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Abstract

Diverse video captioning aims to generate a set of sentences
to describe the given video in various aspects. Mainstream
methods are trained with independent pairs of a video and
a caption from its ground-truth set without exploiting the
intra-set relationship, resulting in low diversity of generated
captions. Different from them, we formulate diverse caption-
ing into a semantic-concept-guided set prediction (SCG-SP)
problem by fitting the predicted caption set to the ground-
truth set, where the set-level relationship is fully captured.
Specifically, our set prediction consists of two synergistic
tasks, i.e., caption generation and an auxiliary task of concept
combination prediction providing extra semantic supervision.
Each caption in the set is attached to a concept combination
indicating the primary semantic content of the caption and
facilitating element alignment in set prediction. Furthermore,
we apply a diversity regularization term on concepts to en-
courage the model to generate semantically diverse captions
with various concept combinations. These two tasks share
multiple semantics-specific encodings as input, which are ob-
tained by iterative interaction between visual features and
conceptual queries. The correspondence between the gener-
ated captions and specific concept combinations further guar-
antees the interpretability of our model. Extensive experi-
ments on benchmark datasets show that the proposed SCG-
SP achieves state-of-the-art (SOTA) performance under both
relevance and diversity metrics.

Introduction

Diverse video captioning (DivVC) is an emerging research
branch of vision-language tasks. DivVC aims to generate
a set of multiple captions that are semantically related to
the given video and distinct from one another. DivVC over-
comes the limitation of traditional video captioning meth-
ods, which only generate a single sentence for a video and
fail to cover a wealth of visual information (Liu et al. 2022;
Nie et al. 2022).

Mainstream diverse captioning methods can be classified
into two categories: conditional variational encoder (CVAE)
based methods (Aneja et al. 2019; Chen et al. 2019; Deb
et al. 2022; Jain, Zhang, and Schwing 2017; Liu et al. 2022;

“These authors contributed equally.

Corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

3909

Pair-wise Loss
G.T. Sent.

Set Prediction Loss

. G.T. Set
Q)
x M

O o U
Pred. Sent. Pred. Set

A

1 4
Captioner Captioner

f

Implicit/Explicit Semantics-Specific

Encoding Control Signals Encodings )
A ) -
9 A ) :
O (9
A
Visual Text Semantics-specific
Encoder Encoder Visual Encoder

(a) CVAE/Control-based methods (b) SCG-SP

Figure 1: Difference between (a) existing CVAE/control-
based diverse captioning methods and (b) our proposed
SCG-SP. There is no direct interaction among generated
captions in CVAE-based or control-based methods, where
the loss is calculated with independent training samples.
Our proposed SCG-SP generates captions based on multiple
semantics-specific visual encodings with sufficient interac-
tion and is trained by a set-level prediction loss to exploit
the set-level relationship.

Mahajan, Gurevych, and Roth 2020; Mahajan and Roth
2020; Nie et al. 2022) and control-based methods (Chen,
Deng, and Wu 2022; Cornia, Baraldi, and Cucchiara 2019;
Deshpande et al. 2019). As shown in Fig.1(a), both methods
share a general pipeline that the diverse generation is condi-
tioned on a visual encoding and multiple implicit or explicit
control signals.

CVAE-based methods learn a latent distribution to encode
diversity. Multiple latent variables, regarded as implicit con-
trol signals, are sampled from the learned distribution for
diverse caption generation. However, CVAE-based methods
are trained with a pair-wise loss, which ignores the intra-
set relationship. This issue arises from the absence of direct
interaction between generated captions for the same video
and leads to inadequate capture of the diverse characteris-
tics of captions. Moreover, CVAE-based methods have lim-
ited interpretability because of the unrevealed relationship
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between the latent distribution and language patterns of the
generated captions. Beyond CVAE-based methods, control-
based methods apply explicit control signals to mitigate the
problem of low interpretability. However, they still indepen-
dently process the triplet of visual content, control signal,
and caption, with the problem of ignoring intra-set relation-
ship unsolved.

In this work, we propose a novel diverse video caption-
ing model, Semantic-Concept-Guided Set Prediction (SCG-
SP). To better exploit set-level relationships, we formulate
diverse captioning as a set prediction problem. The target of
DivVC is achieved by fitting the predicted caption set to the
ground-truth caption set. To better grasp the intra-set diver-
sity characteristics, we consider the source of caption diver-
sity within a set. An important observation is that the diver-
sity of captions depends on the differences in the semantic
concepts they contain (Wang and Chan 2019). These seman-
tic concepts correspond to different objects, scenes, or ac-
tions in the visual content (Fang et al. 2015). Since different
combinations of concepts lead to different interpretations of
rich visual content and are suitable for serving as guidance
for caption generation, we incorporate concepts into set pre-
diction for DivVC task.

Specifically, as shown in Fig.1(b), the intra-set reason-
ing is achieved by interactions between multiple semantics-
specific encodings and the set-level loss. The encodings
fully interact with each other, and each of them is decoded
into a caption sentence accompanied by a combination of
concepts. Therefore, our set prediction consists of two as-
pects, i.e., caption generation and the auxiliary concept com-
bination prediction. For caption generation, we apply a GPT-
2 (Radford et al. 2019) captioner to leverage the vast knowl-
edge learned from the external corpus. The task of con-
cept combination prediction is realized through multi-label
classification, serving as an auxiliary task and providing se-
mantic supervision. SCG-SP is optimized by a set-level pre-
diction loss composed of both captioning and classification
costs. Through set-level reasoning, SCG-SP concerns the re-
lationship within a set of diverse captions for the same video
(intra-set) as well as the relationship among sets for vari-
ous videos (inter-set), achieving considerable performance
on both diversity and relevance. Furthermore, each caption
is guided by a particular concept combination, thus making
the diverse generation interpretable.

The contributions of our work are listed as follows:

* We propose a novel diverse video captioning model
named SCG-SP to formulate DivVC as a set prediction
problem. By exploiting intra-set and inter-set relation-
ships, our model achieves high captioning performance
in terms of both relevance and diversity.

e We further incorporate semantic concept guidance to
promote set-level reasoning through concept detection
and concept combination prediction, enabling SCG-SP
to generate captions with high semantic diversity in an
interpretable way.

» Extensive experiments on MSVD, MSRVTT, and VA-
TEX demonstrate that our proposed SCG-SP achieves
state-of-the-art performances over existing methods.
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Related Works

Diverse Captioning Diverse image captioning (DivIC)
has been an essential branch of image captioning. Some of
the early methods are based on beam search (Vijayakumar
et al. 2018) and generative adversarial networks (Dai et al.
2017; Li et al. 2018). Recent DivIC methods (Aneja et al.
2019; Chen et al. 2019; Jain, Zhang, and Schwing 2017; Ma-
hajan, Gurevych, and Roth 2020; Mahajan and Roth 2020)
employ CVAE (Sohn, Lee, and Yan 2015) for diverse gener-
ations. Beyond CVAE-based models, Some studies (Desh-
pande et al. 2019; Cornia, Baraldi, and Cucchiara 2019;
Chen, Deng, and Wu 2022) introduce control signals with
explicit meaning, enabling diverse generations with inter-
pretability.

In the domain of video, FLIP (Nie et al. 2022) applies
CVAE with latent prior modeled by a normalizing flow. VS-
LAN (Deb et al. 2022) employs a CVAE to generate diverse
Part-of-Speech sequences for caption generation. SMCG
(Yuan et al. 2020) generates diverse captions controlled
by exemplar sentences. However, these methods ignore the
intra-set relationship, for there is no set-level loss or interac-
tion among generated captions in these methods. The recent-
proposed STR (Liu et al. 2022) takes the intra-set relation-
ship into consideration for DivVC. STR clusters captions
by topics and learns a latent distribution through two-stage
training, respectively focusing on topics and paraphrasing.
Note that our proposed SCG-SP performs set-level reason-
ing only requiring one-stage training, and is free of hand-
crafted components like clustering, making the pipeline sim-
ple yet effective.

Set Prediction Set prediction first emerges as a new
paradigm for object detection. DETR (Carion et al. 2020)
applies a transformer encoder-decoder framework (Vaswani
et al. 2017) to directly predict the set of objects in paral-
lel. DETR is optimized by a set prediction loss based on the
Hungarian algorithm (Kuhn 1955) finding a unique element
matching between the predicted and the ground-truth sets.
The set prediction framework has been extended to various
multi-modal tasks, such as text-conditioned object detection
(Kamath et al. 2021), and spatio-temporal video grounding
(Yang et al. 2022). PDVC (Wang et al. 2021) uses DETR
for describing videos with multiple events. HMN (Ye et al.
2022) applies a DETR-based module to predict a set of enti-
ties in video for single sentence caption. Our proposed SCG-
SP applies the set prediction framework, which is consistent
with the target of DivVC. Unlike HMN or PDVC, SCG-SP
predicts a set of captions for a video with a single event.

Semantic Guidance Visual concepts corresponding to ob-
jects, scenes, or actions in the visual content can encode
rich and high-level semantic cues (Fang et al. 2015). In-
corporating semantic concepts plays a vital role in vision-
to-language tasks. Previous works (Gan et al. 2017; Fang
et al. 2022; Pan et al. 2017; Perez-Martin, Bustos, and Pérez
2021) detect semantic concepts from visual content leverag-
ing Multiple Instance Learning (MIL) (Maron and Lozano-
Pérez 1997). The predicted probability distribution of con-
cepts is used as a high-level visual feature for further caption
generation. Different from previous works, SCG-SP applies
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Figure 2: Overview of the proposed SCG-SP. Based on pre-extracted video frame features, we first employ a temporal encoder,
a concept detector, and a concept driven encoder to obtain multiple semantics-specific encodings for the input video. In the
parallel decoding stage, we apply a caption head and a classification head to respectively decode each encoding into a caption
sentence and a concept combination label, which together form the prediction set. By performing element matching between the
predicted set and the ground-truth set, the set prediction loss is calculated over matched element pairs. Note that the ground-truth
concept combination labels are assigned by taking nouns and verbs of high word frequency from the captions.

semantic concept to guide the Set Prediction process via two
novel ways of conceptual queries and supervision from the
classification task.

Methodology
Problem Formulation

In the proposed SCG-SP, we formulate diverse video cap-
tioning as a set prediction problem. Given a video frame se-
quence V, SCG-SP directly predicts a caption set with ca-

pacity M, which is denoted as C = {¢;|¢; = (8, ij)}fil

For concept guidance, each caption sentence §; is attached
with a concept combination label 1;. Similarly, the ground-
truth caption set with capacity M’ is denoted as C
{ejle; = (s, 1)L ', The learning target is to fit the pre-
dicted set C to the ground-truth set C. Fig.2 illustrates the ar-
chitecture of SCG-SP, which consists of three main blocks:
semantics-specific encoding, parallel decoding, and loss cal-
culation. Details are discussed in the following subsections.

Semantics-specific Encoding

In the semantics-specific encoding stage, we represent an in-
put video with multiple encodings Q, each of which is sub-
sequently decoded into a distinct caption. The encodings are
derived from iterative attention on conceptual queries Q and
temporal enhanced frame features F, which infuse specific
semantics into the encodings. The underlying interactions
between encodings also facilitates the interactions between
their corresponding generated captions.
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Temporal Encoding Given a sequence of video frames V),
we first employ pretrained 2D CNNs and 3D CNNs to ex-
tract the appearance and motion features of the video, re-
spectively. By sampling keyframes and temporal concate-
nation, we get the frame features denoted as F = {fi}¥,
for further encoding. Then, we apply a Temporal Encoder
composed of multiple self-attention layers. By performing
self-attention on the frame feature sequence JF, the Tem-
poral Encoder exploits inter-frame relationships and extract
temporal-enhanced frame features denoted as F = {f;}}¥ .

Concept Detection We design a Concept Detector to de-
tect visual concepts in a video and generate conceptual
queries Q = {q;}}Z,. We firstly build the concept vocab-
ulary by selecting V. nouns or verbs with the highest word
frequency. Subsequently, we tag each caption s; with a 0/1
concept combination label 1; € RNe, where 1 is assigned
to existing concepts and 0 for non-existing ones. Finally, the
pseudo ground-truth concept label of a video 1y, is obtained
by taking the bit-wise OR operation: 1y =13 | 1o | ... | Ly,
which means the k-th concept exists in the video if it appears
in any of the M’ ground-truth captions.

The Concept Detector performs multi-label classification
task with 1y, as the ground truth. It comprises a multi-layer
perceptron (MLP) and predicts 1, the probabilities of the
N, concepts appearing in a video based on mean-pooled
frame features. The M conceptual queries @ = {q; ]1‘{
are obtained by taking the linear-projected GloVe embed-
dings (Pennington, Socher, and Manning 2014) of the M
concepts with the highest probabilities. Since the operation
of taking the maximum is not differentiable, the detector is
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Figure 3: Illustration of (a) the lightweight LSTM captioner
and (b) the prefix-GPT captioner.

trained offline from the entire SCG-SP pipeline.

Concept Driven Encoding The Concept Driven Encoder
takes the conceptual queries Q and the temporal-enhanced
frame sequence F as input to generate semantics-specific
encodings Q = {q;,}}Z,. Built on the transformer-decoder
architecture (Vaswani et al. 2017), it first groups con-
cepts into combinations using self-attention on concep-
tual queries, resulting in representations encoding specific
semantics. In the subsequent cross-attention layer, these
concept-level representations act as queries, with frame-
level video features serving as keys and values, to gener-
ate context-aware encodings that capture the relationship be-
tween specific concepts and video frames. The encodings are
further refined through successive self-attention layers.

Parallel Decoding

In the parallel decoding stage, the semantics-specific en-
codings are decoded into elements of the prediction set. A
captioning head generates captions {§; }M for each encod-
ing. Besides, a cla551ﬁcat10n head predlcts concept combi-

nation labels {l 1., performlng an auxiliary task that pro-
vides extra semantlc supervision. The two heads share the
semantics-specific encodings as input.

Captioning Head We apply two kinds of captioning heads
to show the compatibility of our framework with both
lightweight LSTM and large-scale pretrained GPT-2, as
shown in Fig.3. Specifically, the j-th predicted caption §;
consists of predicted words, i.e. §; = (W;,1,Wj,2, ... Wj,1).
At time step ¢, ;¢ is conditioned on previous words
Wj,1:4—1 and the j-th encoding qj, i.e. p(wW;¢|Q;, W) 1:4—1)
(denoted as p; ; for simplicity). p;; is modelled by the cap-
tioning head as shown in eq.1 and eq.2 respectively for
LSTM and GPT-2:

pj,+ = Softmax (LSTM([q],Emb(wj i 1)] h;,_ 1))

6]

pj¢ = Softmax (GPT2([MLP(q;), Emb(i;1.1-1)]) )
(@)
where [-,-] denotes concatenation; Emb is the word em-

bedding layer; h;;_; denotes the previous hidden state of
LSTM. The MLP projects q,; into word embedding space to
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serve as a prefix prompt. It is efficient to adapt the GPT-2
captioner to the captioning task by learning a prefix while
freezing the GPT-2.

Classification Head The classification head is composed
of an MLP. For the j-th element, it predicts the probability

distribution of concepts ij € RN, je., the concept combi-
nations, based on the encoding q;.

Semantic Concept Guided Set Prediction Loss

The proposed SCG-SP is optimized by a set prediction loss
where the predicted and ground-truth set are treated as a
whole to achieve set-level reasoning. The set prediction loss
starts with a semantic concept guided element matching. The
deterministic and optimal matching allows the loss to more
accurately measure the differences between sets, aiding in
better optimization. After that, the set prediction loss is cal-
culated by pair. Besides caption cost, we consider classifi-
cation loss of concept combination labels for extra seman-
tic supervision. We further design a diversity regularization
term on concepts to encourage the model to generate seman-
tically diverse captions with various concept combinations.
Specifically, the element matching finds the optimal ele-
ment assignment & between C and C with the lowest match-
ing cost based on concept combination labels. Assuming ¢
has a capacity no larger than C, i.e., M < M’, each pre-
dicted element is assigned to a unique ground-truth element,
i.e., cs(;j) and ¢; are matched into a pair. The optimal el-
ement assignment & is obtained by using Hungarian algo-
rithm (Kuhn 1955) to solve:
3)

6 = arg min
gEQ

M
Y Lallog)),
j=1
where €/ is the searching space for M’ elements; L f(s-)
refers to the focal loss (Lin et al. 2017).

The captioning loss L., is based on the Cross-Entropy
loss of words:

M T
Leap ==Y > 8(ws(jy4) " logpjis,

j=1t=1

“4)

where 6(ws(j),) denotes the one-hot vector for the j-th
word in &(j)-th ground-truth caption; L, is the length of
the sentence. The classification loss is based on focal loss:

M
Las =Y Lau(lg) 1),
j=1

The diversity regularization term L4;,, is based on standard
deviation (StdDev):
Nec
Lgiw = — Z SthGV(lALk7 [27]@, ey
k=1

(&)

(6)

Inin)s

where i]k is the probability of the k-th concept for the j-
th element. Minimizing L;, encourages SCG-SP to exploit
more concept combinations. At last, the set prediction loss is
obtained by taking the weighted sum of the captioning loss,
the classification loss, and the diversity regularization term:

Lsp = Lcap + >\Lcls + )\deiv~ (7)
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Experiments

In this section, we evaluate our proposed model on three
public video datasets: MSVD (Chen and Dolan 2011),
MSRVTT (Xu et al. 2016), and VATEX (Wang et al. 2019),
under both relevance and diversity metrics. We present the
results compared with state-of-the-art models and report
main ablation studies to demonstrate the effectiveness of our
methods. More results are in Supplementary Material.

Experimental Setup

Datasets MSVD contains 1970 video from YouTube.
Each video is annotated with 41 captions on average. We
follow the split of 1200/100/670 for training, validation, and
test. MSRVTT contains 10000 open domain videos. Each
video is annotated with 20 captions. We follow the split
of 6513/497/2990 for training, validation, and test. VATEX
contains 34991 videos, each with 10 English captions. We
follow the split of 25991/3000/6000 for training, validation,
and test.

Preprocessing For each video, 8 frames/clips are sampled
for feature extraction. We employ pre-extracted ResNet-101
(He et al. 2016) and C3D (Hara, Kataoka, and Satoh 2018)
features for MSVD and MSRVTT videos, and 13D (Car-
reira and Zisserman 2017) for VATEX. For captions sen-
tences, we use NLTK toolkit (Bird, Klein, and Loper 2009)
for part-of-speech tagging. We apply the 300-d GloVe em-
bedding of detected concepts as conceptual queries. The size
of the ground-truth caption set, M’, is set to 20/20/10 for
MSVD/MSRVTT/VATEX.

Implementation Details The size of the concept vocabu-
lary N, is set to 1000. The capacity of the predicted set and
the conceptual query number M is set to 20. We implement
two versions of our proposed model, i.e., SCG-SP-LSTM
and SCG-SP-Prefix, using Lightweight LSTM and GPT-2
with prefix as captioners, respectively. For the Prefix-GPT
captioner, we employ the smallest official version of GPT-2.
The prefix length is set to 10. The weights of loss terms are
setas A = 1 and Ay = 0.5. We apply AdamW as the opti-
mizer. The learning rate and batch size are set to 8¢~5 and
32 for SCG-SP-LSTM, le~® and 8 for SCG-SP-Prefix. We
use beam search with size 3 for generation at the inference
stage. The model is implemented with PyTorch, and all the
experiments are conducted on 1 RTX 3090 GPU.

Evaluation Metrics The relevance of the captions is eval-
vated with metrics including BLEU@4 (B@4) (Papineni
et al. 2002), METEOR (M) (Banerjee and Lavie 2005),
ROUGE-L (R-L) (Lin 2004), and CIDEr (C) (Vedantam,
Lawrence Zitnick, and Parikh 2015). We report oracle
scores, where only the top-1 caption from each set is se-
lected, demonstrating the upper-bound performance.

The diversity of the captions is evaluated with metrics in-
cluding Div-n (D-n), m-BLEU (m-B) (Aneja et al. 2019),
and self-CIDEr (s-C) (Wang and Chan 2019). Div-n is the
average ratio of distinct n-grams within each predicted cap-
tion set. We report Div-1 and Div-2 in our experiments. M-
BLEU computes BLEU @4 for each diverse caption with the
remaining captions in the set. Self-CIDEr calculates the ratio
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Models MSVD MSRVTT

B@e4 M RL C B@ M RL C
top-1 over 20 sentences
Div-BST 39.1 455 75.2 855 47.3 41.9 68.3 60.5
SeqCVAE?! 50.7 57.8 81.0 113.4 449 432 69.7 64.5
COSCVAE}# 459 52.8 789 1053 41.8 41.8 68.5 63.6
DML' 54.9 49.8 79.7 105.7 48.5 37.5 68.2 56.8
STR 54.5 57.2 81.5 1152 472 442 71.0 67.2

SCG-SP-LSTM 58.4
SCG-SP-Prefix 56.5

60.5 82.9 120.2
58.9 81.0 114.7

54.5
54.4

47.2 72.4 67.0
47.5 72.1 67.7

top-1 over 10 sentences

VSLAN 57.4 36.9 75.6 98.1
SCG-SP-LSTM 52.4 57.7 81.1 110.8
SCG-SP-Prefix 51.6 56.1 79.7 109.9

46.5
48.1
46.4

32.8 62.4 55.8
43.8 69.8 61.7
43.4 69.2 61.5

Table 1: The oracle relevance scores on MSVD and
MSRVTT. f indicates DivIC models re-implemented for
DivVC by us. £ indicates DivIC models re-implemented by
authors of STR.

MSVD MSRVTT

Models D-T D2 m-B] s-C D-1 D-2 m-B] s-C

20 sentences

Div-BS 20.0 41.9 29.9 82.5 22.1 42.0 494 80.9
DML 18.9 342 70.8 60.3 20.1 36.1 69.9 63.0
SCG-SP-LSTM 21.0 33.7 63.9 54.1 21.4 37.0 65.1 62.6
SCG-SP-Prefix 27.4 459 50.2 64.8 24.3 43.1 58.4 67.9
10 sentences

VSLAN 32.0 36.0 62.0 - 30.0 33.0 580 -
STR 28.2 485 60.1 - 334 584 463 -
SCG-SP-LSTM 25.7 39.0 62.6 54.5 30.5 47.7 56.9 64.6
SCG-SP-Prefix 33.3 52.4 584 67.9 34.0 54.0 48.2 70.3

Table 2: The diversity scores on MSVD and MSRVTT.

of the largest eigenvalue of the kernel matrix composed of
CIDEr values between all pairs of captions in the set. Higher
Div-n, self-CIDEr, and lower m-BLEU indicate more sen-
tence diversity.

Performance Comparison with SOTA

To evaluate the effectiveness of SCG-SP, we compare our
model with SOTA methods for DivVC, i.e., Div-BS (Vi-
jayakumar et al. 2018), SeqCVAE (Aneja et al. 2019),
COSCVAE (Mahajan and Roth 2020), DML (Chen, Deng,
and Wu 2022), STR (Liu et al. 2022), and VSLAN (Deb
et al. 2022). Note that Div-BS, SeqCVAE, COSCVAE, and
DML are re-implemented based on corresponding DivIC
methods. For a fair comparison with VSLAN and STR, we
implement a version of SCG-SP with 10 generated captions
per video on MSVD and MSRVTT.

Tab.1 shows the oracle relevance scores of DivVC mod-
els on MSVD and MSRVTT. On MSVD, SCG-SP-LSTM
achieves the best performance on METEOR, ROUGE-L,
and CIDEr. Though with lower BLEU @4, both SCG-SP-
LSTM and SCG-SP-Prefix outperform VSLAN on the rest
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Models

Relevance Scores

Diversity Scores

B@4 M R-L C D-1 D2 m-B] s-C

Div-BS
DML

30.6 24.7 51.0 53.5 19.1 36.8 69.7
36.1 24.8 54.1 56.2 159 29.2 80.2
SCG-SP-LSTM 32.0 25.8 52.8 56.4 104 18.5 91.5
SCG-SP-Prefix 34.5 26.1 54.1 61.2 24.4 34.6 63.8

64.8
48.7
52.4
60.1

Table 3: Relevance and diversity scores on VATEX.

MSRVTT
Models B@ M RL C
ORG-TRL 436 288 62.1 509
SGN 408 283 60.8 49.5
Open-Book 428 293 617 529
SemSynAN 464 304 647 519
HMN 435 299 627 515
TextKG 437 296 624 524
MV-GPT? 489 387 640 60.0
SwinBERT? 454 306 64.1 559
Vid2Seq® - 308 - 646
SCG-SP-LSTM 54.5 472 724 67.0
SCG-SP-Prefix 544 475 721 67.7

Table 4: Comparison with the SOTA methods for single sen-
tence video captioning on MSRVTT. § indicates models pre-
trained on large-scale datasets

of the metrics by a large margin. On MSRVTT, our method
achieves the best performance on all the metrics.

Tab.2 shows the diversity scores on MSVD and MSRVTT.
Except for Div-BS, SCG-SP-Prefix scores the highest on
MSVD and keeps the diversity on par with STR while out-
performing the rest on MSRVTT. STR, as mentioned previ-
ously, also achieves set-level perception. The high diversity
scores of STR and SCG-SP from the side prove the signif-
icance of the set-level relationship for diverse captioning.
Note that Div-BS performs the best on two sentence-level
diversity metrics because of its characteristic of generating
all unique sentences. However, Div-BS performs poorly un-
der relevance metrics.

Tab.3 shows the relevance and diversity scores on VA-
TEX. Our proposed SCG-SP-Prefix has the best overall per-
formance. To summarize, our model achieves considerable
performance on the three benchmarks under both metrics,
verifying the effectiveness of our proposed methods.

We also compare our model with SOTA methods for tra-
ditional single sentence video captioning, including ORG-
TRL (Zhang et al. 2020), SGN (Ryu et al. 2021), OpenBook
(Zhang et al. 2021), SemSynAN (Perez-Martin, Bustos, and
Pérez 2021), HMN (Ye et al. 2022), TextKG (Gu et al. 2023),
MV-GPT (Seo et al. 2022), SwinBERT (Lin et al. 2022),
and Vid2Seq (Yang et al. 2023), as shown in Tab.4. For
our model, we use oracle relevance scores derived from the
best of 20 generated captions per video. For traditional mod-
els, scores are calculated using the single predicted caption.
The significant improvement in scores of our model demon-
strates its superior ability to generate high-quality captions,
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Relevance Scores

Diversity Scores

Configurations @7\ R-L C DT D2 m-B ] s-C
LSTM-Base 51.1 454 71.2 647 173 293 759 539
- w/o cpt. queries 49.7 45.3 70.7 63.5 13.8 22.8 86.5 46.2
-w/ocls.head 385 40.2 66.8 56.7 84 11.1 96.2 19.8
- W/ Lgin 54.5 47.2 724 67.0 21.4 37.0 65.1 62.6
Prefix-Base 51.6 463 71.2 659 22.5 39.8 63.1 64.4
- w/o cpt. queries 49.8 46.5 70.9 66.2 169 28.1 82.2 49.8
-w/ocls.head  48.8 45.2 70.0 64.3 18.6 31.1 753 54.3
- W/ Lgin 54.4 47.5 72.1 67.7 34.0 54.0 48.2 70.3

Table 5: Ablative results on Semantic Concept Guidance.

Initialization Base Base (part)
M -
- - &%
. - >
8
w./0. Cls. Head w./0. Cpt. Queries w. Lgjy (part)
&
A

Figure 4: Distribution of semantics-specific encodings. Dif-
ferent colors stand for encodings of different videos. We take
the same part from the distribution maps of Base and w/ L 4;,,
for clear comparison. Best viewed in color.

even when compared to models pretrained on large-scale
data. This advantage is attributed to the fact that learning
to describe a video with multiple sentences prevents mode
collapse, as discussed in (Chen, Deng, and Wu 2022).

Ablation Studies

Evaluation on Semantic Concept Guidance As shown
in Tab.5, we design ablative experiments on MSRVTT to
evaluate the three components of Semantic Concept Guid-
ance (SCG). The Base configuration is obtained by re-
moving the diversity regularization term L 4;, from the full
model. The other three settings are obtained by replacing
conceptual queries with random vectors, removing the clas-
sification head, and adding diversity regularization, respec-
tively. Quantitative results show that for two versions, all
three components of SCG bring performance gain on both
relevance and diversity performance of diversity caption.
We further present the explanation through visualization
of semantics-specific encodings distribution shown in Fig.4.
We randomly sample 20 videos and generate 20 sets of en-
codings with models (LSTM version) trained under the four
configurations. We plot t-SNE (Van der Maaten and Hinton
2008) reduced encodings in different colors representing dif-
ferent sets. The initialized encodings are also plotted. The
inter-set distance illustrates the distinction between videos
with different visual content and represents the relevance
performance of the model, while the intra-set distance indi-
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2Ny L
Pred. Caps:

1. a music video of a concert
. a crowd is cheering for a band

. a man sings and dances in front of a crowd
. a band performing on stage

.a band is playing music on stage

Pred. Cpt. Combinations:

1. music, concert, video, performance
2. people, cheer, crowd, stage

3. dance, man, people, concert

4. perform, stage, band, audience

5. play, band, guitar, music

Cpis:
{a band is giving a live concert, a person preforms
a song on stage, a band is performing in front of a
live audience, people are cheering while a man
sings on stage, people play music on a stage in
front of a large crowd, - }

WA W

Figure 5: An example of generations by SCG-SP-Prefix on MSRVTT. Concepts both showed in predicted combinations and

captions are highlighted in red. Best viewed in color.

Training style C m-B| s-C # Params SPE
From scratch 643 729 57.1 169.1IM 424
Fine-tuning 663 683 603 169.IM 424
Prefix-tuning 659 63.1 64.4 44.6M 325

Table 6: Ablative results on GPT-2 training style.

cates the diversity performance. Therefore, the distribution
of the encodings is highly related to the quantitative perfor-
mance of relevance and diversity.

As shown in Fig.4, initialized encodings and encodings by
the model without classification head are with lower intra-set
and inter-set distances compared with the encodings by the
base model. Adding a diversity regularization term L;,, can
increase the intra-set distance. The model without concep-
tual queries can produce encodings with appropriate inter-
set distance but low intra-set distance.

Combining both quantitative and qualitative results, we
conclude that SCG improves diverse captioning perfor-
mance by providing distinctive encoding sets and unique en-
codings within each set. Specifically, it is achieved by three
means: 1) semantic information in conceptual queries; 2) de-
terministic element alignment and extra semantic supervi-
sion from concept combination prediction; 3) diversity pref-
erence brought by concept-based regularization.

Analysis on Captioners As shown in Tab.1-3, both SCG-
SP-LSTM and SCG-SP-Prefix outperform SOTA methods.
These results show the compatibility of our proposed SCG-
SP framework for different captioners.

We also find that SCG-SP-Prefix outperforms the SCG-
SP-LSTM under diversity metrics. For relevance metrics,
though the Prefix version scores lower than the LSTM one
on MSVD, the gap narrows on MSRVTT, and the Prefix ver-
sion even scores better on VATEX. These results demon-
strate that as the complexity of the evaluation dataset in-
creases, the advantages of using external knowledge become
more pronounced.

By comparing the two halves in Tab.5, the ablative results
of the two versions show consistency regarding effective-
ness on SCG components. However, the Prefix version has
a lower requirement for conceptual guidance. For example,
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the LSTM version drops 8.0 and 34.1 on CIDEr and self-
CIDEr, respectively, after removing the classification head,
but for the Prefix version, the dropping is 1.6 and 10.1. We
can also attribute this to external knowledge.

Training of GPT We employ three training styles for
SCG-SP-Prefix, including training the GPT-2 model from
scratch (i.e., without loading pretrained parameters), fine-
tuning based on pretrained parameters, and prefix-tuning.
For models trained by three styles within 100 epochs, cap-
tioning metrics on MSRVTT are listed with the number of
trainable parameters and seconds per training epoch (SPE)
in Tab.6. It is pretty difficult to fully train a GPT-2 from
scratch with limited data and time. Thus the model trained
from scratch performs the worst. Though the model with
fine-tuned GPT-2 performs the best on CIDEr, the model
with prefix-tuning, which is proven effective, achieves
the highest diversity with 73.6% less trainable parameters
23.3% less training time and only 0.4 drop on CIDEr. The
results prove the efficiency of prefix-tuning.

Qualitative Analysis

We present an example of generations by our proposed
SCG-SP-Prefix in Fig.5. The generated captions are with
considerable diversity and are highly related to the predicted
concept combinations. The results demonstrate the effective-
ness of guiding diverse generations with different combina-
tions of concepts and show that the diverse generation of
the proposed SCG-SP is highly interpretable. More exam-
ples are given in Supplementary Material.

Conclusion

In this paper, we have proposed a novel model for di-
verse video captioning named SCG-SP, which stands for
semantic-concept-guided set prediction. Through set-level
reasoning, SCG-SP has captured the linguistic characteris-
tics of the caption corpus. We have further incorporated se-
mantic concept guidance of concept detection and concept
combination prediction to improve the semantic diversity
of captions and achieve interpretable generation. Our pro-
posed model has achieved the state-of-the-art performance
on MSVD, MSRVTT, and VATEX benchmarks. Extensive
quantitative and qualitative experiments have demonstrated
the effectiveness of our methods.
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