding step.
Weakly-Supervised Grounding via MIL Cross-Attention. We generate a
grounding signal from QA supervision alone using MIL cross-attention mech-
anism. We stack candidates along the L,, dimension, yielding intent queries
Zquery € RBXLnxNXD and question-conditioned visual tokens &, € REXLnxXTXD,
We compute cross-attention logits:

g: (2queryWQ) . (ijK)T c RBanxNxT

v Dy, ’

Ztime = softmaxr({), leand = softmaxy, ({), (5)
T
gmil = Z (gtime O) gcand) € RBXL"’XN'
t=1

Here, Crime distributes probability over frames for each candidate, acting as the
temporal evidence signal, while ¢.,,4 distributes probability over candidates at
each frame. Their element-wise product assigns a high score to a candidate only
when it is supported by frames that also receive high temporal attention; av-
eraging over time yields the MIL logit ir. This factorization binds the can-
didate score to its supporting frames, so Ciime SETVES as a grounding signal de-
rived from answer supervision. The cross-attention output aggregates visual evi-
dence weighted by #;me, and average pooling over the N query tokens produces
2 € RBXEnXD “which is fed to the classifier heads.

Grounding Refinement via Gaussian Kernel. MIL Cross-Attention pro-
duces a candidate-conditioned temporal distribution Ztime~ In the answer pass,
we take the temporal attention associated with the predicted answer a as the raw
grounding signal g, € RE*T. MIL factorization often concentrates attention
on the most discriminative frames, resulting in sharply peaked signals that can
fragment the predicted temporal segment. We therefore apply a 1-D Gaussian
kernel to smooth g+, into a temporally continuous segment.

k2
202

Go (k) = eXP(— > s Sgauss = Go * Satin, (6)

where k indexes the kernel position, * denotes 1-D convolution over the T frames,
and o controls the smoothing extent. We use ggquss to derive the final grounded
segment.

4.3 Hierarchical Multi-modal Contrastive Learning

Unlike declarative queries that directly describe a target event, interrogative
queries in Grounded VideoQA require an intermediate reasoning step: the model
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must first identify the relevant visual evidence before arriving at the answer. This
two-step reasoning naturally motivates a hierarchical alignment structure across
the two-pass pipeline. In the first pass, video embeddings are aligned with ques-
tion embeddings (V—Q), grounding visual representations in question semantics.
In the second pass, question embeddings are aligned with answer embeddings
(Q—A), binding the answer to the question-conditioned visual evidence. To-
gether, V—=Q—A alignment pulls video, question, and answer embeddings into
a coherent embedding space progressively, using in-batch candidates as negative
samples.

4.4 Training Objectives

GroundFormer is trained end-to-end with candidate-level supervision only. Each
pass is supervised by standard cross-entropy over its candidates using the pooled
representation 2. We additionally apply cross-entropy on the MIL logits Uit tO
ensure that the factorized scoring aligns with the ground-truth candidate:

»ans = CE(fQ(éQ)7yq) + CE(ZSMZZ’ y‘I) ’

i (")
Lans = CB(£4(2), ya) + CE (T )

where fg and f4 are the question and answer classifier heads, y, and y, are the
ground-truth indices.

The hierarchical multi-modal contrastive loss aligns embeddings progressively
across the two passes. Let #{ € RP denote the pooled video embedding from
the question pass for the i-th sample in a mini-batch of size B, f;“i € RP its
ground-truth question embedding, and 7 a temperature parameter. All B x Q,
question embeddings in the mini-batch form the contrastive pool, where :E{;m
is the m-th question-candidate embedding of the j-th sample. So the (V—=Q)
alignment is:

1 XB:I exp(sim(a?f}, i&”) /T)

Log=—= 0g —p3 — .
= Xim 227;1 exp(sim(z%, z3™) / 7)

B
Using the same anchor f;’i, the (Q—A) alignment is defined against all B x A,
answer embeddings:

(8)

B L
1 exp(sim(z*%, 1) /)
’CQa = _E ZIOg B A, 4 - 1. —im (9)
=1 Zj:l an:l exp(snn(mq y La ) /T)
Emcl = qu + Aan (1O>

The [TYPE] is supervised with an auxiliary classification loss:

Etype = CE(fT(ZtyptE)a Z/tym) ) (11)

where f7 is a linear classifier and y;,p. is the question category label provided
by each benchmark [27]28].
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The total loss combines all objectives:

L= Eans + ﬁqns + £mcl + Etype- (12)

5 Experiment

5.1 Experimental Setup

Datasets. We evaluate GroundFormer on two popular grounded VideoQA bench-

marks. NExT-GQA [29] targets causal and temporal reasoning through human-

annotated questions, while STAR [27] targets situated reasoning through pro-
grammatically generated questions.

— NExT-GQA [29] extends NExT-QA [28] with temporal grounding anno-
tations for the validation and test splits (10.5K annotated QA pairs), en-
abling evaluation of both answer correctness and evidence localization. Com-
pared to short-clip VideoQA benchmarks [41/12}/20] (~10s), it contains longer
untrimmed videos (avg. ~44s) and emphasizes causal and temporal reasoning
under weak supervision, spanning five question types: Causal-Why, Causal-
How, Temporal-Before& After, Temporal-When, and Temporal-Present.

— STAR [27] is a situated reasoning benchmark with 4,901 videos and 60,206
QA pairs, each annotated with a temporal segment. Videos average ~30s
with a segment-to-video ratio of ~0.4, roughly twice that of NExT-GQA.
Questions are categorized into four types: Interaction, Sequence, Prediction,
and Feasibility.

Evaluation Metrics. We report metrics for both answering and grounding. For

QA, we report Acc@VQA, the percentage of correctly answered questions. For

localization, we report mloU and mIoP between the predicted and ground-truth

temporal segments. Since Grounded VideoQA requires both a correct answer and
faithful grounding, we use AccQGQA as the primary metric. Following NExT-

GQA, Acc@GQA counts a prediction as correct only if the answer is correct and

the grounded segment achieves IoP > 0.5.

Implementation Details. We implement GroundFormer in PyTorch. For video
representation, we uniformly sample T=32 frames per video and extract features
using a frozen CLIP ViT-L/14 vision encoder [22]|. For text, we use a frozen
RoBERTa-base encoder [17] to embed questions and answer candidates. The
GroundFormer block consists of 4 transformer layers. We set the number of
learnable query tokens to N=32 and the Gaussian kernel to c=2. We train for
30 epochs with batch size 16 using AdamW [18], an initial learning rate of 1075,
and a cosine decay schedule. All experiments are conducted on RTX 3090 GPUs.

Baselines. We compare our method against grounding methods: PH 29|, NG+ [29],
TimeCraft [16], and CRA-GQA 3], while varying their base architectures with
different capacities: Temp[CLIP| [29] (130-145M) and FrozenBiLM |[32] (1.2B).
We also compare our method with QGAC-TR [31] using its own architecture for
Grounded VideoQA.



Bridging Question Intent to Temporal Evidence for Grounded VideoQA 11

Table 2: Comparison with state-of-the-art methods on NExT-GQA [29].

Arch. | Method | Param. | Acc@GQA | Acc@VQA | mloP  TIoP@0.3 TIoP@0.5 | mloU TIoU@0.3 TIoU@0.5

PH [29] 130M 15.2 59.4 24 282 2.5 6.6 9.3 41

NG+ [29] 130M 16.0 60.2 %7 314 2.5 12.1 175 8.9

Temp[CLIPT 29| rry o Crate [i6] | 130M 18.2 65.6 28.1 35.1 27.8 15.6 21.2 9.6

CRA-GQA [3] | 145M 18.2 61.1 286 343 28.5 142 214 10.6

PH [29] 1.2B 15.8 69.1 27 258 22.1 71 10.0 44

. ) NG+ [29] 1.2B 175 70.8 22 285 23.7 9.6 135 6.1
FrozenBiLM [32]

rozenBILM [32] | o Crate [16] | 1.2B 185 747 26.3 32.7 24.9 13.2 18.6 8.4

CRA-GQA [3] | 1.2B 18.8 70.2 2.5 326 25.9 135 201 9.6

QGAC-TR [31] B 183 63.6 283 328 w7 | 157 186 17

GroundFormer 211M 21.5 617 | 34.0 415 337 | 175 265 12.8

R N N NN R N RN RN
0:00 0:26 0:00 0:30

Q1: What does the baby do after turning his head? Q1: How does the baby get the piece of paper?
A: Look up smile and move hand A: Pick it up
| | | |
I I 1
Q2: How does the boy feel being on the bus? Q2: What does the baby in white do as the lady was unwrapping the gift?
A: Happy A: Watching
| |
| I |
Q3: what is the response of the boy as an adult touches his head? Q3: What does the lady do while the baby in white was sitting on the floor?
A: Turn around and smile A: Unwrap the present
|
{ '7 1
Groundtruth Groundtruth
Q3 Q2 Q1 Q3 Q2 Q1

Fig. 4: Qualitative comparison on NExT-GQA. For each video, we show three
questions (Q1-Q3) with their answers and the predicted grounding intervals, along
with the ground-truth segments (bottom). GroundFormer produces distinct, question-
conditioned temporal segments that follow the ground-truth ordering, whereas prior
methods collapse different questions onto similar intervals.

5.2 Comparison With State-of-the-Art Methods

We demonstrate the robustness of GroundFormer on two Grounded VideoQA
benchmarks [27,29]. Our framework achieves new state-of-the-art Acc@GQA
and temporal grounding across both datasets regardless of network capacity.

NExT-GQA. Tab.[2]compares GroundFormer with prior methods on the NExT-
GQA test set. GroundFormer achieves the best AccQGQA of 21.5, setting a new
state of the art with consistent gains in localization quality across all grounding
metrics and thresholds. While FrozenBiLM variants attain higher Acc@QVQA
(up to 74.7) due to their larger capacity, GroundFormer yields substantially
stronger grounded performance: it improves Acc@GQA (21.5 vs. 18.8), mloP
(34.0 vs. 26.5), and mlIoU (17.5 vs. 13.5) over the best FrozenBiLM baseline,
despite using only 17.6% of its parameters.
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Table 3: Comparison with state-of-the-art methods on STAR [27].

Arch. ‘ Method ‘ Acc@QGQA ‘ Acc@QVQA ‘ mloP@0.5 mloU@0.5
NG+ [29] 24.4 57.3 414 4.7
T LIP [2
empCLIP [29] ‘CRA-GQA i3] 26.8 58.6 445 5.5
. S NG+ [29] 25.8 60.1 40.9 7.8
FrozenBilM [32] ‘ CRA-GQA [3] 27.8 60.5 431 5.1
GroundFormer | 807 | 611 | 493 15.8

Table 4: Ablation on NExT-GQA. We factorize design choices into structural compo-
nents (two-pass training, communication tokens) and auxiliary components.

Structure ‘Auxiliary Components‘ QA ‘ Localization (IoP) ‘ Localization (IoU)

Two-pass Comm. mloP TIoP@0.3 TIoP@0.5 | mloU TIoU@0.3 TIoU@O.5

Liype Lmer Go MIL | AccQ@GQA Acc@QVQA

train tokens

v 14.8 58.5 26.5 33.3 24.8 14.7 21.9 10.6
v v 18.6 59.8 29.6 37.0 28.6 17.0 25.8 13.0
v v 4 19.0 60.4 30.5 37.9 30.2 16.9 25.8 13.2
v v v v 20.1 61.2 32.0 39.5 30.3 17.2 25.8 12,5
v v v v 7/ 20.8 61.2 32.4 39.3 32.0 16.5 25.0 12.0

v v v 15.7 58.2 26.7 32.8 25.9 14.6 21.8 10.8
v v v v 7/ v 21.5 61.7 34.0 41.5 33.7 17.5 26.5 12.8

Fig. [ further illustrates the benefit of GroundFormer’s question-conditioned

grounding capability. In the left example, three questions target temporally dis-
tinct events: Q3 asks about a reaction near the beginning, Q2 about a feeling
in the middle, and Q1 about an action toward the end. GroundFormer localizes
each question to a different temporal region that aligns with the correspond-
ing ground-truth segment. In the right example, three questions again refer to
separate moments, and GroundFormer produces three non-overlapping predic-
tions that match the ground-truth ordering. In both cases, NG+ and CRA-GQA
collapse all predictions onto a single interval regardless of the question. Thus,
our result confirms that GroundFormer ensures correct answers are derived from
accurately localized temporal evidence compared to baseline methods.
STAR. Tab. [3| demonstrates the generalization capability of GroundFormer on
STAR benchmark. Compared to existing methods under both TempCLIP [29]
and FrozenBiLM |[32]| architectures, GroundFormer establishes a new state-of-
the-art with an Acc@GQA of 30.7. The improvement is driven by robust tem-
poral grounding, as shown by an mIoP@0.5 of 49.3 and mIoU@0.5 of 15.8.

5.3 Analysis

How does each module contribute? Tab. [ summarizes how each design
choice contributes to question-conditioned grounding on NExT-GQA. Starting
from a baseline that uses a standard cross-attention grounding head (no com-
munication tokens or auxiliary objectives), we obtain 14.8 AccQGQA and 26.5
mloP. Introducing communication tokens with Linguistic Transfer and Visual
Refinement yields a large jump to 18.6 Acc@GQA and 29.6 mloP, confirming
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Table 5: Acc@GQA (%) by question type on NExT-GQA.

Method Causal Temporal
Why How  Before & After When  Present
NG+ [29] 16.9 17.2 12.0 17.5 10.8
GroundFormer (Ours) 22.2 23.1 17.3 25.8 12.9
60 ——————— " 0 e 0
— GQA % 10 10 10
- VQA ;
mloP ? 20 20 20
mlo
147M  169M  190M 21IM  232M  254M
0 0 0
1 2 4 8 16 32 64 1 2 3 15 6 1 2 3 1 5
(a) No. Tokens (b) No. Layers ©o

Fig.5: Hyperparameter sensitivity on NExT-GQA. (a) Number of learnable
query tokens N, (b) number of Transformer layers in the GroundFormer block, and (c)
Gaussian smoothing width o. We report AccQVQA, AccQGQA, mIoP, and mIoU.

that conditioning video features on question semantics before localization is crit-
ical. Adding our auxiliary objectives provides further gains: question-type super-
vision and the hierarchical contrastive loss improve AccQGQA to 19.0 and 20.1,
respectively, indicating that coarse reasoning priors and cross-modal alignment
are complementary. Finally, adding the localization heads (Gaussian smoothing
and MIL) strengthens localization and leads to the best overall performance.

We also ablate the two-pass training strategy in Tab. [l The second-to-last
row reports a single-pass variant trained using only the answer pass; in this
setting, the question-pass objectives (e.g., Lgns, Liype and the V—Q term in
Lmer) are not applicable. This single-pass training results in 15.7 Acc@GQA
and 26.7 mIoP. In contrast, enabling two-pass training by adding the question
pass activates the full hierarchical objectives and improves performance to 21.5
Acc@GQA and 34.0 mIoP (last row). Importantly, this gain comes without in-
ference overhead, since only the answer pass is executed at test time.

How does question type shape grounding? Tab. [5| reports Acc@QGQA per-
formance separately for each question types defined in NExT-QA |[28]: Causal
(Why, How) and Temporal (Before & After, When, Present). GroundFormer
outperforms NG+ across all five types, confirming that our question condition-
ing improves grounding across question types. In addition, we found that the
largest gains appear on Temporal-When (+8.3) and Causal-How (+5.9), both of
which demand precise temporal discrimination to locate a specific moment.

Hyperparameter sensitivity. Fig.[5|reports performance under different num-
bers of learnable tokens N, Transformer layers, and Gaussian kernel width o.
The Acc@GQA and mloP peak at N = 32, after which additional tokens yield
diminishing returns while increasing parameter count. Performance increases
steadily up to 4 layers and saturates thereafter. For o, the optimum lies at =2;
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Groundtruth
L
! i
0:00 [Q1.Q2] [Q3.4] 0:18
Q1: Why does the flags move violently on the outside? Q3: Why is the dog in the house?
A: Windy A: Stay dry
1.7-4.2s | ’ — = 7.7-11.2s
Q2: Why is lot of water streaming out from the top of the house? Q4: What did the dog do after looking into the camera
A: Raining A: Sit down

’ 2 | ’ ———————————————————————— - 7.7-11.2s l

Fig.6: Grounding for semantically similar questions. In the same video,
GroundFormer groups Q1-Q2 (outdoor weather) into an early interval and Q3-Q4
(indoor dog event) into a later interval, matching the ground-truth split. Shaded spans
indicate predicted grounded segments.

larger values over-smooth the temporal signal and degrade mloU. We adopt IV
= 32, 4 layers, and o = 2 throughout all other experiments.

How does grounding behave for similar questions? Fig. [(] shows that
GroundFormer produces consistent temporal grounding for semantically related
questions while remaining discriminative across different events within the same
video. Q1 (windy flags) and Q2 (rain streaming from the roof) both refer to
the outdoor weather, and GroundFormer grounds them in the early portion of
the video (0.1-6.2s), consistent with the ground-truth intervals (Q1: 1.7-4.2s;
Q2: 1.2-5.7s). In contrast, Q3 (dog stays indoors to stay dry) and Q4 (dog sits
after looking into the camera) target the later indoor event, and the predicted
grounding shifts to 7.2-11.7s, aligning with the shared ground-truth segment
(7.7-11.2s). These results suggest that GroundFormer’s temporal grounding fol-
lows question semantics rather than collapsing onto a single salient moment.

6 Conclusion

We identified question-invariant grounding as a key failure mode in weakly-
supervised Grounded VideoQA: existing methods produce nearly identical tem-
poral predictions regardless of question intent, a consequence of modality isola-
tion and weak question injection in the grounding module. To address this, we
proposed GroundFormer, which conditions visual tokens on question semantics
before localization via asymmetric masked attention and couples answer selec-
tion with temporal grounding through MIL Cross-Attention. To further bind
grounding to question intent, we introduce a hierarchical multi-modal contrastive
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objective that aligns video, question, and answer embeddings progressively along
a V=>Q—A. As a result, GroundFormer achieves state-of-the-art AccQGQA on
both NExT-GQA and STAR, with PIoU and GT-Pred Correlation analyses con-
firming substantially more question-discriminative grounding.
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