


tempted to evaluate the effect of pretraining data on
model’s performance (Elazar et al., 2022). Ideally,
a model that has learned to reason in the training
phase should be able to generalize outside of the
narrow context that it was trained in. Specifically, if
the model has learned to reason numerically, its per-
formance on instances with less frequent numbers
(based on pretraining data) should not be signifi-
cantly lower than its performance on the instances
with common numbers.

For illustration, consider the arithmetic task of
multiplying two integers (shown in Figure 1). A
model that has learned proper arithmetic skills
should be able to answer the queries irrespective of
the frequencies of the operands in the pretraining
data. Therefore, it should have roughly equivalent
performance when answering the queries Q: what

is 24 times X? and Q: what is 23 times X? de-
spite the fact that 24 appears more frequently in
the pretraining data. This is not the case with cur-
rent LMs and we will study the effect of frequency
terms in details through this paper. To show the
effect of frequency, in this example, we plot the
average accuracy of GPT-J-6B (Wang, 2021) on
the numbers 0–99 (averaged over 0–99 as the other
operand) against the frequency of the number in the
pretraining data in Figure 1. We find a strong cor-
relation between the term frequency and the model
performance indicating that the model reasoning
is not robust to these frequencies. Note that even
“rare” terms still appear on the order of millions of
times in the pretraining data.

In this work, we investigate this impact of the
frequency of test instance terms in a model’s pre-
training data on the model’s performance. We ex-
periment on numerical reasoning tasks of addition,
multiplication, and unit conversion. We count oc-
currences of the numbers and units in instances of
these tasks in the pretraining data, including co-
occurrences of term pairs or triples within a fixed
window. This procedure allows us to aggregate
over instances in which these terms appear and
observe the relationship between term frequency
and model accuracy on instances that include those
terms. We summarize this behavior through the per-

formance gap between instances that have the most
frequent terms and instances that have the least
frequent terms. Intuitively, models that exhibit a
high performance gap are much more accurate on
instances that are more common in the pretraining
data, suggesting that the model does not generalize

appropriately and is affected by dataset overlap.

We present analysis on these numerical reason-
ing tasks for three sizes of the EleutherAI/GPT
models pretrained on the Pile dataset (Gao et al.,
2020), which has been publicly released and thus
permits this kind of analysis (in contrast to the data
that, e.g., GPT-3 (Brown et al., 2020) was trained
on). Our results consistently show a large perfor-
mance gap between highest- and lowest-frequency
terms; in some cases there is a more than 70% av-
erage accuracy gap between the top and bottom
10% terms. We also investigate whether this per-
formance gap can be explained by strong memo-
rization effects, i.e. by instances that are memo-
rized by the language model. To achieve this, we
remove instances that contain frequent combina-

tions of numbers from our analysis, and study the
performance on the remaining instances. Even in
this case, we still find a strong correlation between
frequency of terms and average performance, indi-
cating that our results cannot be explained solely
by direct memorization.

These observations suggest that any evaluation
of reasoning that does not take the pretraining data
into account is difficult to interpret, and that we
need to revisit evaluation of language models with
respect to their pretraining data before making any
conclusion about the models generalization abili-
ties beyond the pretraining data.

2 Background and Methodology

Numerical reasoning has been essential part of com-
plex multi-step reasoning tasks for natural language
understanding (Dua et al., 2019; Wei et al., 2022).
Recently, large language models have exhibited
an ability to perform numerical reasoning tasks in
few-shot settings without requiring any modifica-
tions to their parameters through a method called
in-context learning (Brown et al., 2020; Chowd-
hery et al., 2022). Our goal is to evaluate this
reasoning skill in-depth and with respect to the pre-

training data. This section provides background
information on in-context learning and introduces
our method for measuring the performance gap of
the models on numerical reasoning tasks based on
differences in pretraining term frequency.

The demonstration of all experiments in this paper is avail-
able at https://nlp.ics.uci.edu/snoopy (Razeghi et al.,
2022) and the code is available at https://github.com/

yasamanrazeghi7/TermFrequency
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2.1 In-context Learning

Brown et al. (2020) show that the large GPT-3
model is able to perform well on few-shot rea-
soning tasks without requiring any changes to its
internal parameters, through the usage of a tech-
nique called in-context learning. In place of a typi-
cal learning procedure, in-context learning instead
places training examples in a prompt format, which
is subsequently fed to a language model as its input.
Recently, a few studies have researched the role of
prompt and investigated the aspects that make in-
context learning successful (Min et al., 2022; Zhao
et al., 2021; Chan et al., 2022).

Among numerous experiments, Brown et al.
(2020) show that GPT3 performs well on a variety
of arithmetic questions such as addition and sub-
traction with 2–5 digit numbers. For example, they
show that the largest model can perform zero-shot
2-digit addition with 76.9% accuracy. Although
impressive, due to the large volume of data GPT-3
is trained on, it is possible that the model is repeat-
ing answers seen during pretraining. To attribute
this performance to the model’s reasoning capabil-
ities, we need to make sure that the model is not
affected by statistical overlaps between the terms
of the arithmetic questions and the pretraining data.

In the following sections, we introduce metrics
that we use to investigate the relationship between
the frequency of terms in the pretraining data and
the model performance on reasoning instances con-
taining those terms. To assess this relation, we first
define an approach for measuring term frequencies
in a large pretraining dataset (Section 2.2). We con-
nect these frequencies to reasoning performance by
introducing the performance gap ∆ (Section 2.3).

2.2 Frequency

We consider numerical reasoning tasks (Table 1)
whose instances consist of input terms, x =
(x1, . . . , xi, . . . xn), and a derived output term y,
where the xi’s are either positive integers or units
of time (e.g., 1, 2, hour, etc.) and y is a positive
integer. For example, for the task of multiplication,
an instance might be x = (23, 18) and y = 414,
representing the equation 23× 18 = 414.

For each instance, we extract counts of the
number of times that a subset of its terms X ⊆
{x1, . . . , xn, y} appear within a specified window
in the pretraining data. We refer to this count as the
frequency, ωX , of X .

In this paper, we restrict our attention to fre-

quencies involving three or less input terms, e.g.,
x = (x1) or (x1, x2) or (x1, x2, x3) and optionally
the output term y, e.g.:
• ω{x1}: the number of times that x1 (one of the

terms, e.g., 23) appears in the pretraining data.
• ω{x1,x2}: the number of times that the input terms
x1 (e.g., 23) and x2 (e.g., 18) appear in the pre-
training data within a specific window size.

• ω{x1,y}: the number of times that the first input
term x1 (e.g., 23) and the output term y (e.g.,
414) appear in the pretraining data within a spe-
cific window size.

Note that our usage of set notation in the sub-
script is deliberate; although x = (x1, x2) and
x
′ = (x2, x1) are not necessarily the same (e.g.,

order is important when representing the task in-
stance), frequency is symmetric (e.g., ω{x1,x2} =
ω{x2,x1}∀x1, x2).

2.3 Performance Gap

We want to measure how much more accurate the
model is on instances containing more versus less
frequent terms in the pretraining data. We do this
by calculating the differences in average accuracies
of the instances in the top and bottom quantiles of
the distribution over term frequencies, which we
call the performance gap.

Formally, let {(X(n), ω
(n)
X )}, n ∈ [1, N ], be a

set of terms for a task and their associated term
frequencies in the pretraining corpus. Given a task
(e.g. addition), we create reasoning instances for
each element of this set by instantiating values of
xi, and deriving y. We then measure the LM’s
accuracy a(n) over the set of instances, and repeat
this process for all n ∈ [1, N ], producing a set Ω =

{(ω
(n)
X , a(n))}. The formula for the performance

gap is then given by:

∆(Ω) = Acc(Ω>90%)− Acc(Ω<10%) (1)

where Ω>90% is the top 10% of elements in Ω or-
dered by frequency, Ω<10% is the bottom 10%, and
Acc(Ω′) is the average accuracy of elements in Ω′.
We introduce the following convenient abuses of
notation ∆1, ∆1,2, ∆1,y, . . . , to denote the per-
formance gap over the frequency distributions of
ω{x1}, ω{x1,x2}, ω{x1,y}, . . . , respectively.

Concretely, for the multiplication example from
Figure 1, x = (x1, x2) and we consider the per-
formance gap over frequencies ω{x1}. For each
number (say 23), we count the number of times
it appears in the pretraining corpus (ω{23}), and
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Pretraining Corpus

(24) 

(23) 

(60, hour)
107

107

106

24 ⨉ 18 = ?   (432) 

23 ⨉ 18 = ?   (414) 

60 hours → mins? 

                     (3600) 

Q: What is [x1] times [x2]? A: 

Q: What is 24 times 31? 

A: 1152
Q: What is 24 times 48? 

A: 1152
Q: What is 24 times 18? 

A:

Language 

Model Q: What is 23 times 18? 

A: 462

Q: What is 24 times 18? 

A: 432

Reasoning QueriesTerm Counts

Count 

Occurrences

Render 

Prompts

Prompt Templates

Q: What is [x1] times [x2]? A: [y]

Figure 2: Pipeline for Data Construction: We use the term counts processed from the pretraining data to develop
the reasoning queries and render them with prompts templates to a proper language model input format.

Table 1: Prompt templates and the number of test cases
(#) investigated for each numerical reasoning task.

Task Prompt Template #

Arithematic

Multiplication Q:What is x1 times x2? A: y 10
4

Addition Q:What is x1 plus x2? A: y 10
4

Operation Inference

Mult. # Q:What is x1 # x2? A: y 10
4

Add. # Q:What is x1 # x2? A: y 10
4

Time Unit Inference
Min�Sec Q:What is x1 minutes in seconds? A: y 79

Hour�Min Q:What is x1 hours in minutes? A: y 100

Day�Hour Q:What is x1 days in hours? A: y 100

Week�Day Q:What is x1 weeks in days? A: y 100

Month�Week Q:What is x1 months in weeks? A: y 100

Year�Month Q:What is x1 years in months? A: y 100

Decade�Year Q:What is x1 decades in years? A: y 100

compute the average accuracy of the model over
all instances where one of the operands is 23. The
performance gap w.r.t. to ω{x1} for this task is the
difference between the average accuracy over the
top 10% and the bottom 10% most frequent num-
bers in the pretraining corpus. We picked 10% as
the threshold to have a simple, intuitive metric that
captures how accuracy differs between the most
and least frequent terms. We also provide the plots
to show the full distribution in the frequency range.

3 Experiment Setup

In this section, we describe our setup to measure
the effect of pretraining data on the few-shot evalu-
ation of a number of numerical reasoning tasks for
different language models.

Language Models We experiment on the follow-
ing models from EleutherAI: GPT-J-6B (Wang,
2021), and GPT-Neo-1.3B, GPT-Neo-2.7B (Black
et al., 2021). These models are publicly available,
but more importantly, they are among the few mod-
els that their pretraining corpus has also been re-
leased. These language models are trained on the
Pile dataset (Gao et al., 2020), a large-scale lan-

guage modeling dataset consisting of English doc-
uments in 22 academic or other professional data
sources. We count the frequency of all integers
with less than seven digits using a slightly modified
version of Spacy English tokenizer (Honnibal and
Montani, 2017). To calculate the frequencies of
the numbers we use Amazon Elastic Map Reduce
(EMR) platform. We use the HuggingFace1 Trans-
former integration of the models for experiments.

Numerical Reasoning Tasks We create three
types of datasets that target the mathematical ca-
pabilities of language models since solving mathe-
matical questions is a useful reasoning capability
of the models (Brown et al., 2020).
• Arithmetic, 2 tasks As the first task, we consider

simple arithmetic operations: addition x1+x2 �

y and multiplication x1 × x2 � y. In both cases,
the both operands (x1 and x2) are numbers less
than 100 (these numbers are in the top 200 most
frequent numbers in the pretraining data).

• Operation Inference, 2 tasks Instead of directly
specifying the operation, we also create a varia-
tion where the model needs to infer, from a few
examples, the operation itself, as well as the re-
sult, as introduced in the evaluation of Megatron-
Turing model.2 We replace the arithmetic oper-
ation with a “#”, with the same operations and
operands as previous, to create these datasets.

• Time Unit Conversion, 7 tasks Apart from di-
rect arithmetic expressions, we are also interested
in evaluating model capability to implicitly rea-
son about these operations. To this end, we con-
struct a unit conversion dataset by identifying the
most frequent numbers that co-occur with time
unit words (“second”, “minute”, “hour”, “day”,
“week”, “month”, “year”, and “decade”) as the
primary operand x1, the time units themselves as
additional operands (x2 � x3), i.e. converting 24

1Source code at https://huggingface.co/EleutherAI
2
https://turing.microsoft.com/
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pretraining corpus into account, and any claims
of reasoning can only be made after demonstrat-
ing robustness to the effect of pretraining. Cur-
rent LM benchmarks, that are dissociated from the
model’s pretraining data, make it impossible to
interpret few-shot reasoning performance results.
It is worth mentioning that, even a performance
gap of 0 is likely not sufficient to claim reasoning
capabilities—what exactly constitutes “reasoning”
remains ill-defined—but it may be a necessary con-
dition, and one that current models do not meet.

In this study, we are not making a causal claim,
and in general, there may be confounders that we
have not eliminated in our setting. Recently, Elazar
et al. (2022) introduced a causal framework based
on pretraining data statistics for understanding lan-
guage model’s factual predictions. To be able to
use the causal inference techniques they construct
and assume a causal graph for the task of extract-
ing factual knowledge from pretrained language
models. We recommend further research in the
proposed direction for other NLP tasks such as rea-
soning and interventions during training to provide
finer-grained analysis of the effect of pretraining.

One potential concern is that our experiments do
not distinguish whether incorrect answers are due
to lack of reasoning or lack of recognition, i.e. it is
possible that the model has the ability to multiply
but the embeddings for rare terms are not adapted
to that algorithm. However, recognizing numbers
is a prerequisite to numerical reasoning, thus if
the models lack the ability to identify numbers,
this still means that they lack numerical reasoning
skills. That said, we also suspect that the errors are
not due to recognition. Even the most infrequent
terms in our experiments have been seen millions

of times—they are not unknown tokens.

7 Conclusion

We show that in-context language model perfor-
mance on numerical reasoning tasks can be im-
pacted significantly by low-order co-occurrence
statistics in the pretraining data, raising questions
on the extent to which these models are actually
reasoning to solve these tasks. These observations
suggest the necessity for reconsidering and redefin-
ing the reasoning evaluation schemes for the large
language models. Further characterizing the im-
pacting factors on the models reasoning capacities
is also an important tasks for the community. Most
importantly, we suggest that the community should

not treat the pretraining data of the large language
models as unknown black boxes. Overlooking the
impact of the pretraining data can be misleading in
evaluating the model reasoning skills.
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Limitations

There are a few limitations to our study that open
up avenues for future research. First, our approach
aggregates fairly simple patterns and the effect we
observe might be stronger if a wider variety and
complexity of patterns is considered in the pre-
training corpus. Similarly, our work is limited to
simple numerical reasoning tasks, and it would
be worthwhile to study how much other reasoning
evaluations and more complex quantitive reason-
ing tasks such as GSM8K (Cobbe et al., 2021) are
impacted by the same effect, which could be mea-
sured using the performance gap metric introduced
here. Defining appropriate instance terms for other
reasoning tasks such as commonsense reasoning
will be a challenging but important direction for fu-
ture work. Lastly, we do not propose a solution for
changing language models to robust reasoners. We
hope that the insights in this work inspire further
studies into the effect of pretraining on language
model’s performance, improvements in evaluation
schemes, and better training mechanisms for more
robust language models with true generalization
capabilities.
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