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Background
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Dense Video Captioning [Krishna+ 2017]

Each video has a story

“Tough Day Bass Fishing The St Johns River” by RivweBassin (https://www.youtube.com/watch?v=d41k1dkdqiY)

Sto
ry

At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.

On the boat, they cast the lure to the shore 
cover and retrieved them.

A man catches several largemouth bass. 

The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 

Proposals CaptionsVideo Stream

tim
e

3



Dense Video Captioning [Krishna+ 2017]

Current systems sometimes generate too many captions

“Tough Day Bass Fishing The St Johns River” by RivweBassin (https://www.youtube.com/watch?v=d41k1dkdqiY)

At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.

On the boat, they cast the lure to the shore 
cover and retrieved them.

A man catches several largemouth bass. 

The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 

Proposals CaptionsVideo Stream

tim
e

At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.

On the boat, they cast the lure to the shore 
cover and retrieved them.

A man catches several largemouth bass. 

The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 

At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.

On the boat, they cast the lure to the shore 
cover and retrieved them.

A man catches several largemouth bass. 

The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 
At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.

On the boat, they cast the lure to the shore 
cover and retrieved them.

A man catches several largemouth bass. 

The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 
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Evaluate two components:
- Temporal localized events

- Generated captions

Current evaluation framework:  ActivityNet Captions scorer

Evaluation for dense video captioning systems
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ActivityNet Captions scorer
Step1: Calculation of a IoU table

Reference

Generated
p1

p2
p3

p4

g1
g2

g3

t

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9
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0� 0.8� 1.7� 2.3� 2.7� 2.7�
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g3
g4

p1 p2 p3 p4 p5

Fig. 1. An example of IoUs between generated and reference captions.

Each caption has a proposal that indicates a time span of an event that appears
in a video. Here, the IoU between g and p is defined as follows:

IoU(g, p)=max

✓
0,

min(e(g), e(p))�max(s(g), s(p))

max(e(g), e(p))�min(s(g), s(p))

◆
, (1)

where functions s(·) and e(·) return the start and end time of the proposal, re-
spectively. Here, a set of reference captions whose IoU exceeds a specific thresh-
old, ⌧ , for p is defined as follows:

Gp,⌧ = {g 2 G|IoU(g, p) � ⌧}. (2)

When Gp,⌧ = �, i.e., p does not have any g that exceeds a specific threshold, we
add a random string to Gp,⌧ as a member instead of the caption as a penalty.
Finally, a set of generated captions, P, is evaluated on the basis of a set of
reference captions, G, by the following equation:

E(G,P, ⌧) =

P
p2P

P
g2Gp,⌧

f(g, p)
P

p2P |Gp,⌧ |
, (3)

where function f(·, ·) denotes an evaluation metric such as METEOR [2], BLEU [11],
or CIDEr [15]. In this paper, we use METEOR as f(·, ·) since ActivityNet Chal-
lenge use it as its o�cial metric. In most cases, the final evaluation score was
computed as the average for ⌧ = 0.9, 0.7, 0.5, 0.3.

Consider, for example, that IoUs between G and P are given as in Figure
1. When we set ⌧ to 0.5, we obtain the following: Gp1,0.5 = {g1, g4}, Gp2,0.5 =
{g3, g4}, Gp3,0.5 = {g2, g4}, Gp4,0.5 = {g1, g3, g4}, Gp5,0.5 = {g2, g3}. Then, we
compute METEOR scores for the eleven matched pairs between g and p, (p1, g1),
(p1, g4), (p2, g3), (p2, g4), (p3, g2), (p3, g4), (p4, g1), (p4, g3), (p4, g4), (p5, g2), and
(p5, g3), and average the scores.

4 Problems of Current Framework

4.1 Loose Matching

As we explained in the previous section, the current evaluation framework deter-
mines the correspondence between g and p only with the IoU threshold, ⌧ . Thus,

IoU: Intersection over Union
temporal overlap rate of proposal
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Step2: Finding pairs and averaging scores
ActivityNet Captions scorer

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

IoU Threshold ! : 0.5
Pairs exceeding the threshold:
(g1, p1), (g1,p2), (g2, p2), 
(g2, p3), (g3, p4)
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1 ͸͡Ίʹ

Dense Video Captioning [1] ͸ಈըதͷ৔໘ (γʔ
ϯ) ʹԠͯ͡ΩϟϓγϣϯจΛ༩͑ΔλεΫͰ͋Δɽ
Ұൠతʹ͸ɼ2 ෼ఔ౓ͷಈըΛฏۉ 3 ͔Β 4 จఔ౓
ͷΩϟϓγϣϯͰද͢ݱΔλεΫͰ͋ΓɼVision and

Language ෼໺ʹ͓͚Δओཁͳڀݚ՝୊ͷҰͭͰ͋Δɽ
ಈըதͷ৔໘ʹର͠ΩϟϓγϣϯΛ༩͑ΠϯσΩγϯ
ά͓͚ͯ͠͹ɼࣗવޠݴΛΫΤϦͱͯ͠ߴ౓ͳಈըݕ
ՄೳͱͳΔɽ͕͞ࡧ Βʹɼಈըͷ৔໘ʹ༩͑ΒΕͨΩϟ
ϓγϣϯ͸ಈըશମͷετʔϦΛޠݴԽͨ͠΋ͷͱ΋
͍͑ΔͷͰɼਓ͕ؒಈըͷ֓ཁΛ೺Ѳ͢Δͷʹ΋େ͍
ʹ໾ཱͭɽ
Ұൠతʹ Dense Video Captioning ͷධՁʹ͸ɼγ
εςϜ͕ग़ྗͨ͠ΩϟϓγϣϯจͱରԠؔ܎ʹ͋Δਖ਼
ղͷΩϟϓγϣϯจͷؒͷ METEOR είΞ [2] ͷฏ
ΒΕΔͨΊɼγεςϜ͕ੜ੒ͨ͠Ωϟϓγϣ͍༺͕ۉ
ϯจͷ͏ͪɼਖ਼ղͷΩϟϓγϣϯจͱରԠ͕ͱΕΔ΋
ͷ͔͠ධՁͷର৅ͱͳΒͳ͍ɽ͜ͷධՁ๏͸ɼಈըͷ
ΠϯσΩγϯάͱ͍͏؍఺͔Β͸ཧʹ͔ͳͬͨධՁɼ
ͭ·Γɼࡧݕͷݱ࠶཰Λॏͯ͠ࢹධՁ͢Δͱ͍͏఺Ͱ
͸໰୊ͳ͍͕ɼඦจΛ௒͑ΔΑ͏ͳա৒ʹੜ੒͞Εͨ
Ωϟϓγϣϯʹରͯ͠΋͍ߴείΞΛ༩͑ͯ͠·͏͜
ͱ͕͋ΔͨΊɼಈըͷετʔϦͷධՁͱ͍͏؍఺Ͱ͸
໰୊͕͋Δɽͦ͜ͰຊߘͰ͸ɼετʔϦੜ੒ͱ͍͏؍
఺͔Β Dense Video Captioning ΛࣗಈతʹධՁ͢Δ
ख๏ΛఏҊ͢Δɽ

2 ैདྷͷDense Video Caption-

ing ͷࣗಈධՁ

ਓؒͷಈ࡞ʹؔ͢ΔಈըΛେྔʹूΊͨActivityNet

σʔληοτ [3]ʹର֤ͯ͠ಈըதͷ৔໘ʹਓ͕ؒΩϟ
ϓγϣϯΛ෇༩ͨ͠ Dense Video Captioning σʔλ
ηοτ [1] ͕ެ։͞Ε͓ͯΓɼධՁܕϫʔΫγϣοϓ
Ͱ͋Δ ActivityNet Challenge Ͱ͸ɼ͜ͷσʔληο

τΛ༻͍ͯ Dense Video Captioning γεςϜͷੑೳ
ͷൺֱධՁ͕੝ΜʹߦΘΕ͍ͯΔɽ
ActivityNet ChallengeͰ͸ɼจݙ [1]ͰఏҊ͞Εͨ
ࣗಈධՁ๏Λެࣜࢦඪͱͯ͠࠾༻͍ͯ͠Δɽ͍·ɼ͋
Δಈըʹର͢Δਖ਼ղͷΩϟϓγϣϯจͷू߹Λ Gɼγ
εςϜ͕ੜ੒ͨ͠Ωϟϓγϣϯจͷू߹Λ P ͱ͢Δɽ
͜͜Ͱɼg(∈ G)ͱ p(∈ P)ΛͦΕͧΕਖ਼ղ͓Αͼγε
ςϜΩϟϓγϣϯจͱ͢Δɽͳ͓ɼݸʑͷΩϟϓγϣ
ϯจʹ͸ɼͦΕ͕ಈըதͷͲͷ৔໘ʹରԠ͢Δ͔Λ͋
ΒΘ࣌ؒ͢৘ใ (Ҏ߱ɼϓϩϙʔβϧͱݺͿ)͕༩͑
ΒΕ͍ͯΔɽϓϩϙʔβϧͷ։࢝࣌ؒΛؔ਺ s()ɼऴ
ྃ࣌ؒΛؔ਺ e()ͰಘΒΕΔ΋ͷͱͯ͠ɼgͱ pͷ࣌
ؒͷॏͳΓɼIoU (Intersection of Union) ΛҎԼͷࣜ
Ͱఆٛ͢Δɽ

IoU(g, p)=
min(e(g), e(p))−max(s(g), s(p))

max(e(g), e(p))−min(s(g), s(p))
(1)

ͳ͓ɼ෼͕ࢠෛʹͳͬͨ৔߹ʹ͸ IoU͸θϩͱ͢Δɽ
͜͜Ͱɼpʹର͋͠Δ͖͍͠஋ τ Ҏ্ͷ IoUΛ࣋ͭਖ਼
ղΩϟϓγϣϯจͷू߹ΛҎԼͰఆٛ͢Δɽ

Gp,τ = {g ∈ G|IoU(g, p) ≥ τ} (2)

࣍ʹɼγεςϜ͕ੜ੒ͨ͠Ωϟϓγϣϯू߹ P ʹର
͠ɼGͷཁૉͱରԠؔ܎Λ࣋ͭ෦෼ू߹ P ΛҎԼͰఆ
ٛ͢Δɽ

P = {p ∈ P|Gp,τ $= φ} (3)

͜͜ͰɼP ͱ Gp,τ Λ༻͍ͯγεςϜΩϟϓγϣϯͷ
ධՁείΞΛҎԼͷࣜͰఆٛ͢Δɽ

E(G,P, τ) =

∑
p∈P

∑
g∈Gp,τ

METEOR(g, p)
∑

p∈P |Gp,τ |
(4)

ਖ਼ղΩϟϓγϣϯจͱγεςϜੜ੒Ωϟϓγϣϯจͷؒ
ͷࣗಈධՁείΞΛฦؔ͢਺ f()ͱͯ͠͸ɼMETEOR

[2]ɼBLEU [4]ɼCIDEr [5]͕ར༻ՄೳͰ͋Δ͕ɼ௨ৗ͸
METEOR͕༻͍ΒΕΔɽΑͬͯҎԼͰ͸ f()ͱͯ͠
METEORΛ༻͍Δ΋ͷͱ͢Δɽτ = 0.9, 0.7, 0.5, 0.3

ͷείΞΛ͠ࢉܭɼͦͷฏ࠷͕ۉऴతͳείΞͱͯ͠
༻͍ΒΕΔɽ

Averaging METEOR scores of all the pairs

# of matched pairs
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•Disregarding the story (the ordering of captions)
•Sometimes giving high scores to redundant captions

Problems of ActivityNet Captions scorer

Reference

Generated

g1
g2

g3

t
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Proposed method: SODA
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Advantage: 
•Considering the story (the ordering of captions)
•Preventing redundant captions from obtaining good scores

Proposed method: SODA

Reference

Generated

g1
g2

g3

t
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Step1: Calculation of a cost table
Reference

Generated
p1

p2
p3

p4

g1
g2

g3

t

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost: IoU x  METEOR

SODA

11
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Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.



DP table

Step2: Filling a DP table
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S[1][�]
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S[3][�]
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S[�][0] S[�][1] S[�][2] S[�][3] S[�][4] S[�][5]

Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0
S[2][*] 0.0
S[3][*] 0.0
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Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
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|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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gi and a generated caption pj based on the IoU as follows:
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Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7
S[2][*] 0.0
S[3][*] 0.0

SODA: Story Oriented Dense Video Captioning Evaluation Framework 9

Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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S[3][�]
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S[�][0] S[�][1] S[�][2] S[�][3] S[�][4] S[�][5]

Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7 0.7
S[2][*] 0.0 0.7
S[3][*] 0.0

SODA: Story Oriented Dense Video Captioning Evaluation Framework 9

Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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S[2][�]

S[3][�]
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S[�][0] S[�][1] S[�][2] S[�][3] S[�][4] S[�][5]

Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7 0.7 0.7
S[2][*] 0.0 0.7 1.2
S[3][*] 0.0 0.7

SODA: Story Oriented Dense Video Captioning Evaluation Framework 9

Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7 0.7 0.7 0.7
S[2][*] 0.0 0.7 1.2 1.3
S[3][*] 0.0 0.7 1.2

SODA: Story Oriented Dense Video Captioning Evaluation Framework 9

Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7 0.7 0.7 0.7
S[2][*] 0.0 0.7 1.2 1.3 1.3
S[3][*] 0.0 0.7 1.2 1.3

SODA: Story Oriented Dense Video Captioning Evaluation Framework 9

Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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S[0][�]
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S[3][�]
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Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7 0.7 0.7 0.7
S[2][*] 0.0 0.7 1.2 1.3 1.3
S[3][*] 0.0 0.7 1.2 1.3 2.2
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Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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Step3: Tracing back to the routes and finding the pairs
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0
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g1
g2
g3
g4

p1 p2 p3 p4 p5

S[0][�]

S[1][�]

S[2][�]

S[3][�]

S[4][�]

S[�][0] S[�][1] S[�][2] S[�][3] S[�][4] S[�][5]

Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

p1 p2 p3 p4
g1 0.7 0.6 0.0 0.0
g2 0.0 0.5 0.6 0.0
g3 0.0 0.0 0.05 0.9

Cost:

State:

S[*][0] S[*][1] S[*][2] S[*][3] S[*][4]
S[0][*] 0.0 0.0 0.0 0.0 0.0
S[1][*] 0.0 0.7 0.7 0.7 0.7
S[2][*] 0.0 0.7 1.2 1.3 1.3
S[3][*] 0.0 0.7 1.2 1.3 2.2

Pairs
( g1, p1 )
( g2, p3 )
( g3, p4 )
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Here, Precision(G,P) and Recall(G,P) are defined on the basis of the optimal
matching as follows:

Precision(G,P) =

P
g2G f(g, pa(g))

|P| , (8)

Recall(G,P) =

P
g2G f(g, pa(g))

|G| . (9)

When systems generate too many captions, Precision scores tend to be low, while
Recall scores tend to be high. Thus, the systems cannot obtain good F-measure
scores. When systems generate too few captions, they also cannot obtain good
F-measure scores since they tend to receive good Precision scores but poor Recall
scores.

5.3 Evaluation Scores Directly Dependent on IoU

In evaluating video story descriptions, the IoU plays an important role. Even
if METEOR scores between generated and reference captions are perfect, they
make no sense if the IoU between the captions is zero. However, in the current
evaluation framework, the IoU is utilized only for determining the matching
between the captions. Thus, the IoU does not directly a↵ect the sum of METEOR
scores. In fact, METEOR scores with larger IoUs and those with smaller ones
cannot be distinguished when computing them. To reflect the IoU more directly
to evaluation scores, we propose an alternative of the cost in Equation (4), which
is utilized to solve dynamic programming as follows:

Ci,j = IoU(gi, pj)f(gi, pj). (10)

By utilizing this cost, even if the METEOR score is high, the evaluation score
can be lowered when the IoU score is low.

6 Experiments

6.1 Experimental Settings

We used the ActivityNet Captions dataset [6]5, which contains 20k YouTube
videos. The dataset consists of 10,024, 4,915 and 5,044 videos for training, vali-
dation and test data, respectively. We evaluated our evaluation framework only
on the validation data because the test data is not publicly available6. Each
video in the validation data has on average 3.52 human-written captions with
start/end time annotations. The average number of words in a caption is 13.54.

5 Using the VideoStory dataset [3] would have been more e↵ective as it was constructed
to evaluate video story description systems. However, unfortunately, it has not been
publicly available.

6 The test data is only available on the ActivityNet evaluation server.
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Fig. 4. Illustration of a dynamic programming table.

the threshold ⌧ for the matching; we define cost Ci,j between a reference caption
gi and a generated caption pj based on the IoU as follows:

Ci,j =

⇢
IoU(gi, pj) if IoU(gi, pj) � ⌧,
0 otherwise.

(4)

Then, we sort the captions based on temporal ordering, that is, in the order
of the beginning time of their proposals, by utilizing function s(·), and define
S[i][j], which stores the maximum score of optimal matching between 1st to i-th
generated captions and the 1st to j-th reference truth captions, as follows:

– Initialization

S[i][0] = 0 (0  i  |P|), S[0][j] = 0 (0  j  |G|), (5)

– Recurrence (1  i  |P|, 1  k  |G|)

S[i][j] = max

8
<

:

S[i� 1][j],
S[i� 1][j � 1] + Ci,j ,
S[i][j � 1].

(6)

Figure 4 shows an example process to obtain the optimal matching for the
example given in Figure 1, with ⌧ = 0. After filling out table S by dynamic
programming, S[4][5] stores the optimal matching score, 2.7. Thus, we can obtain
the optimal matching between gk and p` by tracing the path, from [4,5] to [0,0].
In the example, the optimal matching is (g1, p1), (g3, p2), (g4, p4). The pseudo
code of the algorithm is shown in the supplementary material.

5.2 F-measure for Evaluating Video Story Description

To give a low score for too many or too few captions, the sum of METEOR scores
should be normalized by considering the number of generated and reference
captions. Thus, we propose an evaluation metric based on F-measure as follows:

F-measure(G,P) =
2⇥ Precision(G,P)⇥ Recall(G,P)

Precision(G,P) + Recall(G,P)
. (7)

0.1 0.3 0.2 0.8 0.1
0.1 0.3 0.1 0.8 0.5
0.9 1.0 0.3 0.9 0.8
0.3 0.5 0.6 1.0 0.1

0 0 0 0 0 0
0 0.1 0.3 0.3 0.8 0.8
0 0.1 0.4 0.4 1.1 1.3
0 0.9 1.1 1.1 1.3 1.9
0 0.9 1.4 1.7 2.1 2.1

ਤ 2: ಈతܭը๏ʹΑΔରԠؔ܎ͷܾఆ

ϓγϣϯจͱਖ਼ղΩϟϓγϣϯจͱͷؒͷ IoUͷεί
Ξͷ࿨͕࠷େͱͳΔΑ͏ରԠؔ܎Λܾఆ͢Δɽ
·ͣɼi൪໨ͷਖ਼ղΩϟϓγϣϯ giͱ j൪໨ͷγε
ςϜΩϟϓγϣϯ pj ͷ࣌ؒͷॏͳΓΛ͋ΒΘ͢εί
ΞΛ IoUͱ͖͍͠஋ τ Λ༻͍ͯҎԼͷࣜͰఆٛ͢Δɽ

Ci,j =

{
IoU(gi, pj) IoU(gi, pj) ≥ τ

0 (otherwise)
(5)

࣍ʹɼi൪໨·Ͱͷਖ਼ղΩϟϓγϣϯͱ j൪໨·Ͱͷγ
εςϜΩϟϓγϣϯͷ࣌ؒͷॏͳΓΛ͋ΒΘ͢είΞ
Ci,jͷ࿨ͷ࠷େ஋Λ֨ೲ͢ΔςʔϒϧΛS[i][j]ͱ͢Δɽ
S[i][0] = 0(0 ≤ i ≤ |G|)ɼS[0][j] = 0(0 ≤ j ≤ |P|)Λ
ॳظ஋ͱͯ͠ɼҎԼͷ઴ԽࣜΛ༻͍Δ͜ͱͰɼ࠷ద஋ɼ
S[|G|][|P|]ΛಘΔɽ

S[i][j] = max






S[i− 1][j]

S[i− 1][j − 1] + Ci,j

S[i][j − 1]

(6)

giͱ pjʹରԠ͕͢Δͷ͸S[i][j]ΛS[i−1][j−1]+Ci,j

Ͱ༩͑ͨͱ͖Ͱ͋Δɽ
ਤ 2ʹྫΛࣔ͢ɽਤ 2্ஈͷΑ͏ʹ Ci,j ͕༩͑Β
Εͨ৔߹ɼείΞςʔϒϧ S͸ਤͷԼஈͱͳΔɽςʔ
ϒϧͷ೚ҙͷηϧɼͭ·Γ S[i][j]ͷ஋͸ɼਅ্ͷ஋ɼ
ਅԣͷ஋ɼࣼࠨΊ্ͷ஋ͱCi,j ͷ࿨ͷ͏ͪ࠷΋େ͖͍
΋ͷͰ͋ΔɽྫͰ͸࠷େείΞ S[|G|][|P|]͸ 2.1ͱͳ
ΓɼͦΕΛ༩͑Δ gͱ pͷରԠ͸ɼ(g4, p4)ɼ(g3, p2)ɼ
(g2, p1)ͱͳΔɽ

4.2 ΩϟϓγϣϯධՁείΞͷࢉܭ

લઅͰܾఆͨ͠ΩϟϓγϣϯؒͷରԠʹ͖ͮجɼҎ
ԼͷࣜͰਫ਼౓ɼݱ࠶཰Λఆٛ͢Δɽ

Precision(G,P) =

∑
g∈G IoU×METEOR(g, pa(g))

|P|

Recall(G,P) =

∑
g∈G IoU×METEOR(g, pa(g))

|G|
F1 = 2× Precision× Recall/(Precision + Recall)

ͦͯ͠ɼF1(= 2 ∗ Precision ∗ Recall/(Precision +

Recall)) Λ࠷ऴతͳγεςϜΩϟϓγϣϯͷධՁε
ίΞͱ͢Δɽͳ͓ɼa()͸ gʹରԠ͢Δ pͷΠϯσο
ΫεΛฦؔ͢਺Ͱ͋Δɽ
ਖ਼ղΩϟϓγϣϯจͱγεςϜΩϟϓγϣϯจͷର
ԠΛߴʑ1ର ͱɼࣜͨͬ͜ߜʹ1 (7)ͷ෼฼͕ |P|Ͱ
͋Δ͜ͱ͔Βɼจ਺͕ଟ͍Ωϟϓγϣϯ͸ݱ࠶཰͸ߴ
͍͔΋͠Εͳ͕ɼਫ਼౓͕௿͘ͳΔͷͰɼF1 ͸௿͘ͳ
Δɽ·ͨɼಉ͡ΩϟϓγϣϯจΛҟͳΔϓϩϙʔβϧ
Ͱଟ਺ग़ྗ͢Δͱݱ࠶཰ɼਫ਼౓ͱ΋௿͘ͳΔɽ
ͳ͓ɼఏҊख๏ͷόϦΤʔγϣϯͱͯ͠ɼࣜ (5)ͷ
͔ΘΓʹҎԼͷࣜ (9)ͰCi,j Λఆٛ͢Δ͜ͱͰ IoUͱ
METEORείΞͷ૒ํΛಉ࣌ʹྀͨ͠ߟධՁείΞ
ΛಘΔ͜ͱ͕Ͱ͖Δɽ

Ci,j = IoU(gi, pj)f(gi, pj) (7)

5 ݧ࣮

5.1 ઃఆ

Krishna Β [1] ͷ ActivityNet ʹର͢ΔΩϟϓγϣ
ϯσʔλͷ͏ͪɼ։ൃ༻σʔλ (4883 ݅)3Λ༻͍ͯɼ
End-to-end Transformer γεςϜ [6] ͷΩϟϓγϣϯ
Λར༻ͯ͠ैདྷͷࣗಈධՁࢦඪͱఏҊ๏ͱΛൺֱͨ͠ɽ
·ͨɼจݙ [1]Ͱ഑෍͞Ε͍ͯΔධՁ༻εΫϦϓτ
Ͱ͸ɼ։ൃσʔλͱςετσʔλʹରͯ͠͸ɼ1ͭͷ
ಈըʹରͯ͠ҟͳΔ 2໊ͷΩϟϓγϣϯ͕༩͑ΒΕͯ
͓ΓɼධՁͷࡍʹ͸ 2໊ͷΩϟϓγϣϯΛ·ͱΊͯ 1

ͭͷਖ਼ղΩϟϓγϣϯͱͯ͠ѻ͍ͬͯΔͷͰɼຊߘͰ
΋͜ͷઃఆʹ߹ΘͤΔɽ
3ষͰࢦఠͨ͠Α͏ʹैདྷͷࣗಈධՁ๏͸Ωϟϓγϣ
ϯͷ಺༰͕ա৒Ͱ͋ͬͯ΋աগͰ͋ͬͯ΋ਖ਼ղͷΩϟ
ϓγϣϯจͱ IoU͕ τ Ҏ্Ͱ͋Δ΋ͷ͚ͩͰධՁεί
ΞΛ͢ࢉܭΔɽΑͬͯɼγεςϜΩϟϓγϣϯͷจ਺
ʹΑΒͣͨࣅΑ͏ͳείΞΛͱΔ͜ͱ͕༧૝͞ΕΔɽ

3ςετσʔλʹର͢ΔΩϟϓγϣϯ͸ެ։͞Ε͍ͯͳ͍ɽ

0.1 0.3 0.2 0.8 0.1
0.1 0.3 0.1 0.8 0.5
0.9 1.0 0.3 0.9 0.8
0.3 0.5 0.6 1.0 0.1

0 0 0 0 0 0
0 0.1 0.3 0.3 0.8 0.8
0 0.1 0.4 0.4 1.1 1.3
0 0.9 1.1 1.1 1.3 1.9
0 0.9 1.4 1.7 2.1 2.1

ਤ 2: ಈతܭը๏ʹΑΔରԠؔ܎ͷܾఆ

ϓγϣϯจͱਖ਼ղΩϟϓγϣϯจͱͷؒͷ IoUͷεί
Ξͷ࿨͕࠷େͱͳΔΑ͏ରԠؔ܎Λܾఆ͢Δɽ
·ͣɼi൪໨ͷਖ਼ղΩϟϓγϣϯ giͱ j൪໨ͷγε
ςϜΩϟϓγϣϯ pj ͷ࣌ؒͷॏͳΓΛ͋ΒΘ͢εί
ΞΛ IoUͱ͖͍͠஋ τ Λ༻͍ͯҎԼͷࣜͰఆٛ͢Δɽ

Ci,j =

{
IoU(gi, pj) IoU(gi, pj) ≥ τ

0 (otherwise)
(5)

࣍ʹɼi൪໨·Ͱͷਖ਼ղΩϟϓγϣϯͱ j൪໨·Ͱͷγ
εςϜΩϟϓγϣϯͷ࣌ؒͷॏͳΓΛ͋ΒΘ͢είΞ
Ci,jͷ࿨ͷ࠷େ஋Λ֨ೲ͢ΔςʔϒϧΛS[i][j]ͱ͢Δɽ
S[i][0] = 0(0 ≤ i ≤ |G|)ɼS[0][j] = 0(0 ≤ j ≤ |P|)Λ
ॳظ஋ͱͯ͠ɼҎԼͷ઴ԽࣜΛ༻͍Δ͜ͱͰɼ࠷ద஋ɼ
S[|G|][|P|]ΛಘΔɽ

S[i][j] = max






S[i− 1][j]

S[i− 1][j − 1] + Ci,j

S[i][j − 1]

(6)

giͱ pjʹରԠ͕͢Δͷ͸S[i][j]ΛS[i−1][j−1]+Ci,j

Ͱ༩͑ͨͱ͖Ͱ͋Δɽ
ਤ 2ʹྫΛࣔ͢ɽਤ 2্ஈͷΑ͏ʹ Ci,j ͕༩͑Β
Εͨ৔߹ɼείΞςʔϒϧ S͸ਤͷԼஈͱͳΔɽςʔ
ϒϧͷ೚ҙͷηϧɼͭ·Γ S[i][j]ͷ஋͸ɼਅ্ͷ஋ɼ
ਅԣͷ஋ɼࣼࠨΊ্ͷ஋ͱCi,j ͷ࿨ͷ͏ͪ࠷΋େ͖͍
΋ͷͰ͋ΔɽྫͰ͸࠷େείΞ S[|G|][|P|]͸ 2.1ͱͳ
ΓɼͦΕΛ༩͑Δ gͱ pͷରԠ͸ɼ(g4, p4)ɼ(g3, p2)ɼ
(g2, p1)ͱͳΔɽ

4.2 ΩϟϓγϣϯධՁείΞͷࢉܭ

લઅͰܾఆͨ͠ΩϟϓγϣϯؒͷରԠʹ͖ͮجɼҎ
ԼͷࣜͰਫ਼౓ɼݱ࠶཰Λఆٛ͢Δɽ

Precision(G,P) =

∑
g∈G IoU×METEOR(g, pa(g))

|P|

Recall(G,P) =

∑
g∈G IoU×METEOR(g, pa(g))

|G|
F1 = 2× Precision× Recall/(Precision + Recall)

ͦͯ͠ɼF1(= 2 ∗ Precision ∗ Recall/(Precision +

Recall)) Λ࠷ऴతͳγεςϜΩϟϓγϣϯͷධՁε
ίΞͱ͢Δɽͳ͓ɼa()͸ gʹରԠ͢Δ pͷΠϯσο
ΫεΛฦؔ͢਺Ͱ͋Δɽ
ਖ਼ղΩϟϓγϣϯจͱγεςϜΩϟϓγϣϯจͷର
ԠΛߴʑ1ର ͱɼࣜͨͬ͜ߜʹ1 (7)ͷ෼฼͕ |P|Ͱ
͋Δ͜ͱ͔Βɼจ਺͕ଟ͍Ωϟϓγϣϯ͸ݱ࠶཰͸ߴ
͍͔΋͠Εͳ͕ɼਫ਼౓͕௿͘ͳΔͷͰɼF1 ͸௿͘ͳ
Δɽ·ͨɼಉ͡ΩϟϓγϣϯจΛҟͳΔϓϩϙʔβϧ
Ͱଟ਺ग़ྗ͢Δͱݱ࠶཰ɼਫ਼౓ͱ΋௿͘ͳΔɽ
ͳ͓ɼఏҊख๏ͷόϦΤʔγϣϯͱͯ͠ɼࣜ (5)ͷ
͔ΘΓʹҎԼͷࣜ (9)ͰCi,j Λఆٛ͢Δ͜ͱͰ IoUͱ
METEORείΞͷ૒ํΛಉ࣌ʹྀͨ͠ߟධՁείΞ
ΛಘΔ͜ͱ͕Ͱ͖Δɽ

Ci,j = IoU(gi, pj)f(gi, pj) (7)

5 ݧ࣮

5.1 ઃఆ

Krishna Β [1] ͷ ActivityNet ʹର͢ΔΩϟϓγϣ
ϯσʔλͷ͏ͪɼ։ൃ༻σʔλ (4883 ݅)3Λ༻͍ͯɼ
End-to-end Transformer γεςϜ [6] ͷΩϟϓγϣϯ
Λར༻ͯ͠ैདྷͷࣗಈධՁࢦඪͱఏҊ๏ͱΛൺֱͨ͠ɽ
·ͨɼจݙ [1]Ͱ഑෍͞Ε͍ͯΔධՁ༻εΫϦϓτ
Ͱ͸ɼ։ൃσʔλͱςετσʔλʹରͯ͠͸ɼ1ͭͷ
ಈըʹରͯ͠ҟͳΔ 2໊ͷΩϟϓγϣϯ͕༩͑ΒΕͯ
͓ΓɼධՁͷࡍʹ͸ 2໊ͷΩϟϓγϣϯΛ·ͱΊͯ 1

ͭͷਖ਼ղΩϟϓγϣϯͱͯ͠ѻ͍ͬͯΔͷͰɼຊߘͰ
΋͜ͷઃఆʹ߹ΘͤΔɽ
3ষͰࢦఠͨ͠Α͏ʹैདྷͷࣗಈධՁ๏͸Ωϟϓγϣ
ϯͷ಺༰͕ա৒Ͱ͋ͬͯ΋աগͰ͋ͬͯ΋ਖ਼ղͷΩϟ
ϓγϣϯจͱ IoU͕ τ Ҏ্Ͱ͋Δ΋ͷ͚ͩͰධՁεί
ΞΛ͢ࢉܭΔɽΑͬͯɼγεςϜΩϟϓγϣϯͷจ਺
ʹΑΒͣͨࣅΑ͏ͳείΞΛͱΔ͜ͱ͕༧૝͞ΕΔɽ

3ςετσʔλʹର͢ΔΩϟϓγϣϯ͸ެ։͞Ε͍ͯͳ͍ɽ

Pairs: ( g1, p1 ), ( g2, p3 ), ( g3, p4 )

Sum of scosts: 2.2

= 2.2
4 = 0.55

= 2.2
3 = 0.73

= ). *+

SODA
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Experiments
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Dataset:  ActivityNet Captions Dataset

Train 10,024 videos, Validation 4,915 videos

(Test set is not available)

Models:
- E2E Transformer [Zhou+ 2018]

The number of output captions per video is 228.21 on average 

- LSTM [Wang+ 2018]
The number of output captions per video is 97.10 on average 

Experimental settings
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Does SODA give low scores to too many or too few captions? 
• Randomly changed ! : the ratio of generated captions to a reference

Exp1: Detecting inappropriate captions

0 < ! < 1
Too few captions

! = 1
The same # of captions

! > 1
Too many captions

Reference
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Exp1 results of E2E Transformer

Methods 0.1 0.5
m =
1.0 2.0 10 All

Current 3.78 4.04 4.10 4.14 4.18 4.19

SO
D

A Precision
Recall
F1

5.93
0.84
1.47

4.89
2.61
3.41

4.02
4.02
4.02

2.87
5.74
3.83

0.94
9.30
1.70

0.33
10.62
0.63

Change of scores (%) when varying the number of captions.
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Exp1 results of E2E Transformer

Methods 0.1 0.5
m =
1.0 2.0 10 All

Current 3.78 4.04 4.10 4.14 4.18 4.19

SO
D

A Precision
Recall
F1

5.93
0.84
1.47

4.89
2.61
3.41

4.02
4.02
4.02

2.87
5.74
3.83

0.94
9.30
1.70

0.33
10.62
0.63

Change of scores (%) when varying the number of captions.

SODA gives high scores to 
the optimal number of captions

The current method gives similar scores
regardless number of captions
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Does SODA give low scores to captions with incorrect order? 
• Correct order of oracle captions: 

• Two variations of incorrect order:
- Swap - Shuffle

Exp2: Detecting incorrect ordering 
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Exp2 results of E2E Transformer

Methods Correct Swap Shuffle
Current 16.1 14.5 ( -10.2% ) 10.8 ( -33.1% )
SODA 17.8 14.5 ( -18.9% ) 7.66 ( -57.0% )

Evaluation scores (%) for oracle captions with correct and incorrect order
The percentage decrease from the score for Correct
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Exp2 results of E2E Transformer

Methods Correct Swap Shuffle
Current 16.1 14.5 ( -10.2% ) 10.8 ( -33.1% )
SODA 17.8 14.5 ( -18.9% ) 7.66 ( -57.0% )

Evaluation scores (%) for oracle captions with correct and incorrect order
The percentage decrease from the score for Correct

SODA is more sensitive to 
the incorrect order of captions
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Manual evaluation: pairwise comparison

Caption A
At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.
On the boat, they cast the lure to the shore 
cover and retrieved them.
A man catches several largemouth bass. 
The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 

A is better B is better
□ □ □ □ □✓

VS.

Caption B

At dawn, two men detach a boat from the 
tow vehicle and launch it into a river.

On the boat, they cast the lure to the shore 
cover and retrieved them.

A man catches several largemouth bass. 

The other man cast and retrieve the lure 
again and again, but he can not catch a fish. 

50 videos x 10 people

29
“Tough Day Bass Fishing The St Johns River” by RivweBassin (https://www.youtube.com/watch?v=d41k1dkdqiY)



E2E Transformer oracles  VS.  LSTM oracles

Human judgment:        80%                   20%

Accuracy of frameworks against the human judgment:
- Current:    0.66
- SODA: 0.76

1. Comparing the performance of systems

SODA can evaluate systems more consistent with human judgment

Caption A Caption B
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Swapped captions  VS.  Shuffled captions

Human judgment:        94%                     6%

Accuracy of frameworks against the human judgment:
- Current:    0.72
- SODA: 0.94

2. Comparing the incorrect order of captions

SODA gives a penalty more consistent with human judgment

Caption A Caption B
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Conclusion
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SODA: 
- A new evaluation framework for dense video captioning

Architecture: 
- 1-to-1 matching to maximize temporal overlap via DP
- Deriving F-measure scores from the METEOR scores

Result:
- Considering the story (the ordering of captions)
- Preventing redundant captions from obtaining good scores
- Being consistent to the manual evaluations

Conclusion

source code
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