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Figure 1. Qualitative and quantitative comparison of answer generation for VideoQA under different LLM inputs: (a) VisionLM-as-
Captioner often produces redundant or question-irrelevant captions, (b) Video-level description captures the temporal continuity of actions
but may misrepresent question-relevant visual evidence, (c) Question-based video description provides question-specific context yet re-
mains insufficient for deriving the correct answer, and (d) RefineVQA (ours) iteratively refines video descriptions to better align with
question-critical evidence, enabling accurate answer generation. The results on the upper right present VideoQA accuracy on the NExT-

QA benchmark for methods (a)—(d).

Abstract

Video question answering is a non-trivial task that de-
mands joint understanding of visual contents and linguis-
tic questions as well as temporal reasoning across video
frames. Recent agent-based approaches address this by
conducting multi-step reasoning with large language mod-
els (LLMs) across frame-level captions generated by vision-
language models, but encounter limited temporal coherence
across frames. A possible direction based on video lan-
guage models (VideoLMs) directly captures temporal dy-
namics via video-level descriptions, but often lacks fine-
grained visual cues due to a restricted number of input
frames and a large dependency on input prompts. To tackle
these challenges, we propose RefineVQA, a training-free
framework that can easily be plugged into existing Vide-
oLMs with iterative, LLM-guided description refinements.
Specifically, the VideoLM produces an initial description,
followed by LLM feedback determining whether the de-
scription suffices for the question and guiding further visual
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extraction, which in turn enhances the description qual-
ity while preserving temporal context. Plugged into state-
of-the-art VideoLMs, ReFineVQA yields consistent gains
across diverse benchmarks—NExT-QA, EgoSchema, Video-
MME, ActivityNet, and StreamingBench—even with a small
external LLM of 3.8B parameters.

1. Introduction

Video Question Answering (VideoQA) [6, 20, 23, 34, 41]
has recently achieved remarkable advancements, driven
by vision-language models (VisionLM) [18, 46] trained
on large-scale image-text pair datasets [19, 38]. Despite
such progress, a core challenge remains: given the video
and question pairs, VideoQA must jointly integrate visual-
linguistic representations, and at the same time, perform
temporal reasoning with limited computational resources.
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This, in turn, entails a need for approaches capable of
preserving temporal context while retaining fine-grained,
question-relevant cues from the video.

One line of approaches [5, 24] to address this employs
large language model (LLM)-based multi-step reasoning
over VisionLM outputs. As shown in Fig. 1(a), a Vi-
sionLM is used for producing frame-level captions from
strategically selected frames in a video [21, 24, 30, 32];
these captions, together with a question, are then fed into
an LLM [3, 25, 28] to generate answers. However, this
frame-level captioning pipeline often yields redundant de-
scriptions (e.g., repeatedly describing “the cloth”), where
such repetition induces strong biases, thereby preventing
the model from capturing coherent action sequences across
frames. Moreover, it remains unclear whether the response
generation derives from the visual grounding capability of
the VideoLM or from the language priors of the LLM [35].

More recent works [19, 22, 43] directly adopt VideoLM
to VideoQA, where they process multiple video frames si-
multaneously as input and generate answers. However,
with a restricted frame budget, VideoLMs typically rely on
uniform or heuristic sampling for their input, which risks
omitting key information critical for answering the ques-
tion. Moreover, the end-to-end answering pipeline remains
a black box, making it unclear how the predicted answer is
grounded in the underlying visual cues [35]. As exempli-
fied in Fig. 1(b), VideoLMs often miss critical frames and
consequently fail to capture motion-specific nuances related
to the question (e.g., misdescribing the video as “She then
reaches out her hand before lifting the cloth high into the
air”’). Since VideoLMs take multiple frames as input, it be-
comes crucial to determine which segments should be fo-
cused on to ensure that the most relevant visual informa-
tion is reflected in the reasoning process. Misapplied focus
leads the VideoLM to generate an incomplete description,
upon which the LLM reasons insufficiently, returning an in-
correct answer—this acts as one of the major reasons why
video description-based approaches often perform worse
even compared to the frame-level caption-based ones.

In response to this issue, we conducted an additional in-
vestigation by providing VideoLM with a video as well as
a question to generate a question-specific description. With
this simple approach, as shown in Fig. 1(c), VideoLM could
produce more relevant descriptions such as “to touch the
baby gently,” which better reflects closer evidence toward
answering the question, although it still did not lead to the
correct answer in this example. Nevertheless, this approach
achieved a 1.9% performance improvement over its con-
ventional counterpart (i.e., VideoLM without the question),
suggesting that further gains can be obtained by improving
the description of VideoLM.

Motivated by this primary investigation, we propose Re-
FineVQA (shown in Fig. 1(d)), a framework that itera-
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tively refines video descriptions using LLM feedback in
the form of follow-up questions targeting missing infor-
mation for the given query. VideoLM, inherently follow-
ing auto-regressive text generation, generates video descrip-
tions that differ according to the conditional probability of
video frames and text inputs. Considering these character-
istics, ReFineVQA uses an LLLM to generate feedback to
supplement insufficient information in the video descrip-
tion and adjust the frames and questions input to the Vide-
oLM accordingly. Specifically, we first generate an initial
video description and conduct a feedback process to deter-
mine whether it is sufficient to answer the question. Simul-
taneously, we generate a feedback question to extract in-
sufficient information and select the most relevant frames
accordingly. The input conditions of the VideoLM are
modified using both the feedback question and the selected
frames to extract additional details, which are then incor-
porated into the initial description to refine the description.
This process is repeated iteratively until the description is
sufficient to answer the question.

In our experiments, we validate the efficacy of Re-
fineVQA by plugging it into the state-of-the-art VideoLM
[12, 24, 29, 30, 32, 45] across five representative bench-
mark datasets in VideoQA [6, 17, 23, 34, 40] : NEx-
TQA, EgoSchema, ActivityNet, Video-MME and Stream-
ingBench. Our results show that significant performance
gains can be achieved for all benchmarks with even a sin-
gle round of feedback-driven refinement. Furthermore, we
found that iterating this refinement process can additionally
improve the performance. We also design multiple feed-
back variants within ReFineVQA and provide an extensive
ablation to quantify their impact.

In summary, our main contributions are as follows:
We propose ReFineVQA, a training-free, plug-and-play
framework that wraps existing VideoLMs with an LLM-
guided feedback to produce question-specific, temporally
grounded video descriptions, mitigating the intrinsic chal-
lenges of current VideoQA approaches.
The video descriptions refined with our ReFineVQA are
expected to be sufficiently informative for given ques-
tions, enabling robust and generalized performance even
with small-sized LLMs.
The extensive experiments on five popular benchmarks
demonstrate the effectiveness of ReFineVQA, showing
consistent performance improvements when applied to
state-of-the-art VideoLM.

2. Related Work

2.1. Video Question Answering

The primary goal of the video question-answering task is
to enable models to understand visual information in video
data and generate appropriate responses [36, 37]. Recent



studies have primarily focused on developing models to rec-
ognize actions and dynamics within videos [2, 11]. How-
ever, most of these efforts fall into the category of simple
perceptual-level understanding, such as processing straight-
forward videos, and are based on an end-to-end approach
[1, 13, 16, 47].

With the advent of Transformer-based language mod-
els [3, 28], several studies [19, 22, 43] have demonstrated
strong performance across various vision—language tasks.
In particular, employing a language model as a generative
decoder in combination with a image/video encoder has re-
cently emerged as a promising approach for video—language
understanding models [12, 19, 22, 43]. For example,
Flipped-VQA [9] enhanced the performance of VisionLM
by integrating a visual encoder with LLaMA-Adapter [44]
and training it to align visual embeddings with text em-
beddings, enabling the model to effectively understand
and process both textual and visual inputs. In this line,
VideoLM takes video inputs along with question inputs
and performs end-to-end generation, achieving state-of-the-
art performance across various VideoQA tasks. Despite
these advancements, Xiao et al. [35] questioned whether
answers from end-to-end generative approaches genuinely
capture video understanding or simply mirror the language
model’s reasoning. In contrast, RefineVQA leverages a
video-understanding-based description generation process,
enabling more faithful alignment between video evidence
and the final answer.

2.2. Video Understanding with LLM as Agents

A new paradigm in VideoQA has emerged with the use of
LLM:s as agents, in which a VisionLM generates frame cap-
tions to convey visual content to the LLM. Agents-based
approach [30] explores the use of natural language text as
an intermediate representation between large-scale multi-
modal models and language models, effectively combin-
ing the reasoning ability of LLMs with the image analysis
capabilities of VisionLM. Min et al. [24] and Wang et al.
[32] achieved significant performance gains by employing
a method where a VisionLM first generates image captions,
selects frames from the video that are directly relevant to the
question, and then combines these captions with the reason-
ing capabilities [5, 33] of an LLM such as ChatGPT [25].
Recent studies such as Liao et al. [15], Yu et al. [39], and
Zhang et al. [42] utilize additional frames to select and ag-
gregate information when the initially provided input is in-
sufficient. However, these methods still rely on frame cap-
tions to represent visual content, leaving the interpretation
of temporal information largely to the LLM.

Building on this observation, prior work such as Chen
et al. [4] attempted to incorporate temporal information
by leveraging large models (ChatGPT and BLIP-2 [13])
and performing iterative question-answering across mul-
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tiple frames. Although the method generates video de-
scriptions through iterative question-answering over multi-
ple frames, it treats each frame independently, thereby fail-
ing to capture temporal dependencies grounded in visual
continuity. Furthermore, the approach demands consider-
able computational resources and still requires resource-
intensive LLMs to interpret sequential visual information.
Even though temporal information plays a critical role, prior
studies have not leveraged multi-frame descriptions gener-
ated by VideoLMs, leaving a gap in directly modeling tem-
poral dynamics grounded in visual continuity. To overcome
this shortcoming, our method dynamically updates video
descriptions based on feedback, making them directly rele-
vant to the given question. This ensures that video descrip-
tions are not only temporally coherent but also question-
aligned—an essential step for accurate reasoning and effi-
cient answer generation, even when using smaller LLMs.

3. Method

We propose a framework consisting of five interconnected
processes as illustrated in Fig. 2. In the proposed Re-
FineVQA, a VideoLM first generates a video description
that covers the entire video. This description is then itera-
tively refined through LLM feedback and question-specific
frame selection to supplement insufficient information.

3.1. Preliminaries: Video Question Answering

The objective in VideoQA is to evaluate video-based rea-
soning within multimodal models. Specifically, the prob-
lem involves an input video V' = {wy,...,v;} consisting
of [ frames and a related question () expressed in natural
language. The task is to determine the correct answer A
from either the question alone or a set of candidate answers
A € Acangs, Where Acangs is present in closed-set VideoQA
[23, 34] and absent in open-ended VideoQA [37]. Finally,
our objective is to design a VideoQA model M, which can
be formally defined as

A= M<V7Q7Acands)- (1)

3.2. Initial Description Generation

Unlike prior works [5, 24] that caption frames indepen-
dently, our method leverages a VideoLM that accepts multi-
ple frames as input simultaneously. This enables the model
to capture dynamic actions and events, leading to video-
level descriptions that explicitly incorporate such informa-
tion. We uniformly sample a set of frames from the video V'
and feed them into a VideoLM together with a prompt. The
model then generates an initial description that captures the
overall flow of the video V, formulated as

Dinit = VldeoLM(V, Z‘Dini[), (2)
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Figure 2. The overall process of the proposed RefineVQA, which
iteratively refines video descriptions using LLM feedback for
VideoQA. The framework generates the final answer through ini-
tial description, feedback generation, zoom-in description genera-
tion, iterative refinement, and final answer generation.

where zp,, is a textual prompt guiding the VideoLM, and
Dipni 1s the generated initial description. Note that D;,;; may
not contain the information required to solve the VideoQA
task, since the VideoLM has no access to the question at
this stage. Therefore, the description must be checked for
sufficiency and appropriately supplemented if lacking.
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3.3. Iterative Refinement of Video Description

Since the initial description Djy; may not contain sufficient
information to answer the question, we employ an iterative
refinement approach to progressively enrich the video de-
scription.

Feedback Generation. To accurately extract the required
information, it is crucial to infer what is missing from Djy;
with respect to the question. We leverage an LLM that
takes Djni, @, and A ngs as input, together with a feedback
prompt Teeeapack and few-shot examples Epeedpack, to verify
the available information and generate Feedback Question
Qfeedvack When it is insufficient. If the description is ade-
quate, the process moves directly to the answer generation
step. Formally, the decision of the LLM is defined as

LLM(mfeedbacb gfeedbacky Dinita Qa Acands)

Proceed to Answer Generation, if Enough  (3)

[Rfeedbacka Qfeedback} ) otherwise

where the “Enough” case indicates that Dy, contains suf-
ficient information to generate the final answer A. The
“Not Enough” case denotes that additional information is
required: the LLM outputs a rationale Ryeeqhack describ-
ing the missing information in Dj,;; and generates a feed-
back question Qfeedback, Which are then used to refine the
video description for the next iteration. Building on prior
works showing that rationales enhance the quality of feed-
back questions [8, 10, 14], we employ them to make feed-
back more precise and to steer the refinement of Dj,;; toward
the most relevant missing information.

Zoom-in Description Generation. = The purpose of
Qfeedback 18 to extract information that was not present in
Dinie. Therefore, instead of employing uniformly extracted
frames at the Initial Description Generation stage, the
Zoom-in Description Generation stage employs an adaptive
frame selection strategy, which is more suitable for Qfeedpack
to find visual evidence for more detailed information. To
achieve this, the frame selector FS is integrated into this
stage. The FS calculates a matching score s between the
feedback question Qfeeqvack and each frame in v; € V, ex-
pressed as sy = A(Qfeedback; V¢). The matching score s
reflects the likelihood that each frame contains visual evi-
dence relevant to Qgeedpack. All frames are ranked based on
their scores, and the top N frames are selected as samples
to construct a Qfeedvack based zoom-in video frames V.

FS can be implemented in two ways: caption-based
and image-based. In the caption-based setting, FS per-
forms text-to-text matching between the feedback question
Qsecdvack and frame captions generated by a VisionLM', us-
ing a pretrained text encoder” inspired by [7]. In the image-

Thttps://huggingface.co/liuhaotian/llava-v1.5-7b
Zhttps://huggingface.co/iarfmoose/bert-base-cased-qa-evaluator
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Figure 3. Variants of iterative feedback refinement strategies: (a) AIoR: feedback generation judges whether the information is sufficient
and decides whether to continue iteration. (b) GIoR: refinement is enforced over multiple iterations to improve the video description. (c)
BPoR: multiple feedback questions are generated simultaneously and used to update the description in a single iteration.

based setting, FS instead performs image-to-text match-
ing between frames and Qfeegvack Using a pretrained vision-
language encoder such as CLIP [26]. Note that the number
of comparison frames considered by FS is larger than the
number of input frames N allowed in the VideoLM.

After the FS selects V', which contains visual evidence
relevant to Qfeedvack, the selected frames are combined with
Qfeedback and fed into the VideoLM. This process generates
a zoom-in description D,qop, that incorporates additional in-
formation beyond Dy

Dzoom = VideoLM(V', Qfeedback)- (4)

Although Do, captures additional information relevant

to Qfeedbacks it lacks temporal grounding, i.e., it does not
specify where in the video such information occurs. To
address this limitation, we proceed to the next stage, Re-
finement, which incorporates temporal relations into the de-
scription.
Refinement. In this stage, the LLM refines Dj,; by in-
corporating additional information from D,oon, thereby en-
hancing its relevance for answering the question. Specif-
ically, the LLM integrates the details from Do, into the
temporal flow of Djy;, ensuring that the refined description
preserves global context while adding localized evidence
critical to the query. The refinement process is formally
defined as follows:

®)

where Zyefine is the prompt that instructs refinement, and
Erefine represents the few-shot examples. The refined de-
scription Diefipe is fed back into the feedback generation

Dreﬁne = LLM(xreﬁnea 5reﬁnea Dinita Dzoom)a

process, replacing Dy, and this procedure is repeated un-
til the information is deemed sufficient. We design several
variants of the feedback refinement process, which are de-
tailed in Sec. 3.5.

3.4. Answer Generation

Finally, the LLM performs reasoning to generate an an-
swer based on the fully aggregated video description Dgpy.
At this stage, both @) and Dy, are provided as inputs
to the LLM. Through this process, the model demon-
strates how it understands the video and derives its re-
sponse, thereby highlighting the advantage of explainabil-
ity achieved through interpretable descriptions. The answer
generation concludes with the LLM generating the final an-
swer A, which can be expressed as:

A= LLM(xanswer; 5answer7 Dﬁnal; Qa Acands); (6)
where Zanswer 1S the prompt that instructs question answer-
ing, Eanswer provides examples demonstrating the answering
process, and Dypg represents the description that is deter-
mined to be sufficiently informative in the feedback process.
We emphasize that through each step, the descriptions are
refined to enhance the reasoning capabilities of the LLM.

3.5. Variants of Feedback Refinement

In this work, we employ three distinct variants of descrip-
tion refinement through feedback: autonomous iteration
of refinement(AIoR), guided iteration of refinement(GIoR),
and batch processing of refinement(BPoR). The overall pro-
cess of each method is illustrated in Figure 3. Detailed ex-
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. . - Video Streaming
Approach Model Video processing LLM NExT-QA  EgoSchema  ActivityQA MME Bench
VideoAgent Frame captions GPT-4 71.3 54.1 - - -
(a) VisionLM-LLM MoReVQA Frame captions GPT-4 69.2 51.7 453 - -
VideoTree Frame captions GPT-4 75.6 61.1 - - -
Tarsier-7B Direct video input X 71.6 49.9 59.5 - -
. Llava-OV-0.5B | Direct video input X 57.2 26.8 50.5 43.6 43.8
(b) VideoLM (E2E) | "1 1,00 OV-7B | Direct video input X 79.4 60.1 56.6 61.2 58.4
Llava-V-7B Direct video input X 83.2 57.3 56.5 68.6 56.6
Llava-OV-0.5B | Video Description | Phi-3-mini 58.9 (1.77) 27.6 (0.87) 48.5 (2.00) 279 (15.7))  32.4(11.4))
(¢) VidDesc-LLM Llava-OV-7B Video Description | Phi-3-mini | 60.8 (18.6)) 55.3(4.8]) 54.1 (2.5]) 37.8(23.4)) 43.6(14.8])
Llava-V-7B Video Description | Phi-3-mini | 62.5 (20.7)) 54.8 (2.5]) 54.6 (1.9]) 38.1(30.30) 45.7(10.9))
Llava-OV-0.5B | Video Description | Phi-3-mini 61.2 (4.01) 37.4 (10.6T) 55.2 (4.71) 46.6 (3.01) 452 (1.41)
(d) RefineVQA(Our)| Llava-OV-7B Video Description | Phi-3-mini 80.3 (0.91) 62.4 (2.37) 59.4 (2.87) 63.1 (1.9 60.2 (1.87)
Llava-V-7B Video Description | Phi-3-mini 83.7 (0.57) 61.2 3.97) 59.2 2.71) 70.7 2.17) 59.7 3.11)

Table 1. Performance comparison of RefineVQA with different approaches:(a) VisionLM generating frame caption and LLM, (b) VideoLM
end-to-end answer generation (E2E), (c) VideoLM generating description and LLM (VidDesc-LLM) and (d) our proposed RefineVQA
(AloR). Blue parentheses indicate performance gains, while red parentheses indicate drops on the same VideoLM models in (b). The last
three columns represent accuracy (%). Bold and underline respectively indicate the best and second best.

amples of each feedback refinement variant are provided in
the Supplementary Material.

Autonomous Iteration of Refinement (AIoR). In the
AloR, the feedback generation process determines whether
the video description is sufficient to address the question.
This decision is reflected in the Boolean output signal iter-
ation stop. Termination following a positive signal mostly
results in fewer iterations than the enforced maximum limit.
While this accelerates the response by reducing exploration,
it carries the risk of premature termination when faced with
more complex queries.

Guided Iteration of Refinement (GIoR). GIoR adopts a
strategy opposite to that of AIoR, performing refinement
over a fixed number of iterations to prevent premature con-
vergence. In GIoR, the process continues for a predefined
number of steps k after which the LLM evaluates whether
the video description is sufficient to derive the final answer.
However, this approach involves additional computational
overhead and may lead to redundant or repetitive iterations.
This design improves robustness against premature conver-
gence, but it also poses a limitation in that an appropriate
value of k must be carefully chosen.

Batch Processing of Refinement (BPoR). BPoR generates
multiple questions simultaneously during the feedback gen-
eration process, without iterative refinement. After multiple
questions are generated, the frame selector extracts relevant
frame sets for each question to provide responses. Indepen-
dent zoom-in descriptions are then created for each ques-
tion. The merging process for refinement is performed by
the LLM within the allowable token limit, enabling the fi-
nal description to be completed in a single iteration. This
design offers advantages in terms of speed, but it does not
support dynamic refinement and carries the risk of losing
important information during the merging process.

4. Experiments

4.1. Performance on VideoQA

We demonstrate the effectiveness of RefineVQA by com-
paring it with existing approaches on the NExT-QA [34],
EgoSchema [23], Activity-Net [40], Video-MME [6], and
StreamingBench [17] benchmarks, as shown in Tab. 1. No-
tably, Video-MME and StreamingBench consist of long-
form videos, which pose greater challenges for temporal
reasoning. Further details on the datasets are provided
in the Supplementary Material. We evaluate our method
against three types of systems: (a) VisionLM generat-
ing frame captions, which are then processed by an LLM
[24, 30, 32], (b) VideoLM end-to-end answer generation
(E2E) [12, 29, 45] and (c) VideoLM generating descrip-
tion and LLM (VidDesc-LLM). Specifically, (a) utilizes an
open-source VisionLM as a captioner, generating captions
that are then fed into an LLM model (GPT-4) to generate
an answer. In contrast, (b) employs a VideoLM to gener-
ate answers in an end-to-end manner, while (c) first gen-
erates video descriptions using a VideoLM and then feeds
them into an LLM to produce the final answer. To ensure a
fair evaluation, we employ the same small LLM, Phi-3-mini
(3.8B), for both (c) and the proposed method (d).
RefineVQA, which employs a smaller LLM instead of
a large-scale LLM like GPT-4, demonstrates significantly
superior performance compared to the VisionLM cap-
tioner approach across the three benchmarks: NExT-QA,
EgoSchema, and Activity-QA. Compared to the VideoTree
model (the highest in (a)), RefineVQA outperformed it
by 8.1% on NExXT-QA when using the Llava-V 7B model
and by 1.3% on EgoSchema when using the Llava-OV
7B model. However, since this performance improvement
can be attributed to the enhanced video understanding ca-
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VideoLM | AloR | GIoR | BPoR
Llava-OV-0.5B |  61.2 61.0 59.8
Llava-OV-7B 80.3 79.8 76.4
Llava-V-7B 83.7 83.4 79.3

Table 2. Comparative experiment on variants of iterative refine-
ment in VideoQA on NEXT-QA.
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Figure 4. Performance changes depending on the iteration number
of the refinement under AloR setting.

pabilities of VideoLM, we compare RefineVQA with the
end-to-end manner of VideoLM (b). In this comparison,
the Llava-OV 0.5B model achieved improvements of 4%,
10.6%, 4.7%, 3.0%, and 1.4% across the five benchmarks
when applying iterative refinement. Additionally, Llava-
OV-7B achieves gains of 2.3% on EgoSchema and 2.8%
on ActivityQA, while Llava-V-7B yields even larger im-
provements of 3.9% on EgoSchema and 3.1% on Stream-
ingBench. These results demonstrate that iterative refine-
ment remains effective, especially for egocentric and long-
form video datasets, where limited perspectives or extended
temporal contexts often lead to incomplete understanding in
end-to-end models.

Note that the proposed framework emphasizes its ability
to explain VideoLM’s understanding of videos. Despite the
impressive performance of VideoLM, the lack of explain-
ability in the end-to-end approach limits the transparency of
VideoLM’s video understanding process. To verify this, ex-
periment (c), where simple descriptions were generated and
answers were inferred using an LLM, showed a significant
performance drop. However, our approach compensates
for this limitation and demonstrates superior performance
compared to the end-to-end approach. The performance
drop in experiment (c) was even more pronounced on long-
form video datasets such as Video-MME and Streaming-
Bench. In particular, Video-MME exhibited a degradation
of over 30%. Nevertheless, our proposed method, which
iteratively refines descriptions, outperforms the end-to-end
approach, achieving performance gains of 3.0%, 0.9%, and
1.6% across different models. These results demonstrate
that our method not only enhances explainability but also
achieves superior performance.
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VideoLM | Caption-based | Image-based
Llava-OV-0.5B 62.3 61.2
Llava-OV-7B 80.7 80.3
Llava-V-7B 83.9 83.7

Table 3. Performance comparison of caption-based and image-
based frame selection methods for VideoQA on NEXT-QA.

4.2. Comparison of Feedback Refinement Variants

In this section, we compare and analyze three variations
of feedback refinement on NExT-QA across different Vide-
oLMs, as presented in Tab. 2. AloR allows up to 3 iter-
ations, averaging 2.1 in practice, whereas GIoR enforces
exactly 3 iterations. BPoR generates 3 questions in a sin-
gle step, corresponding to the three iterations, to ensure ex-
perimental consistency. Among the three variations, AIoR
achieved the best performance, reflecting the intrinsic ad-
vantage of the proposed method in predicting subsequent
information based on previously generated content. In ad-
dition, this demonstrates the necessity of re-selecting in-
put frames to retrieve the required information during the
feedback process. In the case of GIoR, although it does
not show a significant difference compared to AloR, its
performance is affected by the generation of redundant in-
formation due to forced repetition and the degradation of
initial information. BPoR shows faster progression with-
out repetition, but does not achieve significant performance
improvements compared to other variations. BPoR pro-
gresses quickly without repetition, but does not show sig-
nificant performance improvements compared to other vari-
ations. This limitation can be attributed to its inability to
harmoniously integrate information across frames through
the LLM. In other words, since BPoR generates multiple
questions in a single step, it fails to fully exploit inter-frame
dependencies, resulting in less effective performance gains
compared to iterative refinement methods such as AIoR.

4.3. Performance Improvements Across Refinement
Iterations

Fig. 4 compares the performance of the proposed AIoR
method across iterations and demonstrates the performance
improvements at each refinement iteration for the NExT-
QA and Video-MME datasets. Experimental results showed
that utilizing the initial video description (without feed-
back) led to a significant performance drop compared to the
end-to-end VideoLM approach. Both 7B models showed an
approximate 20% performance drop compared to the end-
to-end generation approach. This raises the possibility that
the VideoLM model is optimized to generate answers with-
out a deep perception of the video content. On NExT-QA,
a single refinement iteration was sufficient to yield perfor-
mance gains across all models, with the 7B model achieving



. NExT Ego Video . NExT Ego Video
VideoLM ‘ LLM ‘ QA Schema MME VideoLM LLM QA Schema MME
| X | 78.1 - 57.8 Phi-3 612 374 552

VAMBA Phi-30un) | 80.4 - 632 Llava-0.5B | Qwen2.5 | 609  38.8 54.7
| Phi-3(Our) | 80. . Mistral | 608  37.6 551
InternVideo | % | = 63.9 651 Phi-3 | 837 612 592
| Phi-3(Our) | - 653 683 Llava-7B | Qwen2.5 | 835 614 59.3

Mistral | 83.6 612 59.1

Table 4. Evaluation of end-to-end baselines (w/o LLM) and our
refinement method using Phi-3-mini on alternative VideoLMs.

an improvement of about 12%. In contrast, on Video-MME,
which contains longer video content, substantial gains be-
gan to appear from the third iteration, where improvements
of more than 15% were observed. These results highlight
the benefits of iterative refinement, as repeated iterations
enable the extraction of necessary information from com-
plex video content. Performance on NEXT-QA converged
after roughly three iterations, while on Video-MME, con-
vergence was reached after around six iterations. This indi-
cates that shorter videos allow faster convergence, whereas
longer and more complex videos require additional itera-
tions, leading to slower convergence in terms of refinement.

4.4. Comparison of Frame Selectors

Tab. 3 compares the performance of two frame selection ap-
proaches for identifying informative frames, caption-based
and image-based, across different VideoLM models. The
results demonstrate that the caption-based frame selector
generally achieves consistently higher performance than the
image-based approach for all models. Caption-based se-
lection by leveraging textual representations enables better
alignment with the question. However, it incurs additional
computational costs, resulting in lower efficiency in terms
of processing speed. These results suggest that caption-
based frame selection offers consistent performance gains,
but with a trade-off in computational complexity.

4.5. Generalizability of Proposed Method

To evaluate the robustness of our method across different
VideoLMs, we conducted experiments using VAMBA [27]
and InternVideo2.5 [31] instead of Llava. As shown in
Tab. 4, we evaluate each model under two settings: the
end-to-end baseline without an LLM and our refinement
method that employs Phi-3-mini as the LLM. Across all
configurations, our method consistently improves upon the
end-to-end baselines. Specifically, VAMBA shows perfor-
mance gains of 2.3% on NExT-QA and 5.4% on Video-
MME, while InternVideo 2.5 demonstrates improvements
of 1.4% on EgoSchema and 3.2% on Video-MME. These
results indicate that the proposed framework is generaliz-
able and effective across different underlying VideoLMs.
To further examine its robustness, we also evaluate the
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Table 5. Evaluation demonstrating the generalizability of our ap-
proach across various small-scale LLM:s.

framework with different LLMs to assess its generaliz-
ability beyond VideoLMs. Tab. 5 demonstrates that pro-
viding descriptions refined via feedback yields consistent
improvements over the base VideoLM, regardless of the
choice of LLM. Notably, all three small-scale LLMs (Phi-3,
Qwen2.5, and Mistral) deliver comparable gains, with Phi-
3 showing slightly higher accuracy in most cases. These
results indicate that the proposed framework is not tied to
a specific LLM and can consistently enhance performance
across different back-end language models. Furthermore,
prior studies suggested that VQA performance is heavily
dependent on the LLM’s prior knowledge acquired during
the LLM’s training. [35]. In contrast, our results show that
accurate and context-aware responses can be achieved by
leveraging video-derived information, demonstrating strong
performance even with smaller LLMs rather than relying
solely on large knowledge-intensive models.

5. Conclusion

We propose RefineVQA, a training-free framework that
augments the LLM agent paradigm with video descrip-
tions, extending it beyond frame-level reasoning to ex-
ploit richer temporal context. By generating question-based
zoom-in descriptions and performing iterative refinement,
RefineVQA progressively enhances the alignment of video
evidence, enabling more accurate reasoning and answer
generation. ReFineVQA demonstrated strong performance
across five benchmark datasets. A key strength of our ap-
proach lies in its ability to generate question-specific video
descriptions that convey temporally grounded visual infor-
mation to the LLM, enabling strong performance even with
a lightweight language model. Additionally, our method
is a robust, training-free approach that can be utilized re-
gardless of pipeline components, specific domains, or data
modalities. However, it acknowledges limitations in com-
putational cost and complexity due to repeated refinement.
Nevertheless, the core principle of iteratively refining video
descriptions through feedback to better respond to questions
provides the advantage of explainability in the process of
understanding the video and generating answers.
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