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Abstract

Through their transfer learning abilities, highly-parameterized large pre-trained
language models have dominated the NLP landscape for a multitude of downstream
language tasks. Though linguistically proficient, the inability of these models to in-
corporate the learning of non-linguistic entities (numerals and arithmetic reasoning)
limits their usage for tasks that require numeric comprehension or strict mathemati-
cal reasoning. However, as we illustrate in this paper, building a general purpose
language model that also happens to be proficient in mathematical reasoning is not
as straight-forward as training it on a numeric dataset. In this work, we develop
a novel framework that enables language models to be mathematically proficient
while retaining their linguistic prowess. Specifically, we offer information-theoretic
interventions to overcome the catastrophic forgetting of linguistic skills that occurs
while injecting non-linguistic skills into language models.

1 Introduction

Numerals grant objectivity to language [[15], thus, their incorporation to language models, among
other abilities, allows for better information extraction and language inference [12, 14} [18]. With the
rise of the Math-NLP niche, several notable publications have investigated the deficiency of inherent
numerical skills induced in large language models through unsupervised training [23} 18, 27]]. Several
more offer architectures and training schemes to induce this skill through supervision [19} 7, 5} 20].
However, the overarching goal should remain to build numerically-capable language models that still
do what they were intended to do - model language.

Injecting non-linguistic skills often comes at the cost of losing linguistic skills. Akin to all neural
models, language models are susceptible to catastrophic forgetting [[10] when trained for multi-task
learning, especially when the two tasks are substantially different - linguistic vs non-linguistic. Here,
we first investigate the nature of catastrophic forgetting in the context of language models through an
information-theoretic lens and subsequently establish interventions that prevent this phenomenon.
Our models perform substantially better arithmetic while retaining their linguistic prowess.

2 Catastrophic Forgetting in Language Models

In multi-task learning, when a model that is pre-trained on task A is subsequently trained on task B,
the weights in the model that are vital for task A adapt their values to meet the objectives of task B.
It has been found that this frequently leads to performance degradation on task A. This phenomenon
is referred to as catastrophic forgetting [10]. While it has been found that off-the-self pre-trained
language models do establish a notion of numeric scale from their unsupervised pre-training, these
are not quite enough to perform commonsense reasoning [27]. Furthermore, without additional
interventions, these notions of numeric scales fail to extrapolate for numerals outside of the training
set [23]]. To meet the numerical comprehension standards required for commonsense reasoning, these
model have to be trained further on numeric datasets, often resulting in the loss of their original
linguistic prowess through catastrophic forgetting.
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Figure 1: Parameter sensitivity (a & b) for the n = 800 most vital parameters of the encoder layers 1
& 5 for CoLA and MRPC. The higher sensitivity of these parameters to CoLA vs MRPC lends an
information-theoretic explanation of task-specific performance degradation. 2D t-SNE visualizations
of the parameterization space (c & d) for the same models & layers - the distinction between the
parameterization space of models trained for Arithmetic task vs Linguistic tasks offers another
perspective into degradation of lingusitic performance when trained on non-linguistic task.

Interestingly, for langauge models, the catastrophic forgetting tendencies are not evenly spread across
standardized GLUE [24]] tasks - for instance, a base DistilBERT model trained for arithmetic
computation faces significant degradation in its grammatical prowess (CoLA [25]) while still retaining
much of its ability for semantic equivalence (MRPC [3])), as seen in the second row of tablem

In an effort to better understand this phenomenon, we adopt a two-pronged approach. The analysis of
the weights and biases of a converged model across multiple datasets provides a parameterization-
standpoint perspective towards understanding their performance across shared tasks [6} 21]]. Thus, we
visualize the parameterization space for models trained independently on each of the aforementioned
three tasks through figures[Ic|and [Id Through the low-dimensional t-SNE projections, we
observe that the model parameterizations live in different spaces when the tasks are linguistic (CoLA
and MRPC) vs non-linguistic (Arithmetic). This ties back to the premise of catastrophic forgetting -
where the parameters of the DistiIBERT model trained for arithmetic computation have re-adjusted
their weights to a space that does not comply well with linguistic tasks. These new parameter



distributions for arithmetic computation (orange) are consistent across the transformer encoder
self-attention layers - as seen for layer 1 in figure [lc|and layer 5 in figure These two figures
offer the first perspective on linguistic vs non-linguistic performance degradation from a model
parameterization stand-point.

For a complementary perspective, we zoom into the contributions of the individual model parameters
for our set of shared tasks through an information-theoretic lens. For a single sample Y drawn from
a distribution with probability desnity f(y; @), the Fisher information index () (1) quantifies the
sensitivity of the parameter 6 to the data instance Y. After selecting the top n = 800 most vital
parameters for each encoder layer for the Arithmetic task based on their Fisher information scores,
we observe that the same model parameters are more sensitive to the CoLA task than to the MRPC
task, as shown in figures [[aland [Ib] again, based on their respective task-specific sensitivity scores.
Thus, offering a complementary information-theoretic perspective on task-specific performance
degradation.
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3 Overcoming Catastrophic Forgetting

3.1 Elastic Weight Consolidation for Language Modeling

System-level consolidation often consists of stitching-together an amalgamated dataset that consistutes
of multiple-shared tasks [11]. However, for general-purpose language models, the range of possible
downstream tasks are so diverse that the paradigm has remained to build large models that hold
linguistic prowess and are intended to be fine-tuned on a single downstream task [[17, 9} [1]. Thus,
being more suited to a continual learning paradigm. As these models, by their stature, are highly
parameterized - it can be ascertained that there is a solution for task B, g, that is proximal to the
solution space for task A, 6 4. For such continual learning, Elastic Weight Consolidation (EWC) [10]
regularizes learning on specific network weights based on their importance to previously seen tasks,
ensuring 6 remains proximal to 6 4.

Thus, with the posterior distribution of the DistilBERT model approximated through its Fischer
information matrix ' and Gaussian distribution mean from parameters 6,,,, we train the model to
predict the correct tokens representing the results of arithmetic operations through masked-modeling
loss L4+, such that changes to any model parameter ¢ crucial to then general functionality of
the model 0, is penalized through a quadratic penalty scaled by A @) The selection of the
hyperparameter A is crucial as it dictates both model convergence and balances the learning of
Oaritn, With 04c,,. Thus, we gauge the sensitivity of model convergence with respect to A with a
hyperparameter sweep raning from A=1e-4 to 5e-11. Figure 2]shows the interplay between the weight
consolidation loss EW C' and the Cross-Entropy loss for learning arithmetic C'E' (color-matched) for
different values of A. We observe the first sign of model convergence at A=1e-8, and although the
model convergence improves with decreasing values of A\, we set A to le-8 for our experiments to
promote balanced learning of 0., with proper retention of 6¢y,.
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3.2 Experimental Setup and Results

Our in-house arithmetic dataset comprises of numerals modeled after the numeral distributions in
real-world datasets DROP [4] and EQAUTE [16] (§Appendix 5.2) with 21,838 instances of arithmetic
computations. All models are trained for 50 epochs where the datasets are processed through the
standard sub-word tokenization scheme of BERT [9]. These models are then fine-tuned and evaluated
on the range of GLUE tasks [24]:

 Single Sentence Tasks: Corpus of Linguistic Acceptability (CoLA) [25] for grammatical
fidelity with Matthews correlation coefficient as the metric and the Stanford Sentiment
Treebank (SST-2) [13]] for sentiment analysis with accuracy as the metric.



« Similarity and Paraphrasing Tasks: The Microsoft Research Paraphrase Corpus (MRPC) [3]
for semantic equivalence with averaged accuracy and f1 scores as the metric and the Semantic
Textual Similarity Benchmark (STS-B) [2]] for sentence similarity with the Spearman rank
correlation coefficient as the metric.

e Inference Task: The Multi-genre Natural Language Inference Corpus (MNLI) [26] for
textual entailment between a given premise and hypothesis with accuracy as the metric.

The results presented in table T|represent task-metrics for the models as p, where i represents the
mean value and o represents the standard deviation across two runs with different seed values for
random initialization of the model weights. Please note that the base DistilBERT model has been
used off-the-shelf and thus has no standard deviation across its runs.

Table 1: Comparative analysis between the base model, the base model trained on arithmetic, and our model.
The results of the arithmetic computations are measured based on the /n RMSE of the model output and the
ground-truth numeral. The results of the GLUE tasks follow the metrics as described in §3.1.

in RMSE CoLA MNLI MRPC SST-2 STS-B
Base 3.53670,000 0.48270.()00 0.80740‘000 0.8797()‘0()0 0.8967()‘00() 0.87400_00()
Base + Arithmetics 0.44430,011 0.00000_000 0.35530,001 0.75240,000 0.87610,003 0.39980,079
Ours 0.43600.016 0.41930.000 0.79510.004 0.85700.000 0.89620.008 0.8626¢.005
CE (-) — le4 le-5 —— 1le-6 —— 1le-8 (Chosen Lambda)
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Figure 2: Interplay between the CE & the EWC loss (color-matched) as a function of training iterations. The
first sign of model convergence is observed at A=1e-8, and although the convergence improves with decreasing
values of A\, we choose A to 1e-8 to promote balanced learning of 6,.;+», With proper retention of 64y, .

4 Discussion

From the results in table[T} we infer that our model, while performing the best in arithmetic computa-
tion - orders of magnitude better than the base model, closely competes with the linguistic prowess of
the base model. Besides preventing performance degradation on the MNLI, STS-B, and the MNLI
tasks, for the CoL A task that suffered significant degradation with its Matthews correlation coefficient
dropping to O after being trained on the arithmetic dataset, our model was able to revitalize it to a
value competitive to the base model.

Returning to our original premise, this paper serves as a proof-of-concept that the inherent barries to
skill injection caused by the catastrophic forgetting tendencies of large networks can be overcome
with weight consolidation schemes specifically tailored for language modeling. Please see Appendix
§5.1 for a disucssion on the limitations of our efforts. Our datasets as well as the codebase is hosted
athttps://github.com/Mandar-Sharma/0OvercomingBarriers.
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S Appendix

5.1 Limitations

We believe this work to be a proof-of-concept for addressing the important problem of non-linguistic
skill injection in language modeling. Besides mathematical reasoning, the set of non-linguistic skills
can expand to encompass logical inference, and dataset comprehension. Additionally, our in-house
arithmetic dataset comprises of addition and subtraction - we hope to extend our highly generic
proposed framework to incorporate other mathematical operations like multiplication, division, and
exponentiation, in addition to incorporating decimal-point numerals in the dataset.



5.2 Numeral Distribution of the Arithmetic Dataset
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Figure 3: Numeral distribution histograms of the EQUATE & DROP datasets based on powers of 10.
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