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1. The effect of different top-k soft targets in
TRL

In the main paper, we demonstrate that the probabilities
of most soft targets are too small. These small value soft
targets always presents semantically unrelated words, and
may introduce noise to the caption model. Therefore, we
only select top-k words as the soft targets for the teacher-
recommended learning (TRL) method. The curve in the
Fig.1 depicts the performance on CIDEr with different top-
k soft targets on the MSR-VTT dataset. It can be found that
the model gets sweat point at k = 50, and too large or too
small k bring negative effects for the system.

2. More fair comparisons on VATEX with the
same visual features

In the Tab.1, the results on the top-block of the table are
under the official provided I3D features. We utilize more
powerful feature extractor C3D and IRV2 (InceptionRes-
netV2) to capture more discriminative appearance and mo-
tion representations, and the results reported in the main pa-
per are shown on the bottom-block. For a fair comparison,
we directly apply the I3D features provided by[2]. We get
the superior results than Wang[2], and the ablation studies
on the middle-block illustrate the effectiveness of our pro-
posed ORG-TRL methods.

3. The output regularization effect of TRL

The regularization of output distribution is first proposed
in the work[1], where two output regularizers: a maximum
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Figure 1. The CIDEr curve with different top-k soft targets on
MSR-VTT dataset. The temperature is set to 2.0 and the KL-ratio
is set to 0.3.

Methods Features VATEX
I3D C3D IRV2 B@4 M R C

Shared Enc[2] ! × × 28.9 21.9 47.4 46.8
Shared Enc-Dec[2] ! × × 28.7 21.9 47.2 45.6

Baseline(Ours) ! × × 29.5 20.8 47.2 40.6
Baseline+ORG(Ours) ! × × 30.7 21.5 47.9 44.9
Baseline+TRL(Ours) ! × × 30.4 21.5 47.9 44.5
Baseline+ORG+TRL(Ours) ! × × 31.3 21.9 48.3 47.1

Baseline(Ours) × ! ! 30.2 21.3 47.9 44.6
Baseline+ORG(Ours) × ! ! 31.5 21.9 48.7 48.8
Baseline+TRL(Ours) × ! ! 31.5 22.1 48.7 49.3
Baseline+ORG+TRL(Ours) × ! ! 32.1 22.2 48.9 49.7

Table 1. The performance on VATEX dataset. Wang’s meth-
ods (top-block); our methods with official I3D features (middle-
block); our methods with more powerful C3D and InceptionRes-
netV2 features (bottom-block).

entropy based confidence penalty and label smoothing are
proposed. In our work, the caption model is under the
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Figure 2. Regularization effect of TRL on output distribution(Left). The schedule sampling rate at the training phase(middle). Learning
rate curve(Right).

co-guidance of teacher-enforced learning using hard target
and teacher-recommended learning using soft targets. For-
mally, the loss function is the summation of the hard target’s
Cross-Entropy (CE) and the soft targets’ KL-Divergence.
This process pulls the output distribution to the language
model’s and guides the caption model to learn more seman-
tically related words. Therefore, the TRL can be treated as
an knowledge based output regularizer. In the Fig.6 at the
main paper, we show two instances to demonstrate the effect
of TRL in increasing the probabilities of content-specific
words. Specifically, in order to verify the regularization ef-
fect of the whole output distribution, we conduct two ex-
periments: the baseline model and the additional of TRL
method. To measure the degree of regularization, we calcu-
late the Entropy of the whole output distribution in valida-
tion:

H = −
!

d∈D

pdlog(pd) (1)

where D is the vocabulary size, pd is the probability of the
word d. The higher entropy value, the smoother the output
distribution, and the higher the degree of regularization.

As shown in Fig.2, the training Cross-Entropy of both
baseline and baseline+TRL are similar. However, the val-
idation Entropy curve of baseline+TRL is above the base-
line’s, which illustrates the output distribution under TRL
is more smooth, and verifies the regularization effect to the
output distribution.

4. Examples of generate captions on three
datasets

In Fig.3 - Fig.5 show more examples of generating cap-
tions on the MSVD, MSR-VTT and VATEX datasets. Com-
pared with the red words in the generations via baseline
model and the green words in the generations via our ORG-
TRL methods, it can be found that our ORG-TRL based
model can capture more relational and detailed information
in the video.
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25*�75/���D�FDW�LV�MXPSLQJ�LQWR�D�ER[

*7��������������D�ODG\�LV�SXWWLQJ�PDNH�XS�RQ�KHU�H\HEURZV
%DVHOLQH�����D�ZRPDQ�LV�DSSO\LQJ�PDNHXS
25*�75/���D�ZRPDQ�LV�DSSO\LQJ�PDVFDUD

*7��������������D�PDQ�LV�SOD\LQJ�ERZOLQJ
%DVHOLQH�����D�PDQ�LV�SOD\LQJ
25*�75/���D�PDQ�LV�SOD\LQJ�D�EDOO
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%DVHOLQH�����D�ER\�LV�ULGLQJ�D�ELF\FOH
25*�75/���D�ER\�LV�ULGLQJ�D�VNDWHERDUG

Figure 3. Some examples on the MSVD dataset.
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Figure 4. Some examples on the MSR-VTT dataset.
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*7��������������8QNQRZQ
%DVHOLQH�����D�PDQ�DQG�D�ZRPDQ�DUH�VWDQGLQJ�LQ�IURQW�RI�D�PLFURSKRQH�
25*�75/���WZR�PHQ�DUH�VWDQGLQJ�LQ�IURQW�RI�D�WHOHYLVLRQ�DQG�WDONLQJ�WR�HDFK�RWKHU�
Figure 5. Some examples on the VATEX dataset. The ground-truth is unknown, because the caption model is tested on the online testing
system.
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