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00:16.897 ! 00:20.067
Grab a napkin, homey,
you just got served.

00:22.236 ! 00:23.776
Leonard: It's fine. You win.

Q: What did Leonard tell Howard after Howard said that Leonard just got served?
A1: Leonard told Howard that he really hates that game. 
A2: Leonard told Howard that Howard isn't very good. 
A3: Leonard told Howard that Sheldon will beat his score. 
A4: Leonard told Howard that it was fine, he wins.   Pred GT
A5: Leonard told Howard that he will beat him.   

00:01.509 ! 00:04,539
Leonard: Said the premise is intriguing.

00:04.545 ! 00:06.475
Sheldon: Good to see you again.

Q:   What is Leonard wearing when he says said the premise is intriguing?
A1: Glasses.  Pred GT
A2: Coffee.
A3: Rosary.
A4: Gang Collars.
A5: Hat.

(a) (b)

Figure 5: Example predictions from STAGE. Span predictions are shown on the top, each block represents a frame,
the color indicates the model’s confidence for the spans. For each QA, we show grounding examples and scores for
one frame in GT span. GT boxes are in green. Predicted and GT answers are labeled by Pred and GT, respectively.

TVQA test-public set. Adding temporal supervi-
sion, performance is improved to 70.23%. For a
fair comparison, we also provided STAGE variants
using GloVe (Pennington et al., 2014) instead of
BERT (Devlin et al., 2019) as text feature. Using
GloVe, STAGE models still achieve better results.

6 Conclusion

We collected the TVQA+ dataset and proposed the
spatio-temporal video QA task. This task requires
systems to jointly localize relevant moments, detect
referred objects/people, and answer questions. We
further introduced STAGE, an end-to-end trainable
framework to jointly perform all three tasks. Com-
prehensive experiments show that temporal and
spatial predictions help improve QA performance,
as well as providing explainable results. Though
our STAGE achieves state-of-the-art performance,
there is still a large gap compared with human per-
formance, leaving space for further improvement.
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A Appendices

A.1 Timestamp Annotation

During our initial analysis, we find the original
timestamp annotations from the TVQA (Lei et al.,
2018) dataset to be somewhat loose, i.e., around
8.7% of 150 randomly sampled training questions
had a span that was at least 5 seconds longer than
what is needed. To have better timestamps, we
asked a set of Amazon Mechanical Turk (AMT)
workers to refine the original timestamps. Specif-
ically, we take the questions that have a localized
span length of more than 10 seconds (41.33% of
the questions) for refinement while leaving the rest
unchanged. During annotation, we show a ques-
tion, its correct answer, its associated video (with
subtitle), as well as the original timestamp to the
AMT workers (illustrated in Fig. 6, with instruc-
tions omitted). The workers are asked to adjust the
start and end timestamps to make the span as small
as possible, but need to contain all the information
mentioned in the QA pair.

Figure 6: Timestamp refinement interface.

We show span length distributions of the original
and the refined timestamps from TVQA+ train set
in Fig. 7. The average span length of the original
timestamps is 14.41 secs, while the average for the
refined timestamps is 7.2 secs.

In Table 7 we show STAGE performance on
TVQA+ val set using the original timestamps and
the refined timestamps. Models with the refined
timestamps performs consistently better than the
ones with the original timestamps.

A.2 Bounding Box Annotation

At each step, we show a question, its correct an-
swer, and the sampled video frames to an AMT
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Figure 7: Comparison between the original and the re-
fined timestamps in the TVQA+ train set. The refined
timestamps are generally tighter than the original ones.

Model QA Acc.

Original Refined
STAGE backbone 68.31 68.31
+ Temp. Sup. 70.87 71.40
+ Spat. Sup. 71.23 71.99
+ Local Feature (STAGE) 70.63 72.56

Table 7: STAGE performance comparison between
the original timestamps and the refined timestamps on
TVQA+ val set. Each row adds an extra component to
the row above it.

worker. (illustrated in Fig. 8). We do not anno-
tate the wrong answers as most of them cannot be
grounded in the video. We checked 200 sampled
QAs - only 3.13% of the wrong answers could be
grounded, while 46% of the correct answers could
be grounded. As each QA pair has multiple vi-
sual concepts as well as multiple frames, each task
shows one pair of a concept word and a sampled
frame. For example, in Fig. 8, the word “laptop”
is highlighted, and workers are instructed to draw
a box around it. In our MTurk instructions, we
required workers to draw boxes for each instance
of a plural word. E.g., for the word “everyone”,
the worker need to draw a box for each person in
the frame. Note, it is possible that the highlighted
word will be a non-visual word or a visual word
that is not present in the frame being shown. In
that case, the workers are allowed to check the
box indicating the object is not present. Recent
works (Zellers et al., 2019; Gu et al., 2018) suggest
the use of pre-trained detectors for semi-automated
annotation. However, since TVQA+ has a wide
range of categories (see Fig. 2 and Table 1), it is
challenging to use off-the-shelf detectors in the
annotation process. As face detection and recog-
nition might be easier than recognizing open set
objects, we initially also tried using strong face
detection (Zhang et al., 2016) and recognition (Liu

Figure 8: Bounding box annotation interface. Here, the
worker is asked to draw a box around the highlighted
word “laptop”.

et al., 2017) model for character face annotation,
but the quality was much poorer than expected.
Thus, we decided to invest the required funds to
collect boxes manually and ensure their accuracy.
After the collection, with the GT labels, we again
used the above models to test face retrieval perfor-
mance for 12 most frequently appeared characters
in TVQA+. To allow (Liu et al., 2017) to work, we
manually collected 5 GT faces for each character
as our gallery set. At test time, we assign each
test face the label of its closest neighbor from the
gallery set in the learned embedding space. This
method achieves 55.6 F1/74.4 Precision/44.4 Re-
call. Such performance is not strong enough to
support further research. We found the main rea-
son is due to many partial occlusion of faces (e.g.,
side faces) in TV shows.

A.3 Quality

To ensure the quality of the collected bound-
ing boxes, we only allow workers from English-
speaking countries to participate the task. Besides,
we set high requirements for workers – they needed
to have at least 3000 accepted HITs and 95% ac-
cept rate. Qualified workers were well paid. We
also kept track of the quality of the data during
collection - workers with poor annotations were
disqualified to work on our task. After collection,
we further conducted an in-house check, 95.5% of
200 sampled QAs are correctly labeled, indicating
the high quality of our data.

A.4 Training Details

We optimize our model using Adam with an initial
learning rate of 1e-3, weight decay 3e-7. A mini-
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Model QA Grd. Temp. ASAAcc. mAP mIoU

STAGE-LXMERT 71.46 21.01 26.31 18.04
STAGE 74.83 27.34 32.49 22.23

Table 8: TVQA+ test set results with LXMERT.

batch contains 16 questions. We train the model
for maximum 100 epochs with early stop – if QA
Acc. is not improving for consecutive 5 epochs, the
training is stopped. CNN hidden size is set to 128.

A.5 Vision-Language Pretrained Features
In addition, we also consider features from
LXMERT (Tan and Bansal, 2019). This model
is pretrained on a large amount of image-text
pairs from multiple image captioning (Lin et al.,
2014; Krishna et al., 2017) and image question
answering (Goyal et al., 2017; Hudson and Man-
ning, 2019; Zhu et al., 2016a) datasets. Specif-
ically, we use video frame-question pairs as in-
put to LXMERT, and use the extracted features
to replace Faster R-CNN object features and
BERT question features. For answers and sub-
titles, we still use the original BERT features.
The results are shown in Table 8. We notice
that using LXMERT feature lowers STAGE’s per-
formance. This is not surprising, as the do-
mains in which the LXMERT model are pre-
trained on are very different from TVQA+: (cap-
tions/questions+image) vs (subtitles+QAs+videos).
Future work includes more investigation into adapt-
ing these pre-trained vision-language models for
more challenging video+dialogue domains.

A.6 More Prediction Examples
We show 6 correct prediction examples from
STAGE in Fig. 9. As can be seen from the figure,
correct examples usually have correct temporal and
spatial localization. In Fig. 10 we show 6 incorrect
examples. Incorrect object localization is one of
the most frequent failure reason, while the model
is able to localize common objects, it is difficult for
it to localize unusual objects (Fig. 10(a, d)), small
objects (Fig. 10(b)). Incorrect temporal localiza-
tion is another most frequent failure reason, e.g.,
Fig. 10(c, f). There are also cases where the objects
being referred are not present in the sampled frame,
as in Fig. 10(e).
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00:10.268 → 00:11.848
Lesley: ...no extraneous spittle.

00:13.146 → 00:15.356
Lesley: On the other hand, no arousal.

Q:   What does Lesley say there was none of when Leonard asked about the kiss?
A1: Lesley says there was no arousal.   Pred GT 
A2: Lesley says there was no passion.
A3: There was no kiss. 
A4: Lesley says the kiss lacked a certain fire. 
A5: Lesley says there was no excitement in the kiss.

00:34.309 → 00:37.019
- What's that?
- Tea.

00:37.729 → 00:38.899
Sheldon: When people are upset...

Q:   Where is Leonard sitting before Sheldon brings him the tea ?
A1: Sheldon's bed.
A2: The armchair.
A3: The floor.
A4: His bed.
A5: The couch.   Pred GT

(a) (b)

00:00.060 → 00:02.020
- Oh, hey, Leonard.
- Good afternoon, Penny.

00:02.187 → 00:04.567
Leonard: So, hi, hey. Uh...

Q:   Who visited Penny in her house before dinner?
A1: No one visited Penny in her house.
A2: Howard visited Penny in her house.
A3: Raj visited Penny in her house.
A4: Sheldon visited Penny in her house.
A5: Leonard visited Penny in her house. Pred GT 

00:00.141 → 00:01.391
Raj: I don't believe it.

00:01.559 → 00:02.599
Howard: Neither do I.

Q:  What is Leonard holding when he is listening to Raj?
A1: A notepad.
A2: A book.
A3: A yellow cup . Pred GT 
A4: A cell phone.
A5: A set of keys.

(c) (d)

00:50.790 → 00:52.290
Leonard, it's 2 in the morning.

00:53.918 → 00:59.018
- So?
- So it's my turn.

Q:   Where was Leonard when Sheldon walked into the living room at 2am?
A1: On the couch.
A2: In the time machine.   Pred GT
A3: In the kitchen.
A4: In his room.
A5: He wasn't there.

Q:   Where was Penny when she called to Leonard?
A1: Penny was working at a restaurant.   Pred GT
A2: Penny was at home.
A3: Penny was walking in the street.
A4: Penny was at bed.
A5: Penny was in the kitchen.

00:41.444 → 00:43.274
Leonard: - What's up?
- Yeah, well, I'm at work too.

00:43.446 → 00:46.656
Penny: And you'll never guess who's 
here infecting my entire station.

(e) (f)

Figure 9: Correct prediction examples from STAGE. The span predictions are shown on the top of each example,
each block represents a frame, the color indicates the model’s confidence for the predicted spans. For each QA, we
show grounding examples and scores for one frame in GT span, GT boxes are shown in green. Model predicted
answers are labeled by Pred, GT answers are labeled by GT.
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00:00.343 → 00:03.763
Past Howard: I haven't seen your 
Oreos!

00:03.972 → 00:07.062
Past Howard: Just take your bath 
without them!

Q:   What was Raj doing when Howard was shouting at someone?
A1: Raj was playing some music. 
A2: Raj was seated in the couch.
A3: Raj was taking a shower.   Pred 
A4: Raj was not in the room.
A5: Raj was eating lots of cookies in his mouth as he watched Howard. GT

00:27,095 → 00:42.315
Leonard: Sheldon?

00:45.072 → 01:08.032 
Leonard: Hello?

Q: What is Leonard holding when he comes out of the bedroom?
A1: Leonard is holding his cell phone.   Pred
A2: Leonard is holding a baseball bat.
A3: Leonard is holding a shovel.
A4: Leonard is holding a coat hanger.
A5: Leonard is holding a mock lightsaber.   GT

(a) (b)

00:26.568 → 00:27.818
Leonard: Sounds like a breakthrough.

00:27.986 → 00:30.486
Should I call Science and tell them to 
hold the cover?

Q:   What is Leonard wearing when he is talking to Sheldon?
A1: A scarf.
A2: A hat.
A3: A suit.   GT
A4: A kilt.   Pred
A5: Jogging pants. 

00:17.350 → 00:19.640
Howard: Plus Superman and Godzilla.

00:20.020 → 00:21.690
Leonard: No, no, no. Orcs are magic.

Q:   Who grab a bottle after Leonard talked?
A1: Sheldon.
A2: Howard.
A3: Penny.
A4: Raj.   GT
A5: Leonard.   Pred

(c) (d)

00:23.443 → 00:27.403
- You gotta take one for the team.
- Yeah. Sack up, dude.

00:28,823 → 00:30.403
Leonard: Fine.

Q:   What was Leonard 's drink when they are talking about taking one for the team?
A1: Fanta.
A2: bottle of water.   Pred
A3: Sprite.
A4: Gatorade.
A5: Coke Cola.   GT

00:03.743 → 00:06.663
Penny: ...something Elton John would 
drive through the Everglades.

00:12.502 → 00:14.332
Sheldon: It only moves in time.

Q:   What direction did Sheldon turn to when Penny insulted their time machine ?
A1: He looked at his hands.
A2: To the left.
A3: Up towards the ceiling.   Pred
A4: He turned to Penny.
A5: To the right.   GT

(e) (f)

Figure 10: Wrong prediction examples from STAGE. The span predictions are shown on the top of each example,
each block represents a frame, the color indicates the model’s confidence for the predicted spans. For each QA, we
show grounding examples and scores for one frame in GT span, GT boxes are shown in green. Model predicted
answers are labeled by Pred, GT answers are labeled by GT.


