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Abstract

Despite recent advances, Text-to-video retrieval (TVR) is
still hindered by multiple inherent uncertainties, such as
ambiguous textual queries, indistinct text-video mappings,
and low-quality video frames. Although interactive systems
have emerged to address these challenges by refining user
intent through clarifying questions, current methods typi-
cally rely on heuristic or ad-hoc strategies without explicitly
quantifying these uncertainties, limiting their effectiveness.
Motivated by this gap, we propose UMIVR, an Uncertainty-
Minimizing Interactive Text-to-Video Retrieval framework
that explicitly quantifies three critical uncertainties-text am-
biguity, mapping uncertainty, and frame uncertainty-via
principled, training-free metrics: semantic entropy-based
Text Ambiguity Score (TAS), Jensen-Shannon divergence-
based Mapping Uncertainty Score (MUS), and a Tempo-
ral Quality-based Frame Sampler (TQFS). By adaptively
generating targeted clarifying questions guided by these un-
certainty measures, UMIVR iteratively refines user queries,
significantly reducing retrieval ambiguity. Extensive ex-
periments on multiple benchmarks validate UMIVR’s ef-
fectiveness, achieving notable gains in Recall@1 (69.2%
after 10 interactive rounds) on the MSR-VTT-1k dataset,
thereby establishing an uncertainty-minimizing foundation
for interactive TVR. Code will be avaliable at https:
//github.com/bingqingzhang/umivr.

1. Introduction

Text-to-Video Retrieval (TVR) has emerged as a crucial
task that bridges computer vision and natural language pro-
cessing, aiming to retrieve relevant video content based on
textual queries. Owing to its broad applicability in video
search and recommendation, TVR has rapidly evolved
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(a) Three types of uncertainty in Text-Video Retrieval(TVR)

Cartoon play for kids.

What type of cartoon?

Comedy cartoons with humour 
suitable for children.

What is the appearance of 
the main character?

A man with a beard and 
a green shirt.
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(b) Overview of Uncertainty-Minimizing Interactive TVR (UMIVR) Framework
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Figure 1. Illustration of uncertainty challenges in Text-to-Video
Retrieval (TVR) and our proposed UMIVR framework. (a) Three
types of uncertainty that commonly degrade retrieval performance.
(b) UMIVR explicitly quantifies all three types of uncertainties per
interaction round: Text Ambiguity Score (TAS), Mapping Uncer-
tainty Score (MUS), and Frame Uncertainty (addressed via TQFS
for selecting high-quality frames). UMIVR then iteratively gen-
erates adaptive clarifying questions, progressively reducing these
uncertainties to achieve precise video retrieval.

from early attention-based mechanisms [14, 33] to vi-
sion–language pretraining models [27, 46]. This research
paradigm is now diverse, encompassing streamlined en-
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coder designs [35, 55], advanced training strategies [12],
and improved feature alignment between text and video
[37, 52, 58]. These innovations demonstrate significant per-
formance gains in various evaluations.

Despite notable advances, TVR still remains challenging
due to various forms of uncertainty that arise from both tex-
tual and visual sources, as illustrated in Fig. 1(a). First, text
ambiguity poses a persistent obstacle: textual queries can
often be vague, incomplete, or contain polysemous words
(e.g.,“something,” “somefood,” or very generic phrases like
“Cartoon play for kids”), leading to underspecified retrieval
targets. Second, mapping uncertainty highlights that even
clearly formulated textual queries (e.g., “Two guys are
wrestling in a competition”) can correspond to multiple
plausible videos within a large and diverse dataset, making
it difficult to pinpoint the most relevant candidate among vi-
sually similar alternatives. Third, frame uncertainty arises
from deteriorated video frames—such as motion blur, out-
of-focus shots, or occlusion of key objects—which obscure
important visual cues essential for accurate retrieval. Taken
together, these intertwined uncertainties largely degrade re-
trieval performance, underscoring the necessity for robust
mechanisms that explicitly handle ambiguity and noise in
both textual and visual domains.

In fact, uncertainty is by no means exclusive to TVR; it
is a pervasive challenge in machine learning, encompassing
both epistemic and aleatoric uncertainties [18]. To tackle
such uncertainties, user-centric approaches such as active
learning methods [25], interactive dialogue systems [47],
and minimal human supervision [16] have shown remark-
able effectiveness. Building on these insights, recent in-
teractive TVR methods [17, 29, 38] also recognize the sig-
nificance of uncertainty. These systems typically employ
VideoQA models [27, 50] or large language models (LLMs)
[19, 24, 49] to generate follow-up questions and simulate
user responses, refining queries based on user feedback.
However, a key limitation is that existing interactive meth-
ods do not explicitly model or quantify uncertainty, relying
instead on heuristic or ad-hoc question generation strategies
that may not optimally address uncertainties at play.

Motivated by this limitation, we propose a princi-
pled approach that directly addresses the uncertainty chal-
lenge in TVR. Rather than resorting to ad-hoc techniques,
our method systematically quantifies three critical types
of uncertainty—text ambiguity, mapping uncertainty, and
frame uncertainty—by leveraging semantic entropy, JS
divergence, and a novel Temporal Quality-based Frame
Sampler (TQFS), respectively, all with training-free ap-
proaches. Building upon these quantified uncertainties,
we further introduce the Uncertainty-Minimizing Interac-
tive Text-to-Video Retrieval (UMIVR) framework, illus-
trated in Fig. 1(b). Specifically, UMIVR explicitly tracks
and updates uncertainty scores (e.g., TAS for text ambigu-

ity and MUS for mapping uncertainty) at each interaction
round and adaptively generates clarifying questions tailored
to progressively reducing these uncertainties. Through it-
erative and targeted user interactions, UMIVR effectively
mitigates the negative impacts of ambiguous and noisy in-
puts, systematically refining query precision and ultimately
enhancing retrieval accuracy.

We validate the effectiveness of our approach through
extensive experiments on several challenging benchmarks.
UMIVR consistently outperforms interactive baselines, no-
tably surpassing the non-interactive leading methods by
achieving a Hit@1 of 68.9% on MSR-VTT-1k after only
3 interaction rounds. Furthermore, extensive experiments
also demonstrate substantial performance improvements
across AVSD, MSVD, and ActivityNet datasets through
iterative query clarifying. Beyond its empirical strength,
UMIVR exhibits remarkable generalizability, as the pro-
posed TQFS module can readily serve as a plug-in enhance-
ment for existing TVR models, and the UMIVR architec-
ture seamlessly extends to interactive text-to-image retrieval
scenarios, underscoring its broad applicability across multi-
modal retrieval tasks.

In summary, our contributions are three-fold:
• We explicitly identify the uncertainty challenges in TVR

and propose quantitative metrics tailored to distinct un-
certainty types, thereby providing a more rigorous frame-
work for understanding retrieval ambiguity;

• We introduce the UMIVR framework, which unifies
video retrieval, captioning, and question answering into
an integrated system that leverages uncertainty metrics to
enhance query refinement;

• Through comprehensive experiments, we demonstrate the
effectiveness and generalizability of our approach, set-
ting new benchmarks and opening avenues for further re-
search in interactive multimodal retrieval.

2. Related Work

2.1. Text-to-Video Retrieval
Text-to-Video Retrieval (TVR) aims at retrieving relevant
video content given textual queries via cross-modal align-
ment. Early methods employed attention-based aggrega-
tion of multimodal features [14, 33], while subsequent ap-
proaches improved representation learning [8, 43]. Later,
pretraining models [27, 46] advanced TVR by adapting pre-
trained image-text encoders to videos [35, 59] and refining
alignment with fine-grained contrastive learning [34, 37]
and auxiliary captioning tasks [55, 60, 61].

Recent studies also highlight the critical challenge posed
by uncertainty in TVR. TAM [31] and UATVR [11]
approached mapping uncertainty through adaptive visual
prototypes and probabilistic embeddings, respectively;
PAU [26] focused on modeling text ambiguity via eviden-
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tial theory. Nevertheless, existing approaches consider only
single uncertainty aspects, thus providing limited perfor-
mance gains. In contrast, our approach explicitly identi-
fies and systematically quantifies three key types of uncer-
tainty (text ambiguity, mapping uncertainty, and frame un-
certainty) within a unified, training-free interactive retrieval
framework, significantly mitigating ambiguity and enhanc-
ing retrieval effectiveness.

2.2. Interactive Vision Retrieval
Interactive retrieval historically aimed at bridging the se-
mantic gap by leveraging iterative user feedback. Early
content-based image retrieval relied on low-level fea-
tures and relevance feedback to incrementally refine user
queries [48, 53]. Deep learning advances subsequently in-
troduced reinforcement learning or zero-shot learning [5, 6]
for adaptive question generation and query refinement [3,
9, 39]. More recently, LLMs such as ChatGPT [42]
have greatly enhanced interactive retrieval by generating
context-aware clarifying questions without additional train-
ing [17, 22, 23], achieving remarkable generalization. De-
spite their success, existing methods primarily rely on
heuristic or context-driven question generation, overlook-
ing explicit modeling and quantification of underlying un-
certainties. In contrast, we propose UMIVR, an explic-
itly uncertainty-aware interactive retrieval framework that
systematically quantifies and reduces multiple uncertainty
types (text ambiguity, mapping uncertainty, frame uncer-
tainty), improving retrieval robustness and accuracy.

3. Method

In this section, we present our proposed UMIVR frame-
work, explicitly designed to address the three types of un-
certainty identified in Sec. Specifically, we introduce prin-
cipled metrics for quantifying text ambiguity (Sec. 3.1) and
mapping uncertainty (Sec. 3.2), and propose a Temporal
Quality-based Frame Sampler (TQFS, Sec. 3.3) to mitigate
frame-level uncertainty. Finally, we integrate these compo-
nents into a unified interactive retrieval pipeline (Sec. 3.4),
which generates adaptive clarifying questions based on
quantified uncertainties, enabling iterative refinement of
user queries and enhancing retrieval precision.

3.1. Text Ambiguity Score via Semantic Entropy
Text ambiguity arises when queries are vague, incomplete,
or permit multiple semantic interpretations. Unlike conven-
tional token-level heuristics that often overestimate ambi-
guity by treating lexical variants separately, semantic en-
tropy [13, 21] more accurately captures genuine semantic
variability by analyzing distributions of meanings.

Motivated by this insight, we introduce a Text Ambiguity
Score (TAS) to quantify the semantic uncertainty associated

with textual queries. Specifically, we first apply a caption-
ing model to videos in the retrieval database, resulting in a
corpus of textual descriptions C = {si}Ni=1, each describ-
ing video i. These captions are encoded into normalized
embeddings esi , which we store offline.

Given a query x, we compute its embedding ex and re-
trieve the top-K most similar captions from C. To reduce
redundancy and avoid inflated entropy, we cluster these
captions into M coherent groups {cj}Mj=1. For each clus-
ter cj , the aggregated probability is computed as p(cj |
x) =

∑
c∈cj

sim(x, c)
/∑M

k=1

∑
c∈ck

sim(x, c), reflecting
its share of the total similarity mass. The semantic entropy
is then defined as:

SE(x) = −
M∑
j=1

p(cj | x) log p(cj | x), (1)

which is further transformed into the final TAS value in
[0, 1] through a normalization function. This step can also
incorporate additional adjustments, such as accounting for
the structural complexity of the query, ensuring that more
complex, well-specified queries are assigned lower TAS
values. Higher TAS indicates greater semantic uncertainty,
reflecting more ambiguous textual queries.

3.2. Mapping Uncertainty Score via JS Divergence
Mapping uncertainty arises when similarity scores between
a text query and candidate videos lack a clear peak, leading
to ambiguous mappings [11]. To quantify this uncertainty,
we propose a Mapping Uncertainty Score (MUS) based on
Jensen–Shannon (JS) divergence [40], measuring the devi-
ation of the similarity distribution from an ideal, perfectly
certain scenario.

Given top-k similarity scores between a query text and
video candidates [s1, s2, . . . , sk] (sorted in descending or-
der), we first transform them into a normalized probability
distribution p:

pi =
max(si − s̄, 0)2∑k
j=1 max(sj − s̄, 0)2

, (2)

where s̄ denotes the mean similarity score. This transfor-
mation emphasizes high-confidence candidates while sup-
pressing low-confidence noise. If all scores fall below s̄, we
default to a uniform distribution.

Next, we define an ideal one-hot distribution q, repre-
senting complete certainty:

qi =

{
1, if i = 1,

0, otherwise.
(3)

We then compute the JS divergence between the distribu-
tions p and q:

JSD(p ∥ q) =
1

2
KL(p ∥ m) +

1

2
KL(q ∥ m), (4)
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(a) Overview of VideoLLaVA

(b) Unified Implementation via VideoLLaVA
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Figure 2. A unified implementation of UMIVR with Vide-
oLLaVA. (a) VideoLLaVA integrates LanguageBind and LLM
into a unified architecture, enabling simultaneous handling of
video-text tasks. (b) A summary illustrating how UMIVR lever-
ages the single, unified VideoLLaVA model to compactly realize
all its core functionalities, significantly simplifying the system ar-
chitecture compared to prior ensemble or hybrid approaches.

where m = 1
2 (p+ q) and KL(·) indicates Kullback–Leibler

divergence [7].
Finally, we normalize the JS divergence by its theoretical

maximum JSDmax to obtain MUS within [0, 1]:

MUS(x) =
JSD(p ∥ q)

JSDmax
. (5)

A higher MUS indicates greater ambiguity in the map-
ping between query and video candidates, while a lower
MUS reflects a more confident retrieval scenario.

3.3. Temporal Quality-based Frame Sampler
Existing video-based methods, such as video retrieval [35,
55] and video QA models [27, 30], typically sample frames
uniformly, which may inadvertently include low-quality
frames affected by defocus or blur [57, 63]. To address this
issue, we propose a plug-and-play Temporal Quality-based
Frame Sampler (TQFS) that adaptively selects high-quality
frames while ensuring sufficient temporal coverage.

Given a video V of length T and original frame rate r,
we first uniformly sample frames at a reduced frame rate r′,
resulting in N = ⌊T×r/r′⌋ frames {F1, . . . , FN}, each as-
sociated with a timestamp ti. Next, we evaluate the visual
clarity of each frame Fi using a no-reference image qual-
ity assessment (NR-IQA) algorithm Q(·), such as simple
Laplacian-variance measures [45] or more advanced NR-
IQA methods (e.g., BRISQUE[41]), assigning each frame a
quality score Q(Fi).

To maintain temporal coverage, TQFS divides the video
into M uniform temporal bins. In each bin Im, we select
the highest-quality frame:

F ∗
m = arg max

Fi∈Im

Q(Fi), (6)

resulting in candidate frames {F ∗
1 , . . . , F

∗
M}.

To further reduce redundancy and ensure semantic di-
versity, we extract semantic embeddings ϕ(F ∗

m) for each
candidate frame, forming the embedding matrix Φ =
[ϕ(F ∗

1 ), . . . , ϕ(F
∗
M )]. We then apply K-means clustering

on these embeddings, selecting the highest-quality frame
within each cluster. Finally, the selected frames are chrono-
logically ordered, yielding the final K high-quality frames.

Overall, TQFS reduces frame-level uncertainty by em-
phasizing visually clear and semantically diverse frames,
significantly enhancing the robustness of subsequent video
retrieval tasks.

3.4. UMIVR: Uncertainty-Minimizing Interactive
Text-to-Video Retrieval Framework

Fig. 2 and Fig. 3 illustrate the detailed architecture and
workflow of our proposed UMIVR framework. UMIVR
seamlessly integrates text-video retrieval, video captioning,
and video question answering into a unified multimodal sys-
tem, with two key innovations: (1) the adoption of a uni-
fied Video-LLM architecture for efficient multi-task inte-
gration, and (2) a principled uncertainty-minimizing inter-
active retrieval pipeline that adaptively generates clarifying
questions based on explicitly quantified uncertainties.

Unified Video-LLM Architecture. Existing interactive
TVR methods typically rely on either multi-model ensem-
ble architectures (e.g., combining BLIP [27] for retrieval
with T0++ [49] for dialogue generation) or hybrid lo-
cal/cloud schemes (e.g., PlugIR [22] via ChatGPT [42]),
both of which lead to substantial memory overhead or infer-
ence latency. To overcome these limitations, UMIVR lever-
ages VideoLLaVA [30], a unified multimodal model that
integrates LanguageBind [62]—a robust multimodal en-
coder—and a LLM via an efficient align-before-projection
design, as depicted in Fig. 2(a). Specifically, visual inputs
(frames and videos) and textual queries are first encoded by
LanguageBind, projecting visual modality information into
the shared language embedding space for accurate cross-
modal alignment. In contrast, textual inputs intended for
LLM generation tasks, such as clarifying questions and
prompts, are directly encoded by the LLM’s word embed-
ding layer, enabling effective language generation and com-
prehension within the model. Fig. 2(b) summarizes this uni-
fied implementation, highlighting how UMIVR compactly
realizes captioning, response simulation, clarifying ques-
tion generation, and retrieval functionalities within a single
model. This unified design not only eliminates cross-model
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Figure 3. Pipeline of the UMIVR framework Videos are first preprocessed offline (Step 0) by TQFS for high-quality frame selection and
captioning to generate meta-information. Given an initial user query, UMIVR quantifies textual and mapping uncertainties (TAS & MUS,
Step 1), adaptively generates clarifying questions at different uncertainty levels (Level-0, 1 and 2, Step 2), and iteratively refines queries
based on user responses (Steps 3–4), ultimately retrieving the most relevant videos (Step 5).

compatibility issues but also significantly reduces memory
usage compared to traditional ensemble-based approaches.

UMIVR Framework Pipeline. The overall pipeline of
UMIVR is depicted in Fig. 3. Initially, UMIVR prepro-
cesses the video database offline (Step 0), applying the
Temporal Quality-based Frame Sampler (TQFS) to select
temporally representative and visually high-quality frames.
These selected frames are then passed through Vide-
oLLaVA to generate textual meta-information—including
video descriptions and salient object annotations—that will
be stored and used during online interactions.

Upon receiving an initial textual query from a user,
UMIVR first quantifies the query’s uncertainty by com-
puting two complementary uncertainty metrics (Step 1):
TAS (Sec. 3.1) and MUS (Sec. 3.2). According to these
scores, UMIVR adaptively generates clarifying questions at
three uncertainty levels (Step 2), effectively guiding user
interactions toward reducing ambiguity. Specifically, if
TAS is high (greater than a predefined threshold α), indi-
cating significant semantic ambiguity in the textual query,
the framework instructs VideoLLaVA to generate an open-
ended clarifying question, prompting the user for additional
context about appearance, activities, or events. Conversely,
if TAS is low but MUS remains high (greater than thresh-
old β), indicating clearly expressed but visually indistin-
guishable queries, UMIVR leverages the retrieved candi-
date videos’ meta-information (captions, objects, etc.) to
generate targeted clarifying questions that explicitly distin-
guish visually similar videos. Finally, if both uncertainty
measures are below their respective thresholds (low uncer-
tainty), UMIVR generates enrichment-oriented questions
merely to further enrich the query’s descriptive power.

After generating the clarifying question in Step 2,
UMIVR expects a user response to refine the query. This in-
teraction can be conducted with real users or approximated
for evaluation purposes using simulated responses derived

from VideoQA modules (Step 3). The collected answer is
then combined with the initial query via a standard query
refinement strategy, yielding a more precise query (Step 4).
This refined query significantly reduces uncertainties, en-
abling a focused and accurate video retrieval (Step 5).

This entire interactive retrieval process is inherently it-
erative and uncertainty-driven. Each subsequent interac-
tion round benefits from progressively reduced uncertainty
scores, systematically refining the query until the retrieved
videos closely align with the user’s refined intent. By ex-
plicitly quantifying uncertainty and adaptively generating
clarifying questions, UMIVR robustly addresses ambigu-
ity and noise inherent in text-to-video retrieval, significantly
enhancing retrieval accuracy and user satisfaction.

4. Experiments

4.1. Dataset and Evaluation

Datasets We perform experiments on four established TVR
datasets: MSR-VTT [54], featuring 10,000 short videos
each with 20 captions, using the standard 1K evaluation
split (we also conduct our ablation studies on this dataset);
AVSD [1], providing dialogues grounded in videos, evalu-
ated on a standard 1,000-sample test subset following prior
works [29, 36, 38]; MSVD [4], consisting of around 2,000
videos annotated by multilingual captions, evaluated us-
ing the widely-adopted 670-video test subset; and Activi-
tyNet [10], a large-scale dataset of untrimmed videos cap-
turing 200 activity categories, evaluated on the commonly-
used validation set (4,917 videos) [51, 55, 56].

Evaluation Metrics We adopt three metrics for compre-
hensive evaluation: Recall, Hit@k, and the recent Best
log Rank Integral (BRI) [22] metric. Recall as a standard
metric measures retrieval accuracy at fixed ranks. Hit com-
monly used in interactive retrieval, reflects whether the tar-
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Figure 4. Comparison of UMIVR with interactive baseline methods on MSR-VTT-1k across multiple interaction rounds. From left
to right, we illustrate Recall@1, Hit@1, and BRI scores, respectively. UMIVR consistently outperforms competing interactive baselines
by achieving higher Recall@1 and Hit@1, as well as lower BRI values, highlighting its superior efficiency and effectiveness in iterative
query refinement and retrieval accuracy improvement.

Methods
Metrics

R@1 ↑ R@5 ↑ R@10 ↑ MnR ↓ Hit@1 ↑ Hit@10 ↑

Non-interactive TVR
CLIP4Clip [35] 44.5 71.4 81.6 15.3 44.5 81.6
ProST [28] 49.5 75.0 84.0 11.7 49.5 84.0
UCOFIA [52] 49.4 72.1 - - 49.4 -
EERCF [51] 54.1 78.8 86.9 - 54.1 86.9
CLIP-ViP [55] 57.7 80.5 88.2 - 57.7 88.2
HunYuan(SOTA) [20] 62.9 84.5 90.8 9.3 62.9 90.8

UMIVR (Interactive TVR)
round 0 43.1 66.1 75.8 22.4 43.1 75.8
round 2 57.9 81.2 86.6 10.4 57.2 89.9
round 3 61.3 84.1 89.0 8.1 68.9 92.7
round 6 65.9 87.7 91.8 5.9 76.0 95.3
round 8 67.3 88.3 92.8 5.7 78.9 96.5

Table 1. Comparison with non-interactive TVR methods on
MSR-VTT-1k. UMIVR significantly improves retrieval perfor-
mance through multiple rounds of interaction. Notably, after at
most three rounds of interaction, UMIVR surpasses most com-
peting methods. Underlined values indicate the earliest interaction
round where UMIVR exceeds existing approaches, while bold val-
ues denote the best overall performance across all methods.

get appears in the top-k candidates at any interaction step.
BRI [22] is a new metric for interactive retrieval, inte-

grating three essential aspects: (1) user satisfaction, check-
ing if the target video is eventually retrieved; (2) retrieval
efficiency, encouraging successful retrieval with fewer inter-
actions; and (3) ranking improvement significance, reward-
ing substantial improvements at higher ranks. By synthe-
sizing these factors into one unified score, BRI aligns better
with real user interaction scenarios, enabling nuanced per-
formance comparisons among interactive retrieval methods.

4.2. Implementation Details
Our implementation is based on the open-source Vide-
oLLaVA codebase1 with Python-3.10 and Pytorch-2.0.1.
Specifically, we adopt VideoLLaVA-7B as our backbone

1https://github.com/PKU-YuanGroup/Video-LLaVA

Methods Round R@1 ↑ R@10 ↑ Hit@1 ↑ Hit@10 ↑ BRI ↓

D2V[36]

0 8.8 32.1 8.8 32.1 -
2 22.9 54.0 - - -
4 22.5 58.5 - - -
6 23.9 61.0 - - -

VIRED [38] 3 24.9 60.8 - - -

ivrAuto

0 29.6 61.3 29.6 61.3 -
2 30.7 62.2 35.9 66.9 1.74
4 32.6 66.7 39.4 71.6 1.67
6 37.3 74.3 45.1 78.9 1.57

ivrAutoWoAug

0 29.6 61.3 29.6 61.3 -
2 34.6 67.2 39.4 71.6 1.64
4 34.6 67.3 40.4 72.6 1.56
6 34.6 67.2 40.8 72.8 1.53

ivrHeuristic

0 29.6 61.3 29.6 61.3 -
2 35.2 69.2 41.6 73.5 1.61
4 43.2 80.3 51.1 82.7 1.38
6 43.4 80.8 53.5 86.2 1.23

UMIVR(ours)

0 30.6 61.6 30.6 61.6 -
2 44.8 78.9 50.8 81.5 1.40
4 47.9 81.4 58.8 86.7 1.16
6 49.9 82.2 63.3 88.2 1.02

Table 2. Comparison results on AVSD dataset.

model, leveraging 4-bit quantization to significantly reduce
GPU memory consumption. To ensure consistency and re-
producibility, we set the generation temperature to 0.1 for
internal modules such as Captioner, Question Generation,
and Query Refinement. Conversely, for the VideoQA mod-
ule simulating diverse user responses, we set the generation
temperature to 0.7. All other generation settings follow the
default configurations provided by the codebase.

For visual encoding, we utilize the default Language-
Bind encoder integrated within VideoLLaVA-7B, a post-
pretrained CLIP ViT-L/14 model. This visual encoder pro-
cesses RGB inputs with spatial dimensions of 224×224 and
employs a patch size of 14 pixels, consisting of 24 trans-
former layers with temporal attention enabled. Each trans-
former layer features a hidden dimensionality of 1024 and
16 attention heads, providing high representational capabil-
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Methods MSVD ActivityNet
0 1 3 5 0 1 3 5

R
@

1

ivrAuto 50.3 52.8 54.4 61.7 32.9 33.8 33.9 35.1
ivrAutowoAug 50.3 55.5 58.9 59.2 32.9 36.3 36.4 36.5
ivrHeuristic 50.3 53.4 64.6 67.3 32.9 34.0 37.8 39.9
UMIVR(ours) 51.9 61.2 67.0 69.7 33.1 38.3 40.4 41.8

R
@

10

ivrAuto 85.0 87.7 88.2 92.8 73.4 74.5 74.7 76.4
ivrAutowoAug 85.0 88.9 89.8 90.4 73.4 77.0 77.2 77.3
ivrHeuristic 85.0 87.1 90.5 91.3 73.4 76.1 79.2 80.5
UMIVR(ours) 86.4 90.9 93.9 94.8 73.7 78.2 80.0 80.7

H
it@

1 ivrAuto 50.3 57.7 59.8 68.5 32.9 36.9 37.3 39.7
ivrAutowoAug 50.3 61.0 65.6 66.1 32.9 39.2 40.5 40.6
ivrHeuristic 50.3 58.0 70.8 77.0 32.9 35.5 41.5 44.8
UMIVR(ours) 51.9 65.4 74.6 79.3 33.1 42.0 47.8 50.1

H
it@

10

ivrAuto 85.0 91.3 91.7 95.2 73.4 77.3 77.7 79.6
ivrAutowoAug 85.0 91.4 92.3 92.9 73.4 79.1 79.8 79.9
ivrHeuristic 85.0 89.5 93.1 94.5 73.4 77.2 81.3 83.0
UMIVR(ours) 86.4 92.5 95.5 96.7 73.7 79.9 83.0 84.1

B
R

I

ivrAuto - 0.85 0.75 0.68 - 1.40 1.35 1.32
ivrAutowoAug - 0.82 0.68 0.64 - 1.37 1.28 1.26
ivrHeuristic - 0.86 0.64 0.51 - 1.42 1.30 1.22
UMIVR(ours) - 0.78 0.58 0.49 - 1.35 1.20 1.13

Table 3. Comparison results on MSVD and ActivityNet Dataset.

ity for both spatial and temporal information. The encoder
supports video inputs of 8 frames and projects final vision
embeddings to a dimensionality of 768.

Baselines. For baseline comparisons, we primarily com-
pete with IVR [29], a recent influential approach in in-
teractive text-to-video retrieval that introduces an LLM-
based training-free paradigm and demonstrates strong per-
formance on MSR-VTT, MSVD, and AVSD datasets. IVR
encompasses three variants: ivrHeuristic (using manually-
defined question templates), ivrAuto (generating questions
from top-k similar video captions assisted by heuristic-
based augmentation), and ivrAutoWoAug (identical to
ivrAuto but without heuristic augmentation). To ensure fair
and rigorous comparisons, we faithfully reproduce these
three IVR variants within our UMIVR framework, inte-
grating the IVR codebase2 into the Video-LLaVA system.
Additionally, since IVR’s original implementation gener-
ates multiple questions concurrently without iterative in-
teraction, we adapt it to strictly follow standard interactive
retrieval conventions [17, 22], allowing only one question-
answer exchange per interaction round. After this adapta-
tion, our IVR baselines and UMIVR framework are fully
aligned and directly comparable. Consistent with prior in-
teractive retrieval studies and realistic application scenarios,
we limit the maximum number of interaction rounds to 10,
as exceeding this typically results in poor user experience.

4.3. Comparison Results
Fig. 4 and Tab. 1 summarize retrieval performance on the
MSR-VTT dataset. UMIVR consistently surpasses in-
teractive baselines across interaction rounds, demonstrat-

2https://github.com/kevinliang888/IVR-QA-baselines

C
om

p. +TAS ✔ ✔ ✔
+MUS ✔ ✔
+TQFS ✔

R
@

1 1 51.6 52.2 52.5
3 61.0 62.1 61.3
5 63.4 64.2 65.0

H
it@

1 1 56.6 57.4 57.1
3 67.0 68.6 68.9
5 73.0 72.8 73.9

H
it@

10 1 86.1 86.4 86.7
3 91.1 92.5 92.7
5 93.7 94.4 94.8

BRI 5 0.69 0.67 0.67

Table 4. Ablation study on different components.

ing clear advantages in retrieval accuracy and efficiency.
Moreover, UMIVR quickly outperforms the leading non-
interactive method (HunYuan tvr [20]). Specifically, af-
ter only three rounds, UMIVR already surpasses the Hun-
Yuan tvr in Hit@1 (68.9 vs. 62.9), highlighting its effec-
tiveness in leveraging iterative interactions to explicitly ad-
dress retrieval uncertainty.

Tab. 2 and Tab. 3 further confirm UMIVR’s robust
performance and generalization capabilities. Specifically,
UMIVR exhibits substantial improvements over baselines
on AVSD, MSVD, and ActivityNet datasets, maintaining
consistent superiority across metrics and interaction rounds.
These results collectively validate the effectiveness of ex-
plicitly quantifying and minimizing uncertainty in interac-
tive text-to-video retrieval scenarios.

4.4. Ablation Study
We perform comprehensive ablation analyses to investigate
the contribution of each uncertainty-related component in
UMIVR and examine the sensitivity of threshold parame-
ters. Tab. 4 explores the individual impact of Text Ambigu-
ity Score (TAS), Mapping Uncertainty Score (MUS), and
Temporal Quality-based Frame Sampler (TQFS). Clearly,
integrating each component incrementally improves re-
trieval performance, and their joint usage delivers the best
results across metrics. Particularly, MUS and TAS demon-

(α, β) R@1 ↑ Hit@1 ↑ Hit@10 ↑ BRI ↓
1 3 5 1 3 5 1 3 5 5

(0.4, 0.1) 52.3 55.9 61.9 57.0 65.1 71.5 85.8 91.3 93.7 0.73
(0.5, 0.1) 51.9 57.9 63.1 56.4 66.1 72.4 86.2 92.6 94.6 0.70
(0.6, 0.1) 51.5 58.4 64.6 55.8 65.1 70.4 85.1 91.6 94.8 0.68
(0.4, 0.2) 52.5 60.4 63.9 57.0 67.6 73.4 86.2 91.3 93.9 0.69
(0.5, 0.2) 52.5 61.3 65.0 57.1 68.9 73.9 86.7 92.7 94.8 0.67
(0.6, 0.2) 51.9 61.1 64.7 56.6 68.5 73.1 85.9 92.9 94.5 0.68
(0.4, 0.3) 51.5 58.9 64.9 56.8 67.1 73.5 86.6 91.8 94.4 0.69
(0.5, 0.3) 52.6 61.3 64.6 57.1 70.0 73.6 86.0 92.8 94.4 0.68
(0.6, 0.3) 52.2 61.1 64.6 56.7 68.0 73.5 86.4 92.5 94.2 0.68

Table 5. Grid search for TAS threshold α and MUS threshold β.
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Text-to-Video Retrieval Video-to-Text Retrieval
Methods R1 ↑ R10 ↑ MnR ↓ R1 ↑ R10 ↑ MnR ↓
VideoCLIP [2] 30.7 71.0 18.1 30.2 70.4 23.0
[2] + TQFS 31.1(+0.4) 72.4(+1.4) 16.1(-2.0) 31.1(+0.9) 72.4(+2.0) 21.0(-2.0)
Xpool [15] 45.3 80.2 15.9 43.0 83.2 10.5
[15] + TQFS 45.7(+0.4) 80.9(+0.7) 14.3(-1.6) 43.7(+0.7) 82.7(-0.5) 9.2(-1.3)

Table 6. TQFS enhances performance as a plug-in module.

strate complementary roles, jointly addressing uncertainties
in textual ambiguity and text-video mapping, while TQFS
further boosts performance by reducing visual noise.

To understand parameter sensitivity, Tab. 5 presents grid
search results for threshold parameters α (TAS) and β
(MUS). Optimal retrieval performance emerges at (α, β) =
(0.5, 0.2), consistently achieving highest Recall@1, Hit@1,
Hit@10, and lowest BRI. Deviating from these optimal val-
ues results in noticeable performance drops, validating the
importance of jointly tuning these thresholds. These anal-
yses confirm that UMIVR effectively leverages explicit un-
certainty modeling, and carefully calibrated thresholds sig-
nificantly enhance retrieval accuracy.

4.5. Generalization
We further investigate the generalization capability of
UMIVR and its components across broader scenarios
and modalities. Tab. 6 demonstrates that our Temporal
Quality-based Frame Sampler (TQFS) effectively serves
as a plug-and-play module. When directly integrated into
trained single-round TVR methods (VideoCLIP [2] and
Xpool [15]), TQFS achieves consistent and meaningful
improvements on MSR-VTT-1ka (e.g., gains of +0.4% to
+1.4% in Recall@10 and reductions in MnR), confirming
its versatility and effectiveness in enhancing existing re-
trieval methods without additional fine-tuning.

Furthermore, leveraging the multimodal capabilities of
VideoLLaVA and LanguageBind, we extend UMIVR to in-
teractive text-to-image retrieval. We evaluate UMIVR on
the Visual Dialog (VisDial) [44] dataset, which includes
8,000 test images and corresponding captions from human-
annotated dialogues based on MS-COCO [32]. As shown

Round 0 2 4 6 8 10

R
@

10

ChatIR[23] 71.5 74.9 76 78.2 78.8 79.5
PlugIR[22] 71.1 75.5 76.1 76.1 75.1 74.3
ivrHeuristic 73.2 78.7 76.7 78.7 77.8 80.3
UMIVR(ours) 73.2 83.0 83.6 84.5 85.1 85.0

H
it@

10

ChatIR[23] 71.5 78.9 82.0 84.4 85.6 86.4
PlugIR[22] 71.1 83.1 87.6 89.4 90.7 91.5
ivrHeuristic 73.2 79.5 84.1 85.7 86.2 86.8
UMIVR(ours) 73.2 87.0 89.1 90.4 91.3 91.8

Table 7. UMIVR achieves competitive improvements in interac-
tive text-to-image retrieval on VisDial dataset.

Query: Person playing a game.

Q: What does the person look like?

A: A man is wearing a black suit and glasses.

TAS: 0.79 Rank: 324
TAS: 0.45 MUS: 0.27

Rank: 4

Q: What game is the person playing?

A: A vehicle is floating in the sky.

TAS: 0.36 MUS: 0.17

Rank: 1

Query: a man is running around and playing a guitar.

R
o

u
n

d

0 TAS: 0.73 Rank: 6

Q: What does the man look like?

A: The man is wearing a black jacket and red shoes.
TAS: 0.32 Rank: 11

0

1

2

Figure 5. Case study of UMIVR’s interactive retrieval process.
The examples illustrate how uncertainty-aware question genera-
tion progressively refines ambiguous queries, reducing the Text
Ambiguity Score (TAS) and Mapping Uncertainty Score (MUS)
while improving retrieval rank.

in Tab. 7, UMIVR consistently outperforms competitive
interactive retrieval methods (ChatIR [23], PlugIR [22],
and ivrHeuristic) across interaction rounds. Specifically,
UMIVR achieves noticeable improvements in Recall@10
and Hit@10, highlighting its robustness and generalizabil-
ity beyond video retrieval tasks.

4.6. Case Study
Fig. 5 illustrates two qualitative examples demonstrating
UMIVR’s interactive retrieval process. Initially, queries
contain significant ambiguity, resulting in high TAS and
low rankings. Through uncertainty-minimizing clarifying
questions, UMIVR progressively refines the queries by ex-
plicitly addressing textual and mapping uncertainties. This
refinement effectively reduces TAS and MUS, substan-
tially improving retrieval ranks after each interaction round.
These examples highlight UMIVR’s effectiveness in adap-
tively resolving uncertainty to achieve precise retrieval.

5. Conclusion
In this paper, we introduced UMIVR, an uncertainty-aware
interactive framework for text-to-video retrieval that sys-
tematically quantifies and minimizes three fundamental
uncertainties—text ambiguity, mapping uncertainty, and
frame uncertainty. By proposing principled, training-free
uncertainty metrics, UMIVR adaptively generates clarify-
ing questions, iteratively refining user intent and signifi-
cantly enhancing retrieval accuracy. Extensive experiments
on benchmarks including MSR-VTT-1k demonstrated that
UMIVR surpasses prior interactive and non-interactive
methods, highlighting its effectiveness and generalizability.
Our work thus establishes a robust uncertainty-minimizing
foundation for interactive multimodal retrieval, opening
promising directions for future research in uncertainty-
aware interactive learning across vision-language tasks.
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and Dhruv Batra. Learning cooperative visual dialog agents
with deep reinforcement learning. 2017 IEEE International
Conference on Computer Vision (ICCV), pages 2970–2979,
2017. 3

[10] Bernard Ghanem Fabian Caba Heilbron, Victor Escorcia and
Juan Carlos Niebles. Activitynet: A large-scale video bench-
mark for human activity understanding. In Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 961–970, 2015. 5

[11] Bo Fang, Wenhao Wu, Chang Liu, Yu Zhou, Yuxin Song,
Weiping Wang, Xiangbo Shu, Xiangyang Ji, and Jingdong
Wang. UATVR: uncertainty-adaptive text-video retrieval.
In IEEE/CVF International Conference on Computer Vision,
ICCV 2023, Paris, France, October 1-6, 2023, pages 13677–
13687. IEEE, 2023. 2, 3

[12] Han Fang, Zhifei Yang, Xianghao Zang, Chao Ban, and Hao
Sun. Mask to reconstruct: Cooperative semantics comple-

tion for video-text retrieval. Proceedings of the 31st ACM
International Conference on Multimedia, 2023. 2

[13] Sebastian Farquhar, Jannik Kossen, Lorenz Kuhn, and Yarin
Gal. Detecting hallucinations in large language models using
semantic entropy. Nat., 630(8017):625–630, 2024. 3

[14] Valentin Gabeur, Chen Sun, Karteek Alahari, and Cordelia
Schmid. Multi-modal transformer for video retrieval. In
Computer Vision - ECCV 2020 - 16th European Conference,
Glasgow, UK, August 23-28, 2020, Proceedings, Part IV,
pages 214–229. Springer, 2020. 1, 2

[15] Satya Krishna Gorti, Noël Vouitsis, Junwei Ma, Keyvan
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