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Abstract

Video-language models have shown promise for addressing
a range of multimodal tasks for video reasoning, such as
video question-answering. However, the inherent compu-
tational challenges of processing long video data and in-
creasing model sizes have led to standard approaches that
are limited by the number of frames they can process. In
this work, we propose the Flexible Frame Selector (FFS), a
learnable policy model with a new flexible selection oper-
ation, that helps alleviate input context restrictions by en-
abling video-language models to focus on the most infor-
mative frames for the downstream multimodal task, without
adding undue processing cost. Our method differentiates
from prior work due to its learnability, efficiency, and flex-
ibility. We verify the efficacy of our method on standard
video-question answering and reasoning benchmarks, and
observe our model can maintain or improve base video-
language model accuracy while significantly reducing the
number of downstream processed frames.

1. Introduction

Reasoning about events to answer questions about videos
is a long-standing challenge for multimodal Al systems.
In the image domain, vision-language models (VLMs)
have shown great promise for multimodal reasoning tasks
[32,42,44,58, 60]. However, transferring this success from
large image-language models [9, 31, 32, 55] to the video-
language setting [9, 39, 46, 72, 85] has proven challenging,
largely due to the computational complexities arising simul-
taneously from (1) increasing model sizes and (2) the vol-
ume of video data that must be processed for a single pass.

Thus, current state-of-the-art approaches for video-
language understanding are often constrained to using rela-
tively few frames from the original video data, usually ob-
tained through uniform downsampling [2, 8, 9, 12]. This
approach, while straightforward, often ignores the nuances
of the fundamental nature of videos. In particular, videos
include highly correlated input frames and depict many
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Figure 1. Adaptive frame selection for VideoQA. Video
question-answering (VideoQA) is a key task for long video under-
standing, encompassing causal, temporal, descriptive event rea-
soning. Large vision-language models (VLMs) are often com-
putationally constrained by expensive video input context. How-
ever, not all frames are useful or necessary to perform the task.
We propose FFS, a lightweight policy for flexible frame selection.
FFS is adaptive, learning to use multimodal context to select only
what is necessary for the downstream, large VLM, whether it is
(a) a single frame for simple questions, or (b) multiple frames
for complex queries. Unlike other adaptive selection approaches
[45, 70], our FES improves overall efficiency, requiring no expen-
sive LLM/VLM API calls of its own.

events, from which only a few may be semantically relevant
to the task. Thus, sampling uniformly can potentially result
in frame inputs that are either redundant, containing infor-
mation in multiple frames where one would suffice [5, 30],
or irrelevant, with respect to the input question [38, 85].
Processing these inputs can thus lower overall efficiency. In
addition, for video reasoning tasks, key events of interest
can occur for relatively short timespans within the larger
video, and this uniform sampling method can miss provid-
ing the VLM this critical information and thereby lower ac-
curacy. The interplay of these characteristics of videos pro-



vides an opportunity: by focusing on frames that matter to
the reasoning task, we can potentially improve both accu-
racy and efficiency simultaneously.

This opportunity has motivated the development of mul-
timodal frame selection models, which build on early work
in unimodal systems [28, 76] designed for simpler tasks
(e.g. action recognition [6, 29, 59]). These models aim to
select a fixed number of input frames [5, 85] to pass to
downstream multimodal models [32, 55] that can perform
the final reasoning task. However, there are two limita-
tions of these approaches: (1) state-of-the-art approaches
for frame selection can be as computationally expensive as
the downstream models [70, 85], so while there are accu-
racy improvements, they come at substantial efficiency cost,
and (2) they often pick a fixed number of frames [5, 85], re-
gardless of the specific nature of the video or question. As
illustrated in Fig. 2, this can lead to cases of specific (video,
question) inputs where the sampler’s fixed value is set too
high, picking redundant or semantically irrelevant frames
and reducing efficiency, or set too low, missing key infor-
mation and reducing accuracy.

To address these limitations, we propose the Flexible
Frame Selector (FFS), an efficient, adaptive selection model
based on a new flexible, controllable selection operation.
The core insight for our approach is motivated by the fact
that adaptive selection for video reasoning is inherently con-
tingent on multimodal context: videos may require few or
more frames depending on the question complexity, and
some questions are more readily answerable with certain
videos. In Fig. 1, we illustrate some examples: for simple
reasoning questions, it can be sufficient to process one or
two frames, while for multi-event reasoning questions, the
model may need multiple frames sampled across the video.
Accordingly, our adaptive FFS model is able to dynamically
determine the number of frames needed and select only
what is necessary. Central to our new efficient design is our
introduction of a novel “[CTRL]” register token to the selec-
tor, which accumulates the necessary multimodal context
and enables us to leverage efficient “fixed” selection design
components in an adaptive manner (Fig. 2). This new token
and its integration to the model enables the user to explicitly
control the minimum/maximum bounds for the number of
selected frames, but gives the model the flexibility (in a dif-
ferentiable, learnable manner) to determine both the num-
ber of frames it should pick and the discrete selection itself,
conditioned on the input video/question context. Critically,
our overall design improves overall efficiency, making no
expensive VLM/LLM calls of its own like other adaptive
video reasoning and selection frameworks [45, 70]. We
demonstrate the effectiveness of our approach on improving
efficiency-accuracy on standard multimodal video question
answering and event reasoning benchmarks, including In-
tentQA [33], NExT-QA [77], and EgoSchema [41].

2. Related Work

Multimodal Video Reasoning. Video Question-
Answering (videoQA) is an important task for assessing
multimodal video understanding systems’ ability to reason
about videos [41, 77, 81, 82, 90]. End-to-end VLMs for
this task typically consists of strong vision and language en-
coders/decoders [2, 7-10, 32, 34, 39, 88]. For state-of-the-
art VLMs, memory limits often lead to significant down-
sampling: e.g. temporally sampling a subset frames with
large strides [8, 10, 34, 65] or spatially subsampling each
frame to a single token [68, 83, 91]. Importantly, these
methods do not intelligently select frames according to what
may be useful to the task itself. As such, recent video rea-
soning model frameworks [45, 70, 87] have considered an
adaptive approach, leveraging expensive VLMs and LLMs
as APIs [1] to iteratively select and reason about context to
improve performance. These approaches, however, come
at substantial efficiency cost, leaving an opportunity to im-
prove efficiency while maintaining accuracy gains.
Unimodal Selection and Compression. The ideas sur-
rounding selection of key and relevant information has a
rich history in video analysis and understanding. Video
compression relies on the idea that there are large amounts
of visual redundancy between frames, such that only a sig-
nificantly smaller set of keyframes are necessary to process
fully [74, 75]; in our work, we extend this idea further, with
the observation that even fewer frames may be necessary
to fully process in the context of a specific question about
a video. In earlier work, accelerating action recognition in
short videos through adaptive selection was extensively ex-
plored [16, 19, 28, 76]. While these settings are unimodal
(vision-only) and limited to a closed set of actions and ac-
tivities, these techniques have formed the basis for inspiring
later work in multimodal video tasks [5, 38].

Multimodal Selection for VLMs. Recent work has fo-
cused on leveraging language in conjunction with video in-
formation to guide selection more effectively [5, 18, 85].
However, these approaches all share some key limitations.
First, prior work is largely constrained to rigid selection
designs, where a fixed number of selected frames or seg-
ments must be determined ahead of time, and applied uni-
formly to all methods; e.g., in [5] this number is set to
I, and in [85] it is set to 4. In contrast, our method
adaptively determines how many selected frames are actu-
ally needed affer observing the video and question input.
While some prior work leverage differentiable operations
[5, 18], other state-of-the-art techniques have a strictly non-
differentiable design, and require binary groundtruth super-
vision for each frame, denoting whether it should be se-
lected or not [85]. For example, [85] requires pre-training
with groundtruth frame-level annotations to denote explic-
itly whether a given frame should be selected or not, and
fine-tuning with VLM-generated pseudolabels [32] which
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Figure 2. Selection approaches (overview). (a) The standard approach for selecting frames for large VLMs is to draw a sparse sample
uniformly across the video, which can lead to missing key relevant information or inclusion of semantically irrelevant content to the input
question [30, 38]. (b) Prior work [5, 85] improved on this with multimodal selection, usually with a top-k policy that is fixed to low or
high values; this leads to cases where the selection is either too broad or too narrow for the specific (video, question) input. (¢) Our work
improves on this further by creating an efficient, end-to-end learnable policy which can explicitly decide the value of k£ (within a provided
[low, high] range) conditioned on the input (video, question), achieving a better efficiency and accuracy trade-off. Importantly, unlike
recent work on adaptive video reasoning [45, 70], our policy does not make API calls to expensive VLM or LLM models (e.g. GPT-4).

can be noisy and give limited improvement in some set-
tings. Finally, recent work like [45, 70, 85] leverage ex-
pensive VLM foundation models [1] to perform selection,
which are themselves as heavy as the downstream VLM.
While approaches like [70] show promising adaptive selec-
tion behavior, this substantial model cost obviates any po-
tential efficiency gain. In contrast, we propose a more effec-
tive and lightweight design that can learn end-to-end from
the downstream VLM task. We discuss potential synergies
of our work with additional concurrent related work (e.g.,
[51, 64, 69, 86]) in our supplement.

3. Technical Approach

Overview. We here describe our technical approach for
our Flexible Frame Selector (FFS), aimed at improving ef-
ficiency and accuracy for downstream video-language rea-
soning models. In Sec. 3.1 we present an overview of our
approach. Our model has three key design aspects: First,
the model is lightweight, adding marginal computational
processing ahead of the downstream model to achieve over-
all efficiency and accuracy gains. Second, the model is
end-to-end differentiable and can be supervised by task-
specific VLMs without the need for groundtruth frame la-
bels [85]. We describe how we achieve both of these first
two design goals in Sec. 3.2, leveraging “fixed” top-k ma-
chinery [24, 27, 40]. Third, our model predicts an explicit,
variable-sized selection set of frames conditioning on the in-
put; we describe in Sec. 3.3 our new [CTRL] register token
and its novel integration to create flexible behavior from tra-
ditionally inflexible architecture components, without com-
promising the first two design aspects.

3.1. Task and Goal Overview

We first briefly describe our task setting and overall goals.

Task and Inputs. Our work focuses on the video question-
answering task to measure video-language reasoning ca-
pabilities, where the input to the model is a video frame
sequence V. = {vy,...,v,} with n frames and a natu-
ral language question gguest- The goal is to output a fi-
nal answer a satisfying the question. In the discrimina-
tive formulation of this task, a set of m answer candidates
Gopts = {Qoptys - - - Gopt.,, y from which the correct answer
@ € Qopts 18 determined. Thus, the overall language input is
constructed as L = {qquest } U Gopts-
Goal. The goal of our method is to address the underlying
motivation that the number of frames necessary to perform
a given task is dependent on the specific context of the in-
put question and video: for some videos where the question
is simple, or the video is highly redundant, sampling one
or two frames may suffice, while for multi-event reasoning
or counting questions, multiple frames may be required to
achieve full accuracy (Sec. 1). Thus, our goal is to create a
selection model (FFS) that selects s frames from the origi-
nal sequence, given multimodal inputs (V, L):
FES(V,L) : {v1,...,vn} = {vs,, ..., v, } (1
where {i1, ...} are the selected indices, s € [kiow, Knigh]
is within pre-specified low/high bounds for the selection
and s << n represents a significant reduction in overall
visual input size (number of frames). Our design is in-
tended to be flexible; rather than a fixed value k& that must
be applied to all (video, question) pairs (regardless of need
or relevance), our model is able to consider what is rele-
vant first before a downstream (heavy) VLM is applied to
an adaptive selection to achieve a better accuracy/efficiency
balance. In the rest of this section, we discuss the key design
elements that enable this behavior, and satisfy our overall
design goals for our selector.
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Figure 3. Model overview. We introduce a new, lightweight
model (FES) for input frame selection. Different from prior work,
our model flexibly determines the number of selected frames s €
[Kiow, knign] rather than a fixed value for k, where bounds are set
by the user, and the exact value is adaptively determined by the
model on specific (video, language) input without expensive VLM
or LLM reasoning calls. The model makes the joint decision of
how many and which frames to select by accumulating selection-
relevant context in [CTRL] register tokens with a multimodal tem-
poral encoder. Our overall design is end-to-end trainable, super-
vised by a downstream heavy vision-language model and auxiliary
losses that help to guide selection behavior. See Sec. 3.2 and 3.3.

3.2. Flexible Frame Selector (FFS): A “Fixed” Base

We now discuss the initial, base design of the overall se-
lector. Our overall Flexible Frame Selector (FFS) model
design is constructed initially on an inflexible design (i.e.,
selects a fixed number of frames, leveraging “fixed” top-
k machinery [24, 27, 40]) that satisfies the initial design
goals around having a lightweight and end-to-end learnable
model. Our full design then incorporates some new key
modifications, described further in Sec. 3.3, which preserve
these attributes but add flexibility.
Overview.  As illustrated in Fig. 3, our model has a
two stage design: first, we have the multimodal encoder,
which takes input tokens from the vision V' and language
L modalities, and outputs a list of selector representations
that capture the semantic informativeness of each frame rel-
ative to the video and the question. The second stage then
takes these representations and performs a discrete (differ-
entiable) selection of the embeddings with the highest rele-
vance to the downstream query.

We first describe the vanilla “fixed” version of our model
that satisfies the conditions of being end-to-end differen-

“fixed”  with gives
k=4 |[CTRL] flexible | s

ogg » 1
100 » 1|z

IS [ [ RE
TR [T

input to selection

*
I o0 e-s

[CTRL]

Figure 4. Flexible Frame Selection with [CTRL]. We illustrate
mechanically how introducing the [CTRL] register tokens enables
flexibility with “fixed” differentiable selection. After the selector
encoder step, the [CTRL] register tokens contain contextual infor-
mation relevant for selection from the input video and language
(question). While the top-k selected shown here is “fixed” at 4
(blue underlines), the resulting number of output selected tokens
s can range from [1,4] depending on how many of the ¢ = 3
[CTRL] tokens are also selected. Thus, the model can adaptively
decide how many frames to select by adjusting what representa-
tion is accumulated in [CTRL]. See Sec. 3.3 for details.

tiable and lightweight, but is not yet flexible. In Sec. 3.3,
we describe how introducing the [CTRL] register token and
auxiliary losses unlock adaptive behavior.

FFS Encoder (Fixed Size Component). Our encoder
model takes as input visual features V@ = {f1,..., fn}
corresponding to the n frames, which can be pre-computed
or obtained from a lightweight image visual encoder model
and textual features Ly = {fquest, topt,, - - - } (mapping to
the m+-1 language inputs in L) from a similarly lightweight
text encoder (e.g., BERT [14] from CLIP [55]). We aug-
ment these representations to preserve temporal order (with
respect to the original video) by adding learnable position
encodings, and to both vision and language embeddings we
add a learnable modality embedding to indicate the input
type. Thus, the encoder is defined as:

FFSene({Vr, LT}) : 2)
({01, v} {bquests toptns - 1) = {fto s 11}

where the output is a sequence of length n and each en-
coding f/ is the selector encoding corresponding to orig-
inal vision input v;. This encoder is parameterized by a
lightweight multimodal transformer, adding marginal pa-
rameter overhead relative to the downstream task model.

FFS Selector (Fixed Size Component). Our selector
component takes the encoded output sequence {f1, ..., f/}
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from Eq. 2 as its input. These representations are mapped to
a final logits vector { = MLP({f1, ..., f,}) of size n using
an MLP network applied to each of the n» embeddings. In
a traditional fixed size design (i.e. number selected s = k),
we would perform top-K selection on these embeddings to
output a final set of the indices {i; ...,is} corresponding
to the selected frames, as desired. Specifically,

FFSsei({f1,---, fL}) s arg m]?X(l) = {1, ds=k ) Q)
We describe our design modifications to enable flexibility
through the [CTRL] token in Sec. 3.3 below.

FFS Learnability and Training. During training, our non-
differentiable, discrete (argmax) top-k operation is made
end-to-end differentiable by generalizing the Gumbel-Max
straight-through estimator (STE) trick for Top-1 selection
[24] to k values, per [27, 40]. Briefly, we add noise from
the Gumbel(0,1) distribution [22] to the logits [ to obtain a
perturbed logits I’ before “sampling” the top-k values on the
forward pass. We apply the STE formulation to ensure what
is then forwarded is the discrete selection, but on the back-
ward pass the gradients flow through the original logits, as a
first-order approximation [37]. The selected indices are rep-
resented as a binary mask of length n, which is then applied
to the original frame set to obtain the final selected frames
for the downstream VLM to perform the task. Through
this formulation, we are able to directly integrate our model
with a downstream VLM, and use supervision from the fi-
nal task itself to learn what frames are worth selecting given
example inputs, without needing explicit frame-level anno-
tations (e.g., localization labels, which can be expensive to
obtain). In the context of discriminative videoQA, the su-
pervising loss is cross entropy over the candidate option set
(|gopts| = m) and this loss is backpropagated end-to-end to
the learned flexible selection policy, as illustrated in Fig. 3.

3.3. FFS with [CTRL]: From “Fixed” to Flexible

As initially described in Sec. 3.2, the base components for
our FFS model are inflexible, requiring a fixed value for the
number of selections s = k. The core challenge at the heart
of our model remains: how do we create flexible behavior
(s € [Kkiow, knign]) in such a setting, while preserving key
properties of end-to-end differentiability and a lightweight
design? Here, we describe how introducing a new token
“[CTRL]” with its specific integration to our model allows
us to address this challenge. We illustrate the mechanics of
the resulting flexible selection in Fig. 3 (right).

Intuition. Intuitively, a flexible selector should, within the
context of minimum, k;o,,, and maximum, kg, Size win-
dows, determine that if the number of “informative” frames
is lower than kp,qp, then it should only select a number
s < knign of these frames for what is actually helpful.
Thus, the problem reduces to building an adaptive filter con-
ditioned on the vision-language inputs, such that anything

above this filter should be considered for final selection, and
anything below it should be disregarded.

[CTRL] Modifications. We create this “threshold” by in-
troducing our learnable [CTRL] token. At the input encoder
level, we modify Eq. 2 to include as input a sequence of
c [CTRL] tokens, as shown in Fig. 3, concatenated to the
original input sequence. The encoder then outputs n + ¢
representations, instead of only n. Thus, Eq. 2 updates to:

FFS/!'® ({V [CTRL], Lr}) :

(Vi {c1,. sy, L) = {f1, ..., fh.cy, ... cl}

During multimodal encoding, the model can accumulate a
representation in the [CTRL] register tokens that intuitively
captures a more general video/question-level value, and not
to any particular frame input. This representation is then
implicitly compared during the (fixed) top-k selection oper-
ation, and only indices corresponding to non-[CTRL] repre-
sentations (i.e., actual frames) are finally output from FFS,
with any selections to [CTRL] being discarded. Thus, we
make the following modification to Eq. 3:

"f’:),?cl17""czl}):

arg m]gLX(l) — {7;17 e Dise[klmuykhigh]}

where the final logits [ = MLP({f{,..., fl,c},...,c.})
is expanded to size n + ¢, and selections of [CTRL] are
dropped by keeping the first n indices of the selection mask.
By modulating k£ (in the selector) and ¢ (number of
[CTRL] tokens), we are able to explicitly encode the
(k10w knign) bounds, where kpign = k, and kjo,y = k — c.
Intuitively, this k., value is reached when the model
chooses to select k — c tokens from the n frames, and its
“leftover budget” is accounted for by selecting all ¢ [CTRL]
tokens. In Fig. 3 and Fig. 4, we illustrate the case where
k = 4 and ¢ = 3; here, we are able to flexibly select any
number between 1 and 4 frames (e.g., in Fig. 3, we show a
selection of 1 [CTRL] token and 3 frames). In this way, the
[CTRL] token stands for “control” in two aspects. First, the
[CTRL] token enables the user to control the bounds of k;,,
and kpign, such that s € [kiow, knign), and its inclusion en-
ables the model to control (within these bounds) how many
tokens are finally selected. This is useful for cases when the
downstream model performs better with a particular min-
imum number of inputs. Second, the post-encoder rep-
resentations ¢/, contain a “baseline control” reference that
dynamically thresholds which frame tokens matter to the
downstream task and are filtered through downstream.
[CTRL] Initialization and Training. We initialize the
[CTRL] representations with mean embeddings of the in-
put visual tokens {vy,...,v,}, combined with a learnable
embedding ejcrrr).- In addition to the task-specific loss
described in Sec. 3.2 backpropagated from the downstream
VLM, we supervise the selection behavior directly with a
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Figure 5. Selection analysis (Ablation). We perform an ablation
analysis of our method against standard uniform selection (blue)
and “fixed” top-k selection (k € {1,2,4,8}). The z-axis (log-
scale) indicates the number of selected frames from an initial pool
of 32 frames, and y-axis indicates accuracy on a validation subset
of [33]. We show two flexible policies in yellow (s € [1,4] and
[1, 8]), where arrows indicate range and dots indicate average.

set of fixed-k policies of varying k (e.g., k = {1,2,4,8}).
We find that the initialization and incorporation of these
auxiliary forms of supervision help to guide training and
improve generalization at test time, and provide additional
details, equations, and ablations in the supplement.

4. Experiments and Discussion

Here, we describe the videoQA datasets and evaluation met-
rics used (Sec. 4.1), our key baselines (Sec. 4.2) and imple-
mentation details (Sec. 4.2), and our discussion of results
and analysis (Sec. 4.3). We focus our main analysis on
video reasoning (QA) datasets highlighted in recent work
[70, 87], with additional analysis in the supplement.

4.1. Datasets

We consider standard challenging video-language datasets
for videoQA, developed specifically to benchmark tempo-
ral and causal video reasoning across multiple timescales:
IntentQA [33], NExT-QA [77], and EgoSchema [41].

IntentQA [33] is focused on understanding the ability of
videoQA systems to effectively answer questions specifi-
cally in cases where intent matters to the dynamics of events
and event relationships, particularly with a focus on tem-
poral and causal relationships. There are three main sub-
sets: Temporal-Past/Next (TP/TN), Causal-How (CH), and
Causal-Why (CW). Each video contains one question and 5
candidate answers, and results are reported using accuracy
on the test set of 2134 video-question pairs, following [33].
NExT-QA [77] is focused on characterizing the ability of
videoQA systems to effectively answer questions across
three types: causal (C), temporal (T) and descriptive (D).
We focus on the same multiple choice setting reported in
prior work for video selection [5, 85], where each video clip
contains one question and 5 candidate answers. NExT-QA

Table 1. Comparison with prior methods on IntentQA [33] test set
(% accuracy). We observe improvements with FFS both overall
and across the different causal (CW, CH) and temporal (TP/TN)
subsets. EVA-V-L* extends the EVA-V-L model with the same
LLM [48] priors used in CaVIR [33], for comparison consistency.
@X denotes number of input frames, and A € [B, C] denotes
average A selected with range [B, C]. Models that use 100B+
parameter, closed-source models are marked in grey.

Model CW  CH TP/TN | Overall
HGA [25] 449 510 396 44.6
HME [15] 46.1 543 408 46.2
HQGA [78] 482 543 417 47.6
VGT [79] 514 560 476 513
CaVIR* [33] 584 655 505 57.6
LLoVi (GPT-4) [87] 684 674  5LI 64.0
EVA-V-L*@32 670 663 537 63.6
EVA-V-L*@4 659 643 514 62.1
+(Ours; @24 € [1,4]) 685 676 519 64.2

Table 2. Efficiency analysis. Instead of processing all uniformly
sampled frames densely, our lightweight FFS processes the ini-
tial set of frames with marginal up front cost, resulting in overall
efficiency gains (in frames/FLOPs) with comparable or improved
accuracy (% NExT-QA, Tab. 3). Expanded analysis in supplement.

Model Params ‘ Avg. Frames FLOPs Acc %
EVA-V-L (baseline uniform) 8.2G 32 246.8T 61.6
8.2G 4 31.1T 60.2

FFS (selection only) 0.2G 32 0.15T -
EVA-V-L + FFS (combined) 8.4G 2.3 from 32 18.2T 62.2

and IntentQA complement each other in terms of question
types and event reasoning, where NExT-QA aims to pro-
vide broader coverage on types of event reasoning, while
IntentQA focuses exclusively on intent understanding with
temporal and causal questions. The results are similarly re-
ported using accuracy on the validation set of 4996 video-
question pairs, following [5, 62, 72, 85].

EgoSchema [41] contains long egocentric videos (180s)
based on the Ego4D [21] benchmark with multiple-choice
questions, designed specifically to assess long video under-
standing (e.g., 100s human-verified “temporal certificates”).
EgoSchema is focused entirely on evaluation: the hidden
test set consists of 5000 videos via an evaluation server, of
which 500 were publicly released for validation. Following
prior work [4, 45, 50, 70, 87], we report results (accuracy)
on the main (full, 5k) test set for overall results, and abla-
tions on a subset of the validation.

4.2. Implementation Details and Baselines

Downstream Models. We consider multiple downstream
models in this work for supervision and inference, with
a primary focus on integrations with open-source models.
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Table 3. Comparison with prior methods on NExT-QA [77] (%
accuracy). “Hard” refers to the subset from [5], focused on
(video, question) pairs that cannot be answered by a single frame.
Prior work that uses significantly larger, closed-source models are
grey. @X denotes number of input frames, and FFS selection
A € [B, (] indicates an average of A with range [B, C|] frames.
Our flexible video selector offers higher or comparable accuracy
on fewer input frames for both EVA-V-L and OpenLLoVi.

Model Desc.  Temp.  Caus. | Hard | All
HGA [25] 503 507 463 | 441 | 497
Temp[ATP] [5] 650 493 486 | 37.6 | 515
VGT [79] 64.1 55.1 52.3 - 55.0
MIST-CLIP [18] 66.9 56.6 54.6 - 57.1
Paxion (InternVid) [72, 73] 68.5 56.0 53.0 385 | 57.0
CoVGT [80] 69.3 57.4 58.8 - 60.0
SeViLa (T5-XL) [85] 75.6 61.5 61.3 - 63.6
ViperGPT (GPT-3.5) [62] - - - 53.6 60.0
LLoVi (GPT-4) [87] 75.5 61.0 69.5 - 67.7
VideoAgent (GPT-4) [70] 81.1 64.5 72.7 58.4 71.3
EVA-V-L@32 72.9 534 61.2 443 | 61.6
EVA-V-L@4 71.9 51.3 60.0 42,6 | 60.2
+FFS (Ours; @23 € [L,4) 731 538 621 | 445 | 622
OpenLLoVi (Gemma; @32) 78.5 58.8 67.8 59.5 | 66.5
OpenLLoVi (Gemma; @8) 75.8 57.9 66.7 575 | 653
+ FFS (Ours; @8.1 € [1,16]) 78.2 58.8 68.1 59.9 | 66.7
56 9
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Figure 6. Efficiency-accuracy analysis (EgoSchema). We visu-
alize the efficiency-accuracy trade-off against key baselines on the
EgoSchema long video benchmark [41]. The OpenLLoVi curve
(gray) is uniformly sampled, and for FFS (Ours + OpenLLoVi),
dots are at the average number of selected frames. See Table 4.

Our primary model for task supervision is the contrastive
VLM from VFC [46]. We call this model EVA-V-L, since
we have updated the backbone to the same state-of-the-art
EVA-CLIP-8B-plus [17, 61] used in recent adaptive, long
video reasoning work [70]. We also consider a long video
reasoning model based on LLoVi [87], which takes input
frames and passes it to a base captioner [23, 36, 89] and
then downstream LLM. In this work, we re-implement a
version of this model based purely on open-source models,
calling it “OpenLLoVi”: we keep consistent base VLMs as

Table 4. Comparison with prior work on long-video EgoSchema
benchmark [41] (% accuracy, full set). We find our model im-
proves on accuracy and efficiency. For multi-stage systems (e.g.,
[70]), “frames” includes inputs processed by large model (4B+
param) components; detailed analysis in supplement.

Method Frames ‘ Test Acc.
SeViLA [85] 36 227
LongViViT [50] 256 333
MC-ViT-L [50] 128 444
Vamos (GPT-4) [67] 12 48.2
JCEF (PaLLM 2) [45] 30 50.0
MoReVQA (PalLM 2) [45] 394 51.7
LLoVi (GPT-3.5) [87] 180 522
VideoAgent (GPT-4) [70] 188.4 54.1
OpenLLoVi (Gemma; @180) 180 554
OpenLLoVi (Gemma; @16) 16 53.6
+ FFS (Ours; @16.8 € [4,32])  16.8 55.6

in [70, 87] and using Gemma 2 Large [63] as a substitute
LLM. These models are representative of recent successful
model designs for videoQA; we describe additional details,
variations, and integrations in the supplement.

Flexible Frame Selector (FFS). Our FFS model is signif-
icantly lightweight relative to the downstream models (e.g.,
in Table 2, 40x smaller). For our default design, our input
visual encodings v, are obtained with a CLIP-ViT-B/32 [54]
backbone, and the corresponding CLIP BERT-Base [14]
model for encoding language inputs ... Our multimodal se-
lector encoder is a similarly lightweight transformer, and we
explore different values of ko, knign (i-e., k and ¢) in our
ablation studies, selecting from a default initial pool of 32
frames for NExT-QA and IntentQA [33, 77] and 64 frames
for EgoSchema [41]. We provide additional training and
architecture details in the supplement.

Baseline selection approaches. Our baseline comparisons
are standard uniform selection (the default technique for
downstream VLMs) and different fixed-k selection policies,
where we ablate our [CTRL] token and maintain the rest of
our selection model design. We also compare with SOTA
adaptive selection methods like VideoAgent [70] which use
expensive, closed-source models to perform iterative selec-
tion and reasoning, showing competitive performance with
consistent or weaker models, and efficiency improvements.
Experiments are primarily implemented in PyTorch [52].

4.3. Results and Analysis

Selection Ablations and Analysis. In Fig. 5, we plot
the performance of our method and key ablation base-
lines against the number of selected frames for the down-
stream EVA-V-L model. The baseline curve represents a
uniform selection of frames, with increasing accuracy as
more frames are considered and the chance that informa-
tive frames are included in this set grows. However, by fo-
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Figure 7. Qualitative results. Best viewed in PDF. Examples
from NExT-QA [77], showing ours vs. fixed k = {1, 4} selection;
see supplement for longer visualizations (e.g., EgoSchema [41]).
(top) we observe that one selected frame is sufficient to correctly
answer the relatively simple question, and our model is able to
avoid selecting any redundant or low-signal frames. (bottom)
multiple frames needed to observe the interaction dynamics be-
tween the men and their instruments. Top-1 is insufficient, and
leads to incorrect prediction “pat with hand”. Our model selects
enough frames to obtain the correct answer “roll the handle”.
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Figure 8. Adaptive Selection Distribution. We observe that the
adaptive selection distribution for an FFS s € [1, 8] policy corre-
sponds with different question types in NExT-QA [77]: descrip-
tive questions are often answerable with fewer frames, while more
complex causal and temporal questions require additional frames.

cusing on a specific selection, we can see improvements.
The red curve is a fixed top-k policy (K unique outputs) and
an ablation of our method that removes the [CTRL] tokens
and flexibility, consistent with selection operation designs
in prior work [5, 18, 85]. At the low end, the top-1 selection
ablation mirrors the design of [5], and indicates what can be
answerable with a single frame. In contrast, we observe our
flexible approach ranges adaptively according to the spe-
cific needs of the video and question, within a provided
range, offering a better overall efficiency trade-off. We vi-
sualize the adaptive distribution of our model in Fig. §, and
observe FFS maps well to different question types in [77].

Efficiency Analysis. In Table 2, we show an efficiency
analysis of our lightweight policy in the context of a down-
stream integration. FFS processes the initial set of 32
frames with almost negligible marginal cost, relative to the
downstream model, but results in substantial overall effi-

ciency gains: relative to the original 32 uniformly sam-
pled baseline, we improve 13.5x on downstream frames
and FLOPs with comparable accuracy, and relative to the 4
frame baseline, we have a 40% reduction (1.7x efficiency
gain) with simultaneous accuracy improvement. In Fig-
ure 6, we show the relative efficiency-accuracy gains com-
pared to SOTA methods that leverage closed-source mod-
els for reasoning, including models like VideoAgent that
specifically do this for adaptive frame selection. These re-
sults suggest our method is well-suited for long video set-
tings such as those in EgoSchema. We provide additional
efficiency analysis details (latency, etc.) in the supplement.
Prior work comparisons. In Tables I, 3, 4 we make
comparisons of our method against our baseline models
and prior work. Across all datasets, we observe that our
model improves over our downstream model alone, in terms
of efficiency and accuracy. On NExT-QA and IntentQA,
we observe that our model is able to perform well even
with selecting overall relatively few frames on average. On
EgoSchema, a longer video benchmark, we observe our
model performs well with fewer frames relative to prior
work. This result suggests our technique is promising for
long video settings with more input frames. We provide ad-
ditional comparisons with prior work in the supplement.

Qualitative Results. Finally, in Fig. 7, we illustrate some
qualitative results of our model and its selections. We
specifically contrast our full model with flexible selection
against the ablation model selecting a fixed top-1 and a
fixed set of 4. In the top example, the question is quickly
answered with a single well-chosen frame, while the top-
k model includes irrelevant or redundant frames in its se-
lection. Meanwhile, in the bottom example, the single
frame selector is unable to gather sufficient information to
correctly answer the question, since multiple frames are
needed to understand the dynamics of the interaction be-
tween the players and their instruments. Meanwhile, our
flexible model adapts to what is necessary of this more com-
plex input, and selects an appropriately higher number of
frames so that the downstream VLM can correctly answer
the question. We include additional visualizations of longer
video settings (e.g., EgoSchema [41]) in the supplement.

5. Conclusion

In this work, we proposed Flexible Frame Selector (FFS),
a learnable policy model with a new flexible selection op-
eration that enables video-language models to focus on
the most informative frames for the downstream multi-
modal reasoning task in an efficient, adaptive, and learnable
manner. We verified the efficacy of our method on stan-
dard video-question answering and reasoning benchmarks,
highlighting FFS adaptive selection behavior and efficacy
against key baselines. We discuss broader impacts, ac-
knowledgments, and limitations in the supplement.
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