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Today’s Learning Outcomes

After this lecture you should be able to …
1. Tell how various NLP tasks can be formulated as a sequence labeling problem
2. Reason about problems with benchmarking in NLP (using Visual Question Answering

and Answer Span Selection as an Example)
3. Describe how Named Entity Recognition, Answer Span Selection and Visual

Question Answering can be solved using pre-trained language representations
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Named Entity Recognition



Information Extraction

Information Extraction = Subfield of NLP

Find who did what to whom.

Named entity recognition (NER) is one of the tasks.
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Named Entity Recognition: Example

The Mona Lisa Mona Lisa
WORK OF ART

is a 16th
century 16th century

DATE
oil painting oil painting

CONCEPT

created by Leonardo Leonardo
PERSON

. It’s held at the
Louvre Louvre

INSTITUTION

in Paris Paris
LOCATION

.
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NER: application areas

• Part of information extraction pipeline
• Entity linking (e.g., matching Wikipedia

articles)
• Coreference resolution

Whom does pronoun “they” refer to?
Who is “the president” in a text?

• Indexing text for search
• Direct use in smart devices

NER used to create links in text to
different apps.

Image source: Google AI Blog. https://ai.googleblog.com/
2018/08/the-machine-learning-behind-android.html
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Entity Types

Different entity recognizers use different sets. Example:
Person Names of people.
PersonType Job types or roles held by a person.
Location Natural and human-made landmarks, structures, geographical features, and geopolitical

entities
Organization Companies, political groups, musical bands, sport clubs, government bodies, and public

organizations.
Event Historical, social, and naturally occurring events.
Product Physical objects of various categories.
Skill A capability, skill, or expertise.
Address Full mailing addresses.
Phone number Phone numbers.
Email Email addresses.
URL URLs to websites.
IP Network IP addresses.
DateTime Dates and times of day.
Quantity Numerical measurements and units.

List from Microsoft Text Analytics API (https://docs.microsoft.com/en-us/azure/cognitive-services/text-analytics/named-entity-types)
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NER as Sequence Labeling

• Assign each token with a tag saying what entity it belongs to
• Different tagging schemes

IOB Scheme
I — Token is inside an entity.
O — Token is outside an entity.
B — Token is the beginning of an entity.

Lance A. Ramshaw and Mitch Marcus. Text chunking using
transformation-based learning. In David Yarowsky and Kenneth Church,
editors, Third Workshop on Very Large Corpora, VLC@ACL 1995,
Cambridge, Massachusetts, USA, June 30, 1995, 1995. URL
https://www.aclweb.org/anthology/W95-0107/

BILUO Scheme ← usually better
B — Token is the beginning of a
multi-token entity.
I — Token is inside a multi-token entity.
L — Token is the last token of a
multi-token entity.
U — Token is a single-token unit entity.
O — Token is outside an entity.

Lev Ratinov and Dan Roth. Design challenges and misconceptions in
named entity recognition. In Proceedings of the Thirteenth Conference
on Computational Natural Language Learning (CoNLL-2009), pages
147–155, Boulder, Colorado, June 2009. Association for Computational
Linguistics. URL https://www.aclweb.org/anthology/W09-1119
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IOB Example

A sentence with 2 named entities:

Quantity Person
There are over 1000 compositions by Johan Sebastian Bach .

↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓
O O B-QUANT I-QUANT O O B-PERSON I-PERSON I-PERSON O

Special B and I tags for each of the entity types.
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Deep learning solution

As usual …
1. Embed input tokens as vectors
2. Contextualize the input embeddings using RNN/Transformer
3. Apply a classifier over each of the hidden states to predict the label

Current best solution:

Pre-trained Transformer (BERT) + finetuning for sequence labeling
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*BERT*

Embeddings

Encoder

Hidden states

The same classifier
at every state
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Evaluation

Precision

𝑃 = # words correctly assigned to entities
# words in all detected entities

Interpretation: How correct the system
output is.

Recall

𝑅 = # words correctly assigned to entities
# words in all ground-truth entities

Interpretation: How well the are the “real”
entities covered.

F-Score
Harmonic mean of the previous two:

𝐹1 = 2𝑃𝑅
𝑃 + 𝑅

Reasonable numbers are >90% on standard datasets.
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Adding Conditional Random Field

• Standard tagging: conditional independence assumption
i.e., given the hidden states all predictions are independent

• Tags have their internal grammar
e.g., I-PERSON can only follow I-PERSON or B-PERSON

• If the model is unsure about the tag, it can lead to inconsistent predictions

⇒ Conditional Random Fields (CRF) can help restrict the models to produce more
consistent outputs.

Original model: John D. Lafferty, Andrew McCallum, and Fernando C. N. Pereira. Conditional random fields: Probabilistic models for segmenting and labeling
sequence data. In Carla E. Brodley and Andrea Pohoreckyj Danyluk, editors, Proc. of the 18th ICML., pages 282–289. Morgan Kaufmann, 2001
Neural CRF: Trinh Minh Tri Do and Thierry Artières. Neural conditional random fields. In Yee Whye Teh and D. Mike Titterington, editors, Proc. of the 13th
International Conference on Artificial Intelligence and Statistics, volume 9 of JMLR Proceedings, pages 177–184. JMLR.org, 2010
Neural CRF for NER: Guillaume Lample, Miguel Ballesteros, Sandeep Subramanian, Kazuya Kawakami, and Chris Dyer. Neural architectures for named entity
recognition. In Proc. NAACL-HLT, pages 260–270. ACL, June 2016
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Formal definition of the CRF

𝑃(y|h) = 1
𝑍 exp(

𝑛
∑
𝑖=1

𝜓(𝑦𝑖|ℎ𝑖) +
𝑛−1
∑
𝑖=1

𝜙(𝑦𝑖, 𝑦𝑖+1))

y = (𝑦1, … , 𝑦𝑛) ∼ output tags, h = (ℎ1, … , ℎ𝑛) ∼ encoder states, 𝑍 is a normalizer, such
that the probabilities sum up to 1

𝜓 A linear projection of ℎ𝑖,
the same as in stantard
labeling. No softmax here.

𝜙 A table of transitions scores
between the tags ≈
grammar of the tags.

𝑃(y|h) is a probability distribution over the space of all
possible tag sequences, not single tags.
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CRF as a Trellis
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Making CRF tractable

, Good news: Everything is differentiable/ Bad news: There are exponentially many possible tag sequence y.

1. Inference
Easy: we are only interested in the maximum ⇒ throw away 𝑍, throw away exponentiating,

find maximum path in a trellis

2. Traning
Tricky, we need the normalizer:

𝑍 = ∑
y
exp(

𝑛
∑
𝑖=1

𝜓(𝑦𝑖|ℎ𝑖) +
𝑛−1
∑
𝑖=1

𝜙(𝑦𝑖, 𝑦𝑖+1))

Simple algebraic tricks allow dynamic programming algorithm.
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CRF Inference: Pseudcode
psi is a 2D array with labels scores, length × labels

of length T with n_labels labels
phi label transition scores, shape: n_labels × n_labels

# 1. Search for the max-scoring path
scores = psi[0]
prev_pointers = []

for t range(T):
prev = []; new_scores = []
for i in range(n_labels):

cost_to_i = scores + phi[:, i] + psi[t, i]
prev.append(cost_to_i.argmax())
new_scores.append(cost_to_i.max())

prev_pointers.append(prev)
scores = new_scores

# 2. Reverse-decode the path
# indices
best_path = [scores.armax()]
for prev in

reversed(prev_pointers):
best_path.append(

prev[best_path[-1]])
return reversed(best_path)
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CRF Training: Compute the normalizer

Factor out the last step to get a recurrent
equation:

𝛼𝑡(𝑘) = 𝜓𝑘 + log∑
𝑖
exp (𝛼𝑡−1(𝑗) + 𝜙𝑖,𝑘)

𝛼0(𝑘) = 𝜓0(𝑘)
𝑍 = log∑

𝑘
exp𝛼𝑇 (𝑘)

There is an efficient implentation of
log-sum-exp.

alphas = psi[0]
for t in range(1, T):

new_alphas = []
for i in ranage(n_labels):

new_alpha.append(
psi[t, i] +
logsumexp(alpha[j] + phi[j, i]

for j in range(n_lables)))
alphas = new_alphas

return logsumexp(alphas)
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Implementation in PyTorch

Package pytorch-crf

pip install pytorch-crf

Initialize the model:

import torch
from torchcrf import CRF
num_tags = 5 # number of tags is 5
model = CRF(num_tags)

The modul expects the unnormalized tag scores as the input

Deep Learning Applications in Natural Language Processing Named Entity Recognition Answer Span Selection Joint Modeling of Language and Vision 17/ 34



Answer Span Selection



Answer Span Selection

Task: Find an answer for a question given question in a coherent text.

http://demo.allennlp.org/machine-comprehension
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Standard Dataset: SQuAD

• best articles from Wikipedia, of reasonable size (23k
paragraphs, 500 articles)

• crowd-sourced more than 100k question-answer pairs
• complex quality testing (which got estimate of single
human doing the task)

https://rajpurkar.github.io/SQuAD-explorer/explore/1.1/dev/
Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang. Squad: 100,000+ questions for machine comprehension of text. In Proceedings of the
2016 Conference on Empirical Methods in Natural Language Processing, pages 2383–2392, Austin, Texas, November 2016. Association for Computational

Linguistics. URL https://aclweb.org/anthology/D16-1264
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Challenges of the task

Two inputs: The question and the text containing the answer.

1. Before Transformers
A super complicated architecture to reasonably combine both inputs.

A chicken-egg problem: what to process first?

2. With Transformers and BERT
Self-attention compares everything with everything.

Gets reduced to labeling problem.
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BiDAF: Method Overview

1. Get text and question representation from using your favourite
architecture.

2. Compute a similarity between all pairs of words in the text and in
the question.

3. Collect all informations we have for each token.
4. Classify where the span is.

Min Joon Seo, Aniruddha Kembhavi, Ali Farhadi, and Hannaneh Hajishirzi. Bidirectional attention flow for machine comprehension. CoRR, abs/1611.01603,
2016. URL http://arxiv.org/abs/1611.01603
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BiDAF: Image

Min Joon Seo, Aniruddha Kembhavi, Ali Farhadi, and Hannaneh Hajishirzi. Bidirectional attention flow for machine comprehension. CoRR, abs/1611.01603,
2016. URL http://arxiv.org/abs/1611.01603
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The same thing with BERT

Just throw everything into BERT: both the text and the question.

[CLS] …question … [SEP] …the text with the answer … [SEP]

BERT Encoder

Start • • • • • • • • • • • • • • • •
End • • • • • • • • • • • • • • • •

Assign start the start and end labels.
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Output Layer

1. Start-token probabilities: project each state to scalar → apply softmax over the context
2. End-token the same
3. At the end select the most probable span

A difference from standard labeling: scores get normalized:
Standard: per label

Start

End

States

Here: over the entire text

Start

End

States
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SQuAD Leaderboard

method Exact Match F1 Score
Human performacne 82.304 91.221
BiDAF trained from scratch 73.744 81.525
BERT 87.433 93.160
FPNet (Best in leaderboard; Feb 2021) 90.871 93.183

⚠ Any time an NLP model is better than
humans, something is wrong. ⚠

Probably overfitting to specifics of the dataset.
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Joint Modeling of Language and Vision



Joining Language and Vision

• Deep learning is a dominant methodology in computer vision too
• Language representations = vectors
Image representations = vectors

• The vision & language research tries to align the representations

Tasks: Image retrieval by caption, image captioning, visual question answering, visual
navigation

Deep Learning Applications in Natural Language Processing Named Entity Recognition Answer Span Selection Joint Modeling of Language and Vision 26/ 34



2D Convolution over an Image

Basic method in deep learning for computer vision.

RGB image 9 × 9 × 3

convolutional map 4 × 4 × 6

strid
e 2

filter size 6kern
el s

ize
3
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Convolutional Network for Image Classification

3 @ 224 × 224
24 @ 48 × 48

48 @ 27 × 27 60 @ 13 × 13 60 @ 13 × 13 50 @ 13 × 13 1 × 2048 1 × 2048 1 × 1000

RGB image

Flatten +
Dense layer

Dense
layer

Convolution +
Max-Pooling

Convolution +
Max-Pooling Convolution Convolution Convolution +

Max-pooling

• Architecture: convolutions, max-pooling, residual connections, batch normalization,
50–150 layers

• Most frequent pre-training: ImageNet — millions of images, 1k labels
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Object Detection: Faster R-CNN 3

image

conv layers

feature maps

Region Proposal Network

proposals

classifier

RoI pooling

Figure 2: Faster R-CNN is a single, unified network
for object detection. The RPN module serves as the
‘attention’ of this unified network.

into a convolutional layer for detecting multiple class-
specific objects. The MultiBox methods [26], [27] gen-
erate region proposals from a network whose last
fully-connected layer simultaneously predicts mul-
tiple class-agnostic boxes, generalizing the “single-
box” fashion of OverFeat. These class-agnostic boxes
are used as proposals for R-CNN [5]. The MultiBox
proposal network is applied on a single image crop or
multiple large image crops (e.g., 224×224), in contrast
to our fully convolutional scheme. MultiBox does not
share features between the proposal and detection
networks. We discuss OverFeat and MultiBox in more
depth later in context with our method. Concurrent
with our work, the DeepMask method [28] is devel-
oped for learning segmentation proposals.

Shared computation of convolutions [9], [1], [29],
[7], [2] has been attracting increasing attention for ef-
ficient, yet accurate, visual recognition. The OverFeat
paper [9] computes convolutional features from an
image pyramid for classification, localization, and de-
tection. Adaptively-sized pooling (SPP) [1] on shared
convolutional feature maps is developed for efficient
region-based object detection [1], [30] and semantic
segmentation [29]. Fast R-CNN [2] enables end-to-end
detector training on shared convolutional features and
shows compelling accuracy and speed.

3 FASTER R-CNN
Our object detection system, called Faster R-CNN, is
composed of two modules. The first module is a deep
fully convolutional network that proposes regions,
and the second module is the Fast R-CNN detector [2]
that uses the proposed regions. The entire system is a

single, unified network for object detection (Figure 2).
Using the recently popular terminology of neural
networks with ‘attention’ [31] mechanisms, the RPN
module tells the Fast R-CNN module where to look.
In Section 3.1 we introduce the designs and properties
of the network for region proposal. In Section 3.2 we
develop algorithms for training both modules with
features shared.

3.1 Region Proposal Networks
A Region Proposal Network (RPN) takes an image
(of any size) as input and outputs a set of rectangular
object proposals, each with an objectness score.3 We
model this process with a fully convolutional network
[7], which we describe in this section. Because our ulti-
mate goal is to share computation with a Fast R-CNN
object detection network [2], we assume that both nets
share a common set of convolutional layers. In our ex-
periments, we investigate the Zeiler and Fergus model
[32] (ZF), which has 5 shareable convolutional layers
and the Simonyan and Zisserman model [3] (VGG-16),
which has 13 shareable convolutional layers.

To generate region proposals, we slide a small
network over the convolutional feature map output
by the last shared convolutional layer. This small
network takes as input an n × n spatial window of
the input convolutional feature map. Each sliding
window is mapped to a lower-dimensional feature
(256-d for ZF and 512-d for VGG, with ReLU [33]
following). This feature is fed into two sibling fully-
connected layers—a box-regression layer (reg) and a
box-classification layer (cls). We use n = 3 in this
paper, noting that the effective receptive field on the
input image is large (171 and 228 pixels for ZF and
VGG, respectively). This mini-network is illustrated
at a single position in Figure 3 (left). Note that be-
cause the mini-network operates in a sliding-window
fashion, the fully-connected layers are shared across
all spatial locations. This architecture is naturally im-
plemented with an n×n convolutional layer followed
by two sibling 1× 1 convolutional layers (for reg and
cls, respectively).

3.1.1 Anchors
At each sliding-window location, we simultaneously
predict multiple region proposals, where the number
of maximum possible proposals for each location is
denoted as k. So the reg layer has 4k outputs encoding
the coordinates of k boxes, and the cls layer outputs
2k scores that estimate probability of object or not
object for each proposal4. The k proposals are param-
eterized relative to k reference boxes, which we call

3. “Region” is a generic term and in this paper we only consider
rectangular regions, as is common for many methods (e.g., [27], [4],
[6]). “Objectness” measures membership to a set of object classes
vs. background.

4. For simplicity we implement the cls layer as a two-class
softmax layer. Alternatively, one may use logistic regression to
produce k scores.

• Representation from pre-trained
network for image classification

• Label areas with possible objects
(proposals)

• Filter using a classifier

Shaoqing Ren, Kaiming He, Ross B. Girshick, and Jian Sun. Faster R-CNN: towards real-time object detection with region proposal networks. In Corinna
Cortes, Neil D. Lawrence, Daniel D. Lee, Masashi Sugiyama, and Roman Garnett, editors, Annual Conference on Neural Information Processing Systems 2015,
pages 91–99, 2015 Figure 2.
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Object Detection: Faster R-CNN
4

car : 1.000

dog : 0.997

person : 0.992

person : 0.979

horse : 0.993

conv feature map

intermediate layer

256-d

2k scores 4k coordinates

sliding window

reg layercls layer

k anchor boxes

bus : 0.996

person : 0.736

boat : 0.970

person : 0.989

person : 0.983
person : 0.983

person : 0.925

cat : 0.982

dog : 0.994

Figure 3: Left: Region Proposal Network (RPN). Right: Example detections using RPN proposals on PASCAL
VOC 2007 test. Our method detects objects in a wide range of scales and aspect ratios.

anchors. An anchor is centered at the sliding window
in question, and is associated with a scale and aspect
ratio (Figure 3, left). By default we use 3 scales and
3 aspect ratios, yielding k = 9 anchors at each sliding
position. For a convolutional feature map of a size
W ×H (typically ∼2,400), there are WHk anchors in
total.

Translation-Invariant Anchors
An important property of our approach is that it

is translation invariant, both in terms of the anchors
and the functions that compute proposals relative to
the anchors. If one translates an object in an image,
the proposal should translate and the same function
should be able to predict the proposal in either lo-
cation. This translation-invariant property is guaran-
teed by our method5. As a comparison, the MultiBox
method [27] uses k-means to generate 800 anchors,
which are not translation invariant. So MultiBox does
not guarantee that the same proposal is generated if
an object is translated.

The translation-invariant property also reduces the
model size. MultiBox has a (4 + 1)× 800-dimensional
fully-connected output layer, whereas our method has
a (4 + 2) × 9-dimensional convolutional output layer
in the case of k = 9 anchors. As a result, our output
layer has 2.8 × 104 parameters (512 × (4 + 2) × 9
for VGG-16), two orders of magnitude fewer than
MultiBox’s output layer that has 6.1× 106 parameters
(1536 × (4 + 1) × 800 for GoogleNet [34] in MultiBox
[27]). If considering the feature projection layers, our
proposal layers still have an order of magnitude fewer
parameters than MultiBox6. We expect our method
to have less risk of overfitting on small datasets, like
PASCAL VOC.

5. As is the case of FCNs [7], our network is translation invariant
up to the network’s total stride.

6. Considering the feature projection layers, our proposal layers’
parameter count is 3 × 3 × 512 × 512 + 512 × 6 × 9 = 2.4 × 106;
MultiBox’s proposal layers’ parameter count is 7× 7× (64 + 96 +
64 + 64)× 1536 + 1536× 5× 800 = 27× 106.

Multi-Scale Anchors as Regression References
Our design of anchors presents a novel scheme

for addressing multiple scales (and aspect ratios). As
shown in Figure 1, there have been two popular ways
for multi-scale predictions. The first way is based on
image/feature pyramids, e.g., in DPM [8] and CNN-
based methods [9], [1], [2]. The images are resized at
multiple scales, and feature maps (HOG [8] or deep
convolutional features [9], [1], [2]) are computed for
each scale (Figure 1(a)). This way is often useful but
is time-consuming. The second way is to use sliding
windows of multiple scales (and/or aspect ratios) on
the feature maps. For example, in DPM [8], models
of different aspect ratios are trained separately using
different filter sizes (such as 5×7 and 7×5). If this way
is used to address multiple scales, it can be thought
of as a “pyramid of filters” (Figure 1(b)). The second
way is usually adopted jointly with the first way [8].

As a comparison, our anchor-based method is built
on a pyramid of anchors, which is more cost-efficient.
Our method classifies and regresses bounding boxes
with reference to anchor boxes of multiple scales and
aspect ratios. It only relies on images and feature
maps of a single scale, and uses filters (sliding win-
dows on the feature map) of a single size. We show by
experiments the effects of this scheme for addressing
multiple scales and sizes (Table 8).

Because of this multi-scale design based on anchors,
we can simply use the convolutional features com-
puted on a single-scale image, as is also done by
the Fast R-CNN detector [2]. The design of multi-
scale anchors is a key component for sharing features
without extra cost for addressing scales.

3.1.2 Loss Function
For training RPNs, we assign a binary class label
(of being an object or not) to each anchor. We as-
sign a positive label to two kinds of anchors: (i) the
anchor/anchors with the highest Intersection-over-
Union (IoU) overlap with a ground-truth box, or (ii) an
anchor that has an IoU overlap higher than 0.7 with

Shaoqing Ren, Kaiming He, Ross B. Girshick, and Jian Sun. Faster R-CNN: towards real-time object detection with region proposal networks. In Corinna
Cortes, Neil D. Lawrence, Daniel D. Lee, Masashi Sugiyama, and Roman Garnett, editors, Annual Conference on Neural Information Processing Systems 2015,
pages 91–99, 2015 Figure 3.
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VilBERT: Joint Language-and-Vision Pre-training

Trained on image-caption pairs.

Vision               &        Language BERT
…

ℎ"0 ℎ$% ℎ$& ℎ$' ℎ$𝒯

<IMG>

ℎ)0 ℎ*% ℎ*& ℎ*' ℎ*+

<CLS> Man shopping for <SEP>

… …

…<MASK> <MASK> <MASK> <MASK>

Man shopping

(a) Masked multi-modal learning

Vision              &        Language BERT
…

ℎ"# ℎ"$ ℎ"% ℎ"& ℎ"𝒯

<IMG>

ℎ(# ℎ($ ℎ(% ℎ(& ℎ()

<CLS> Man shopping for <SEP>

… …

…

Aligned / Not Aligned

(b) Multi-modal alignment prediction

Figure 3: We train ViLBERT on the Conceptual Captions [24] dataset under two training tasks to
learn visual grounding. In masked multi-modal learning, the model must reconstruct image region
categories or words for masked inputs given the observed inputs. In multi-modal alignment prediction,
the model must predict whether or not the caption describes the image content.

layers and that the text stream has significantly more processing before interacting with visual features
– matching our intuitions that our chosen visual features are already fairly high-level and require
limited context-aggregation compared to words in a sentence.

Co-Attentional Transformer Layers. We introduce a co-attentional transformer layer shown in
Fig. 2b. Given intermediate visual and linguistic representations H(i)

V and H
(j)
W , the module computes

query, key, and value matrices as in a standard transformer block. However, the keys and values
from each modality are passed as input to the other modality’s multi-headed attention block. Con-
sequentially, the attention block produces attention-pooled features for each modality conditioned
on the other – in effect performing image-conditioned language attention in the visual stream and
language-conditioned image attention in the linguistic stream. The latter mimics common attention
mechanisms found in vision-and-language models [30]. The rest of the transformer block proceeds
as before, including a residual add with the initial representations – resulting in a multi-modal feature.
In general, co-attention for vision-and-language is not a new idea (being first proposed in [31]) and
concurrent work [32,33] has shown the effectiveness of similar co-attentional transformer structures
on the visual question answering [3] task.

Image Representations. We generate image region features by extracting bounding boxes and their
visual features from a pre-trained object detection network (see Sec. 3.1). Unlike words in text, image
regions lack a natural ordering. we encode spatial location instead, constructing a 5-d vector from
region position (normalized top-left and bottom-right coordinates) and the fraction of image area
covered. This is then projected to match the dimension of the visual feature and they are summed.

We mark the beginning of an image region sequence with a special IMG token representing the entire
image (i.e. mean-pooled visual features with a spatial encoding corresponding to the entire image).

Training Tasks and Objectives. In analogy to those described in the previous section, we consider
two pretraining tasks: masked multi-modal modelling and multi-modal alignment prediction.

The masked multi-modal modelling task (shown in Fig. 3a) follows from the masked language
modelling task in standard BERT – masking approximately 15% of both words and image region
inputs and tasking the model with reconstructing them given the remaining inputs. Masked image
regions have their image features zeroed out 90% of the time and are unaltered 10%. Masked text
inputs are handled as in BERT. Rather than directly regressing the masked feature values, the model
instead predicts a distribution over semantic classes for the corresponding image region. To supervise
this, we take the output distribution for the region from the same pretrained detection model used in
feature extraction. We train the model to minimize the KL divergence between these two distributions.
This choice reflects the notion that language often only identifies high-level semantics of visual
content and is unlikely to be able to reconstruct exact image features. Further, applying a regression
loss could make it difficult to balance losses incurred by masked image and text inputs.

In the multi-modal alignment task (shown in Fig. 3b), the model is presented an image-text pair as
{IMG, v1, . . . , vT , CLS, w1, . . . , wT , SEP} and must predict whether the image and text are aligned, i.e.
whether the text describes the image. We take the outputs hIMG and hCLS as holistic representations
of the visual and linguistic inputs. Borrowing another common structure from vision-and-language
models, we compute the overall representation as an element-wise product between hIMG and hCLS
and learn a linear layer to make the binary prediction whether the image and text are aligned. However,
the Conceptual Captions [24] dataset only includes aligned image-caption pairs. To generate negatives
for an image-caption pair, we randomly replace either the image or caption with another.
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Figure 3: We train ViLBERT on the Conceptual Captions [24] dataset under two training tasks to
learn visual grounding. In masked multi-modal learning, the model must reconstruct image region
categories or words for masked inputs given the observed inputs. In multi-modal alignment prediction,
the model must predict whether or not the caption describes the image content.
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from each modality are passed as input to the other modality’s multi-headed attention block. Con-
sequentially, the attention block produces attention-pooled features for each modality conditioned
on the other – in effect performing image-conditioned language attention in the visual stream and
language-conditioned image attention in the linguistic stream. The latter mimics common attention
mechanisms found in vision-and-language models [30]. The rest of the transformer block proceeds
as before, including a residual add with the initial representations – resulting in a multi-modal feature.
In general, co-attention for vision-and-language is not a new idea (being first proposed in [31]) and
concurrent work [32,33] has shown the effectiveness of similar co-attentional transformer structures
on the visual question answering [3] task.

Image Representations. We generate image region features by extracting bounding boxes and their
visual features from a pre-trained object detection network (see Sec. 3.1). Unlike words in text, image
regions lack a natural ordering. we encode spatial location instead, constructing a 5-d vector from
region position (normalized top-left and bottom-right coordinates) and the fraction of image area
covered. This is then projected to match the dimension of the visual feature and they are summed.

We mark the beginning of an image region sequence with a special IMG token representing the entire
image (i.e. mean-pooled visual features with a spatial encoding corresponding to the entire image).

Training Tasks and Objectives. In analogy to those described in the previous section, we consider
two pretraining tasks: masked multi-modal modelling and multi-modal alignment prediction.

The masked multi-modal modelling task (shown in Fig. 3a) follows from the masked language
modelling task in standard BERT – masking approximately 15% of both words and image region
inputs and tasking the model with reconstructing them given the remaining inputs. Masked image
regions have their image features zeroed out 90% of the time and are unaltered 10%. Masked text
inputs are handled as in BERT. Rather than directly regressing the masked feature values, the model
instead predicts a distribution over semantic classes for the corresponding image region. To supervise
this, we take the output distribution for the region from the same pretrained detection model used in
feature extraction. We train the model to minimize the KL divergence between these two distributions.
This choice reflects the notion that language often only identifies high-level semantics of visual
content and is unlikely to be able to reconstruct exact image features. Further, applying a regression
loss could make it difficult to balance losses incurred by masked image and text inputs.

In the multi-modal alignment task (shown in Fig. 3b), the model is presented an image-text pair as
{IMG, v1, . . . , vT , CLS, w1, . . . , wT , SEP} and must predict whether the image and text are aligned, i.e.
whether the text describes the image. We take the outputs hIMG and hCLS as holistic representations
of the visual and linguistic inputs. Borrowing another common structure from vision-and-language
models, we compute the overall representation as an element-wise product between hIMG and hCLS
and learn a linear layer to make the binary prediction whether the image and text are aligned. However,
the Conceptual Captions [24] dataset only includes aligned image-caption pairs. To generate negatives
for an image-caption pair, we randomly replace either the image or caption with another.
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• Words in the caption can be aligned
with the image objects

• Matching words and objects –
another training objective

Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan Lee. Vilbert: Pretraining task-agnostic visiolinguistic representations for vision-and-language tasks. In
Hanna M. Wallach, Hugo Larochelle, Alina Beygelzimer, Florence d’Alché-Buc, Emily B. Fox, and Roman Garnett, editors, Annual Conference on Neural
Information Processing Systems 2019, NeurIPS 2019, pages 13–23, 2019 Figure 3.

Deep Learning Applications in Natural Language Processing Named Entity Recognition Answer Span Selection Joint Modeling of Language and Vision 31/ 34



Visual Question Answering

GQA
1. What is the woman to the right of the boat holding? umbrella
2. Are there men to the left of the person that is holding the
umbrella? no
3. What color is the umbrella the woman is holding? purple

VQA
1. Why is the person using an umbrella?
2. Is the picture edited?
3. What’s the color of the umbrella?

GQA
1. Is that a giraffe or an elephant? giraffe
2. Who is feeding the giraffe behind the man? lady
3. Is there any fence near the animal behind the man? yes
4. On which side of the image is the man? right
5. Is the giraffe is behind the man? yes

VQA
1. What animal is the lady feeding?
2. Is it raining?
3. Is the man wearing sunglasses?

GQA
1. Is the person’s hair brown and long? yes
2. What appliance is to the left of the man? refrigerator
3. Is the man to the left or to the right of a refrigerator? right
4. Who is in front of the appliance on the left? man
5. Is there a necktie in the picture that is not red? yes
6. What is the person in front of the refrigerator wearing? suit
7. What is hanging on the wall? picture
8. Does the vest have different color than the tie? no
9. What is the color of the shirt? white
10. Is the color of the vest different than the shirt? yes

VQA
1. Does this man need a haircut?
2. What color is the guys tie?
3. What is different about the man’s suit that
shows this is for a special occasion?

GQA
1. Who wears the gloves? player
2. Are there any horses to the left of the man? no
3. Is the man to the right of the player that wears gloves? no
4. Is there a bag in the picture? no
5. Do the hat and the plate have different colors? yes

VQA
1. What is the man holding?
2. Where are the people playing?
3. Is the player safe?
4. What is the sport being played?

GQA
1. What is the person doing? playing
2. Is the entertainment center at the bottom or at the top?
bottom
3. Is the entertainment center wooden and small? yes
4. Are the pants blue? no
5. Do you think the controller is red? no

VQA
1. What colors are the walls?
2. What game is the man playing?
3. Why do they stand to play?

GQA
1. Are there any coats? yes
2. Do you see a red coat in the image? no
3. Is the person that is to the left of the man exiting a truck? no
4. Which place is this? road

VQA
1. Where is the bus driver?
2. Why is the man in front of the bus?
3. What numbers are repeated in the bus number?

GQA
1. What is in front of the green fence? gate
2. Of which color is the gate? silver
3. Where is this? street
4. What color is the fence behind the gate? green
5. Is the fence behind the gate both brown and metallic? no

VQA
1. What are the yellow lines called?
2. Why don’t the trees have leaves?
3. Where is the stop sign?

Figure 9: Examples of questions from GQA and VQA, for the same images. As the examples demonstrate, GQA questions tend to involve
more elements from the image compared to VQA questions, and are longer and more compositional as well. Conversely, VQA questions
tend to be a bit more ambiguous and subjective, at times with no clear and conclusive answer. Finally, we can see that GQA provides more
questions for each image and thus covers it more thoroughly than VQA.

It’s a classification problem
Use the ViLBERT representation and train a classifier predicting a single word.

Drew A. Hudson and Christopher D. Manning. GQA: A new dataset for real-world visual reasoning and compositional question answering. In IEEE Conference
on Computer Vision and Pattern Recognition, pages 6700–6709. Computer Vision Foundation / IEEE, 2019. doi: 10.1109/CVPR.2019.00686
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Today’s Learning Outcomes

After this lecture you should be able to …
1. Tell how various NLP tasks can be formulated as a sequence labeling problem
2. Reason about problems with benchmarking in NLP (using Visual Question Answering

and Answer Span Selection as an Example)
3. Describe how Named Entity Recognition, Answer Span Selection and Visual

Question Answering can be solved using pre-trained language representations
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Deep Learning Applications in Natural Language Processing

Summary
1. Named Entity Recognition: a labeling problem with more

clever training objective
2. Answer Span Selection: showcasing the strength of

Transformers, in the end labeling problem too
3. Vision and language: The same deep learning methods can be

used to align vision and language representations

http://ufal.cz/courses/npfl124

http://ufal.cz/courses/npfl124
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