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The Bloomberg Terminal is software that 
delivers a diverse array of information, news and 
analytics to facilitate financial decision-making.
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Bloomberg is just finance, right?
A technology company founded in 1981

Our strength and focus are data, analytics, and community tools

Both creator and consumer of news

~20,000 employees in 167 offices around the globe
• More than 2,700 journalists and analysts
• 6,000+ software engineers, including more than 150 engineers and data scientists working on AI 

problems

Increased use of and contributions to open source software
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Bloomberg

150+ Research Engineers and growing!

AI at Bloomberg
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Named Entities in Finance
Named entities are central to financial documents

● 80% of financial data remains unstructured

● Named entities are essential to understanding unstructured content



Entity Detection - Entity Recognition

AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter

Goal: Identify named entities in text (offsets) and their types

NER
AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter

ORG PER TIC ORG



Entity Detection - Entity Disambiguation

AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter

AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter
AMZN US 216952 BIO 20099335 AMZN US 216952 HRP

NED

Goal: Associate named entity mentions in a text to their unique identifier in a knowledge base

NER
AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter

ORG PER TIC ORG



Entity Detection - Entity Salience

AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter

AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter
AMZN US 216952 BIO 20099335 AMZN US 216952 HRP

NED

AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter
AMZN US 216952 BIO 20099335 AMZN US 216952

Salience

Goal: Quantify how central is each explicitly mentioned named entity to the text

NER
AMAZON SUSPENDS TOP ENTERTAINMENT CHIEF Price in Wake of Harassment Claim $AMZN – Hollywood Reporter

ORG PER TIC ORG



Entity Detection in Practice
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Applications at Bloomberg
Entity detection is technology useful across the company
● News and financial document accessibility
● News editing
● Search and autocomplete
● ETL pipelines
● Enhancing client communications

Entity detection is used in many Bloomberg applications
● Directly
● As part of a pipeline of models
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Trends

Entity Recognition, Entity Disambiguation and Entity Salience
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Sentiment

Entity Recognition, Entity Disambiguation, Entity Salience and Targeted Sentiment 
Analysis
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Company Alerts

Entity Recognition, Entity Disambiguation and Entity Salience



Challenges
Various types of documents processed
● News from hundreds of sources, including social media
● Equity research, transcripts and filings

Different Requirements
● High precision vs. High recall
● News editing vs. Search vs. News tagging

Financial entity types
● Products, currencies, etc.

Latency constraints

… all these present opportunities for research.



© 2020 Bloomberg Finance L.P. All rights reserved.

Temporal Drift

Temporally-Informed Analysis of Named Entity Recognition

Shruti Rijhwani, Daniel Preoțiuc-Pietro – ACL 2020 [video]

https://www.aclweb.org/anthology/2020.acl-main.680/
http://slideslive.com/38929195


© 2020 Bloomberg Finance L.P. All rights reserved.

• Text data evolves over time because of changes in language use

• The usual setup of large-scale NLP models:

— Trained and evaluated on random splits of available data

— Make predictions on data in a future time period

— Does not take temporal data drift into account

— Lower performance on future data compared to the test set

• Temporal information in modeling may lead to better performance

Motivation
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Research Questions

• Does temporal drift in training data affect performance? 

• Can we leverage the temporal information of the training instances 
to improve performance?

• Case Study: Named Entity Recognition on English Twitter Data 
— Readily accessible timestamp information

— Users on social media post about current events

— Reflects changes in language use faster than other sources of data
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Temporal Twitter Dataset
• Existing Twitter NER datasets do not have 

sufficient temporal diversity
— Broad Twitter Corpus (2016)
— Data from 2009-2014, unevenly distributed

• Temporal Twitter Dataset
— 2,000 tweets from each year between 2014-2019
— Sampled using the same strategy as the Broad 

Twitter Corpus
• Six English-speaking locales
• Twitterati, i.e., individuals from array of domains 

including musicians, journalists and celebrities
• Mainstream news organizations, both larger networks 

and local news outlets
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Experimental Setup

• NER Model Architecture
— Character and word embeddings to represent the input text
— Bi-LSTM to encode the input text
— CRF to make a globally normalized prediction

• Word Embeddings
— GloVe: static word embeddings
— Flair: contextual word embeddings
— All trained on data from before 2014

• Data splits
— Train on 2014-2018 tweets
— Validation and test on random splits of 2019 tweets
— Simulates a “future time period” for inference



Does Temporal Drift in Training Data Affect Performance? 

Data temporally closer to 
the target data gives better 
performance

Trained on each year individually
Each model has the same number of examples



Does Temporal Drift in Training Data Affect Performance? 

Temporal distribution of the 
training data impacts 
performance

• Random: Sample randomly from all years
• Temporal: Cumulatively add data in sequence of years 

FlairGloVe

Data sampled from all years 
has better performance



Analysis: Entity Mention Overlap

• One potential reason for better performance is the overlap of entity mentions 
between the training and test data

• Overlap increases as we get temporally closer to the target data: overall and 
type-wise



Analysis: Model Performance

• Is surface-level overlap the 
only factor in temporal drift?

• Recall for mentions unseen 
in the training data 
increases as we move 
temporally closer.

• The model is able to learn 
more relevant context.



Modeling Temporal Information

• Initial exploration of methods
— Do not require significant modifications 

to the model

Baseline: 
No temporal 
information

Experiments with GloVe embeddings

• Sequential training: Train the model on 
each year sequentially

• Temporal fine-tuning: Train the model 
on data from all years and fine-tune on 2018

• Instance weighting: Double the weight 
of training data from 2018

• Year prediction: As an auxiliary task, use 
shared representations to predict the year of 
the instance during training

-2.33

+1.13

-0.21
+0.21
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Takeaways

• Temporal information is useful and can be leveraged in training
— Annotated data is collected across a time range

• Temporal information is useful and can be leveraged in training
— Training on data from a closer time period to the target leads to better performance
— Fine-tuning models on temporally close data improves performance over simply 

combining all data for training

• Get our data set at https://zenodo.org/record/3899040

https://zenodo.org/record/3899040
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Multi-Domain Modelling

Multi-Domain Named Entity Recognition with Genre-Aware and 
Agnostic Inference

Jing Wang, Mayank Kulkarni, Daniel Preoțiuc-Pietro – ACL 2020 
[video]

https://www.aclweb.org/anthology/2020.acl-main.750/
https://www.aclweb.org/anthology/2020.acl-main.750/
https://slideslive.com/38929187/multidomain-named-entity-recognition-with-genreaware-and-agnostic-inference
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Motivation

● NER models achieve high performance when tested on data from same domain
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Motivation

● NER models achieve high performance when tested on data from same domain
● … but generalize poorly on data from other domains
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Multi-Domain NER

Ideally, one model should be able to generalize to multiple domains
● This problem is called domain adaptation
● Traditionally, this is posed as single-source, single-target
● Transitioning to multiple-target domains is non-trivial

ONE MODEL TO 

RULE THEM ALL!
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Benefits of Multi-Domain NER

● Leverage commonalities across multiple domains
● Leverage specific information for a single domain
● Better generalization to other domains
● Simplifies model maintenance

… when compared to training independent models
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Experimental Setups

● Multi-domain with known domain information
○ User provides data from a domain used in training, and knows the domain label

● Multi-domain with unknown domain information
○ User provides data from a domain used in training, but does not know the domain label

● Zero-Shot domain
○ User provides data from a completely different domain (i.e. not in training)



Datasets
● CoNLL 2003 - News Articles
● Twitter - 22K English Tweets

○ Temporally-informed Analysis of Named Entity 
Recognition (ACL 2020)

● OntoNotes (6 genres)
○ NW - newswire
○ BN - broadcast news
○ MZ - magazine
○ BC - broadcast conversation
○ TC - telephone conversation
○ WB - web data

● Zero-shot documents (4 genres)*
○ Zero-shot-A
○ Zero-shot-B
○ Zero-shot-C
○ Zero-shot-D

     * Data only used in testing
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Base Model Architecture

● BiLSTM-CRF [Lample et al., 2016]

○ Word Embeddings: GloVe + FastText

○ Character Embeddings: Randomly Initialized

Figure  from “Neural Architectures for Named Entity Recognition”

https://arxiv.org/abs/1603.01360
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Baseline Models - InDomain

● Train one NER model for each domain

● Methods:

○ InDomain
○ InDomain + DomainClassifier 

- Train a domain classifier that will determine what in-domain model to run
● Drawbacks:

○ Poor generalization
○ Overhead of add new genres
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Baseline Models - PoolDomain

● Global model by pooling data from all genres

● Methods:
○ PoolDomain
○ PoolDomain with INIT Strategy: Initialize weights from learned domain and fine-tune
○ PoolDomain with Gradient Reversal Layer
○ PoolDomain by learning domain embedding with word embeddings

● Drawbacks:
○ Discard genre-specific information 
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Proposed Model: MultDomain-SP+Aux Domain Learning

Add three components to the base 
architecture

+ domain shared (S) and private (P) CRFs

+ domain shared (S) and private (P)  linear 
layers

+ auxiliary task (Aux) of domain classification 



Experimental Setup #1
● Multi-domain with known domain 

information
○ User provides data from a domain used 

in training, and knows the domain label



Experimental Setup #2
● Multi-domain with unknown domain 

information
○ User provides data from a domain used 

in training, but does not know the domain 
label



Experimental Setup #3
● Zero-Shot domain

○ User provides data from a completely 
different domain (i.e. not in training)
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Component Ablation Study
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Takeaways

● Multi-Domain NER is practically important

● Experiments using three real-world scenarios

● Proposed a robust NER model that works across multiple domains
○ Up to +5 F1 compared to baseline approaches
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High Precision NER

A Semi-Markov Structured Support Vector Machine 
Model for High-Precision Named Entity Recognition

Ravneet Arora, Chen-Tse Tsai, Ketevan Tsereteli, 
Anju Kambadur, Yi Yang – ACL 2019 [video]

https://www.aclweb.org/anthology/P19-1587/
https://www.aclweb.org/anthology/P19-1587/
https://vimeo.com/385242676
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High Precision

Task: High precision NER

Focusing on a specific entity type (e.g. ORG)

Many real-world applications demand high precision:
• Finance
• Bio-medical
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High Precision
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High Precision
Objective:
• Train models that have high precision on one type
• At the expense of other types
Method:
• Semi-Markov SSVM model outperforms simple 

thresholding
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Named entity detection is central to finance and Bloomberg:
• Users
• Clients

Bloomberg provides unique challenges and opportunities:
• Data sources
• Use cases
• Requirements
• Latency

Takeaways
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We are hiring for full-time positions:
• NYC – https://careers.bloomberg.com/job/detail/86598

Summer 2021 research internships:
• https://careers.bloomberg.com/job/detail/84208

For more information about our work, research and academic outreach programs:
https://www.TechAtBloomberg.com/ai/

Thank You!

https://careers.bloomberg.com/job/detail/86598
https://careers.bloomberg.com/job/detail/84208
https://www.techatbloomberg.com/ai/

