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Have you ever struggled
to build a model when
dataset was highly
imbalanced?

Tomaszewska, P. & Lampert, CH. Lightweight Conditional Model Extrapolation for Streaming Data under Class-Prior Shift (LIMES)



Have you ever struggled
to build a model when
dataset was highly
imbalanced?

Imagine now that the
class imbalance changes
over time...
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Data drifts
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Class-prior shift
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Possible approaches to classification systems
for data with class-prior shift

one classifier that as many classifiers as one classifier that can be easily

will work well on average the number of scenarios adapted to different scenarios
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Inspiration - MAML

— meta-learning
9 ---- |earning/adaptation
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Finn, C., Abbeel, P, Levine, S. (2017). Model-Agnostic Meta-Learning for Fast Adaptation of Deep

Networks. Proceedings of the 34th International Conference on Machine Learning

MAML — adaptation via few
gradient updates

LIMES]— adaptation using

analytical formula
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Classifier adaptation p(x,y) = q(x,y)

Neural network classifier represents conditional distributions over the label set:
P(y|x; W, b) < exp(wy ¢ (x) + by)
Assumptions reflecting the class-prior shift setting: g(y) # p(y), q(x|y) = p(x|y).

Using Bayes rule, the following formula is obtained:

q(y) p(x)
p(y) q(x)

The last term does not depend on y, therefore, it is irrelevant for the adaptation process.

q(ylx) = p(y[x)

After applying softmax function in the last layer, the obtained adapted model is in a form:

Gg(ylx; W,b) o« exp(W;cI)(x) + b,

where

Cy = log(qy) — log(py)|is a bias correction term, p,, - reference class distribution (can be uniform over all classes)
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Experimental
setup
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Country where the tweet
was 1ssued

| Tweet | e —
- . Predict - oW T
| ) Timestamp | ey, ey VOV

User description |

Properties:
- train model in a continuous manner
- lightweight (little memory and computational requirements comparing to replay approaches)
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collected using free Twitter's Streaming API

mmm data from April to July 2020

s 250 countries according to ISO 3166-1

Dataset

training data:

e 2 time subsets
e from 15t to 5% day of each month - "early"
e from 11t to 15t day - "lately"
e 10 realizations
e 3 data source (tweet text, location metadata, concatenation of both)
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Class-Prior drift in Twitter data
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Fig. 1: Class distribution in geo—-tweets dataset across
24 hours (March 1, 2020) for five most frequent countries
(US: USA, BR: Brazil, Jp: Japan, GB: Great Britain, PH:
Philippines).

Goal of the proposed system:

e perform predictions on data from hour t
after having experienced the previous
data (from O to t-1)

Note that task’s difficulty varies at
different hours
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LIMES - extrapolation

e At the prediction time, there is
no information about the actual class
distribution of data at time t (q,)

* Proposed solution: extrapolation

t-2 records of
historical class —
probabilities

K=250

Query: which historical class
probability is the most similar

to t-1 (using L1 norm)?

=
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A0 W,b) o exp(wfdCe) + by +fe, )

c = [Cy] = log(qe) — log(pref)

Output: t*
Therefore, it is assumed that:

i = Qi1
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Pipeline

pretrained sentence
transformer suitable
for social media data

___Tweet dz_ita-l M\‘ text | embed

n=512

n=512

Tweet data-n extract v text embed

* setting analogous to linear probing

AN

Data stream ClaSSiﬁer
| (baseline) |
i
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tweet features, subset early

Results »
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Conclusions

LIMES:
* is alightweight method inspired by meta-learning

* consists of two mechanisms:
bias correction + extrapolation
* outperforms other baseline methods especially concerning
the minimum-across-day accuracy

Implementation: https://github.com/ptomaszewska/LIMES
Paper: https://arxiv.org/abs/2206.05181
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https://github.com/ptomaszewska/LIMES
https://arxiv.org/abs/2206.05181

Thank you for your attention!

m paulina-tomaszewska-NN \

Neural Networks
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