© 00 N o 0~ 0N =

28

29
30
31
32
33
34
35
36
37
38
39

Improving the Out-of-Distribution Performance of Distilled Chain of
Thought Language Models

Thomas Lai Alex Koran Jonathan Lebensold
Student Student Mentor, Reliant Al
McGill University McGill University McGill University

Electrical Engineering

Abstract

Recent work has demonstrated that chain of
thought (CoT) reasoning has improved the qual-
ity of search results for a number of benchmark
datasets (e.g., GSMS8K, ScienceQA, MATH),
but these methods tend to be computation-
ally demanding, or are known to require large-
parameter models. Several studies have shown
that knowledge distillation from a large param-
eter model to small parameter model through
supervised fine-tuning can be used to endow
a small model (millions of parameters) with
apparent reasoning abilities. However, it is un-
clear whether or not these small models have
truly acquired semantic understanding and rea-
soning abilities thought to be correlated with
number of parameters, due to the lack of out-of-
distribution (OOD) results. In this project, we
first perform an OOD study with the state-of-
the-art "Distilling step-by-step" model on three
domains: symbolic reasoning, math, and nat-
ural language inference. Secondly, we found
that applying Fishr regularization can improve
the OOD performance of "Distilling step-by-
step” on the coin flip task. Due to GPU con-
straints, we only tested the method on one task,
thus future experiments should be conducted
on multiple other domains.!

1 Introduction

We have witnessed strikingly better performance of
large language models in reasoning tasks such as
solving math or common sense reasoning problems
when chain of thought (CoT) techniques are em-
ployed. CoT reasoning studies generally fall under
either fine-tuning a pretrained model (Liu et al.,
2023) or in-context few-shot learning via prompt
engineering (Wei et al., 2022). Both types of CoT
reasoning were found to be emergent abilities of
increased model scale, meaning that there tends to
be a number of parameters required for a model to

'Code is available at:
https://github.com/thomaslai4 14/Comp767Project
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perform better with chain-of-thought compared to
standard fine-tuning or standard prompting. In fact,
CoT may actually hurt the performance for many
models under 10B parameters (Wei et al., 2022).

The main hypothesis for this phenomenon is that
semantic understanding and logical reasoning skills
of large language models is a function of model
scale (Wei et al., 2022). Small language models
are observed to have weaker arithmetic abilities or
relatively easy symbol mapping tasks (Wei et al.,
2022). Symbolic reasoning tasks include toy exam-
ples such as last letter concatenation and coin flip.
In last letter concatenation, the language model is
asked to isolate the last letter of each word in a
name, and concatenate the isolated letters. In coin
flip, the language model is asked whether a coin
still remains heads after people flip or don’t flip the
coin. These two tasks are almost trivial for humans
to perform, but were observed to be challenging for
language models.

While CoT has been shown to be able to endow
a large language model the ability to perform sym-
bol mapping tasks, models under 10B parameters
with CoT still do not perform much better than
small models without CoT. As a result, it is costly
to apply CoT reasoning to real-world applications
if large models are required, and several studies
have investigated how CoT reasoning abilities can
be distilled from a large language model to a small
language model. While it has now been shown
that small models can also produce correct CoTs
after distilling from large models, there is no sub-
stantial proof that the small models are not simply
just memorizing aspects about the large models’
generated rationales, since the current studies of
CoT distillation have not shown any robust out-of-
distribution (OOD) studies.

Therefore, in our project, we first conduct an
OOD study with the "Distilling Step-by-Step"
Model (Hsieh et al., 2023). Following (Wei et al.,
2022), we group the diverse range of CoT datasets
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into domains. Then, within each domain, we con-
duct OOD studies by fine-tuning the model on one
dataset, and evaluating the fine-tuned model on an-
other dataset from the same domain that share some
similarities with the first dataset and is sufficiently
distinct.

Secondly, we apply Fishr regularization (Rame
et al., 2022) to "Distilling Step-by-Step" and ob-
served improved OOD performance on the coin flip
task. Fishr regularization enforces the similarity
between the variances of the gradients of different
groups of samples during fine-tuning. In doing so,
Fishr regularization guides the gradient descent to
a more generalized local minima.

2 Related Work

In order to explore the related work of our project,
we must position ourselves in the fields of chain
of thought reasoning (CoT) and knowledge distil-
lation of LLMs. We must also explore further the
intersection field of distilling of CoT LLMs.

2.1 Chain of Thought Reasoning

Basic approaches of CoT reasoning in LLMs
are "Let’s think step by step" (Wei et al., 2022)
(prompting) and "Let’s verify step by step” (Liu
et al., 2023) (fine-tuning). "Let’s think step by
step" is a prompt that is used to activate an LLM’s
ability as a zero-shot CoT reasoner. Another stan-
dard CoT prompting technique is to include a CoT
example, known as chain-of-thought prompting
(Wei et al., 2022), before asking an LLM to solve a
new problem. For fine-tuning, the authors of "Let’s
verity step by step” demonstrated the performance
boost of adding a loss for each step of the CoT
reasoning instead of only having a loss for the final
answer. An important baseline for this is notably
generating multiple CoTs before majority voting.
In addition, verifiers can also be used for the LLM
to self-improve on reasoning (Hosseini et al., 2024),
and encourage the LLM to generate rationales be-
fore predicting each future token (Zelikman et al.,
2024), attempting to simulate thinking in humans.

2.2 Knowledge Distillation of L1.Ms

Knowledge Distillation is a technique used to
transfer knowledge from a large, complex model
(“teacher”) to a smaller, more efficient model (“‘stu-
dent”), while aiming to retain the teacher’s perfor-
mance levels (Hinton et al., 2015). This method has
become crucial in the development of LLMs, en-

abling the deployment of these models in resource
constrained environments, by reducing computa-
tional requirements without drastically compromis-
ing their capabilities.

Within the context of LLMs, knowledge distil-
lation has been used to create smaller models that
approximate the performance of larger ones. For
example, DistilBERT reduces the size of BERT by
40% while retaining 97% of its language under-
standing capabilities and running 60% faster (Sanh
et al., 2019). Similarly, TinyBERT applies a two-
stage learning framework involving transformer
distillation at both the pre-training and task-specific
learning stages, achieving competitive performance
on natural language understanding tasks (Jiao et al.,
2020).

Recent advances have focused on distilling even
larger and more powerful models like GPT and
LLaMA into smaller, more efficient models with-
out significant loss in performance. Alpaca, devel-
oped by Stanford researchers, demonstrates that
instruction-following capabilities of large mod-
els can be distilled into smaller models based on
LLaMA (Taori et al., 2023). LLaMA-Adapter pro-
vides an efficient fine-tuning approach for LLaMA
models, enabling them to perform well on down-
stream tasks with less computational resources
(Gao et al., 2023). Additionally, QLoRA intro-
duces a method for efficient fine-tuning of quan-
tized LLMs, making it feasible to adapt large mod-
els like LLaMA-13B on a single GPU (Dettmers
et al., 2023).

Common techniques in LLM knowledge distilla-
tion include soft label distillation, where the student
model is trained to match the softened probability
outputs of the teacher model, providing richer in-
formation than hard labels (Hinton et al., 2015).
Intermediate layer distillation is also employed,
aligning the student’s intermediate representations
with those of the teacher to capture more nuanced
features (Jiao et al., 2020). Attention distillation
transfers the teacher’s attention patterns to the stu-
dent, preserving contextual relationships critical
for language understanding (Wang et al., 2020).
Recent methods have also explored distilling rea-
soning capabilities into smaller models to enhance
their problem-solving abilities (Sun et al., 2022).

Our proposal builds upon these advancements
by focusing on distilling the chain-of-thought rea-
soning abilities of large LLMs into smaller mod-
els, with the specific aim of evaluating out-of-
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distribution (OOD) performance. By training the
smaller model to predict the next step in the ra-
tionale provided by the larger LLM, we aim to
transfer not just the final outputs but the reason-
ing processes themselves. This approach leverages
knowledge distillation to reduce model size while
emphasizing the preservation of complex reason-
ing skills, which are crucial for robust performance
in OOD settings. Such an endeavor aligns with
recent research that seeks to imbue smaller mod-
els with the step-by-step reasoning capabilities of
larger models (Shridhar et al., 2022; Wei et al.,
2022), and contributes to a better understanding of
how distilled models perform on tasks beyond their
original training distributions.

2.3 Distillation of Chain of Thought LLMs

There have been studies where CoT capabilities
are distilled from LLMs. To begin, standard task-
specific distillation can be used to train a small
model, using labels generated by an LLM. Albeit,
there is no absolute guarantee for correctness for
the generated labels, so these labels are considered
noisy. In "Distilling Step By Step," an LLM with
CoT is used to generate rationales as labels for train-
ing a small language model in a multi-task fashion
(Hsieh et al., 2023). Under the multi-task frame-
work, one task is to pass a (label) token along with
the logical problem and the small model is expected
to predict the correct final answer, while the other
task is to pass the same problem with a (rationale)
label and the small model is taught to return the
same rationale as the LLM. Further, this work also
separates the intermediate steps, hence the term
"distilling step-by-step." On the other hand, So-
cratic CoT proposes a different framework where
the CoT LLM would train one small model to break
down the initial problem into smaller sub-problems,
hence the term "Socratic." Then, the second small
model is trained specifically to provide an answer
to the sub-problems. Other related work focuses on
specific tasks such as symbolic reasoning or mathe-
matical reasoning. In "Symbolic Chain of Thought
Distillation" (SCoTD), the authors highlighted the
importance of sampling multiple generated answers
from the LLM for each problem and discarding in-
correct answers before training the small model
(Xu et al., 2023). In "Equation of thought distil-
lation" (EoTD) the small model is fine-tuned on
mathematical reasoning using LL.M-generated ra-
tionales by asking it to break down the problem

Question: Sammy wanted to go to where the people were. Where might he go?
Answer Choices: (a) populated areas (b) race track (c) desert (d) apartment (e)
roadblock

Answer: The answer must be a place with a lot of people. Of the above choices,
only populated areas have a lot of people. So the answer is (a) populated areas.

Few-shot CoT

Question: A gentleman is carrying equipment for golf, what is he likely to have?
Answers: (a) club (b) assembly hall (c) meditation center (d) meeting, (e) church
Answer:

Input

The answer must be something that is used for golf. Of the above choices, only
clubs are used for golf. So the answer is (a) club.

Output

Figure 1: Few-shot CoT prompting (Hsieh et al., 2023).
The prompt for the LLM consists of the "Few-shot CoT"
and the "Input" blocks, while the LLM outputs the "Out-
put" block. Example and output rationales are high-
lighted in green while example and output labels are
highlighted in blue.

into intermediate equations (Zhu et al., 2024). This
paper also provides the insight that using multiple
datasets during training improves reasoning ability.
While these studies have shown that small models
are capable of CoT, which was previously only ob-
served in large models, there is insufficient proof
to show that the small models actually obtained
proper semantic understanding and logical under-
standing skills via robust out-of-distribution task
studies.

3 Models and Approach

Our models and approach will be heavily based
on the "Distilling step-by-step" model, since we
wish to investigate the generalizability of distilled
models and "Distilling step-by-step" would be the
state-of-the-art representative approach. We then
propose to apply Fishr regularization - a technique
novel to the natural language processing field - to
"Distilling step-by-step" to improve its generaliz-
ability. In this part of the project, the rest of our
approach is set to be consistent with "Distilling
step-by-step" to ensure a fair comparison.

3.1 Baseline

We compare our approach to the state-of-the-art
CoT distillation model. The approach "Distill-
ing step-by-step" (Hsieh et al., 2023) distills CoT
from PalLM (Anil et al., 2023) to small language
models of the TS5 architecture (Raffel et al., 2020).
Adapting from their notation, given a dataset of
inputs z; € D, a prompt tuple p is constructed as
p = (w4,v:, 1), Where x; is an input question, y;
is the corresponding label, or the expected final
answer of that question, and r° is the user-given
rationale. In our case, the datasets used contains
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Data

Premise: A person on a horse jumps over a broken down airplane.
Hypothesis: A person is training his horse for a competition.

Question: A gentleman is carrying equipment for golf, what is he
likely to have?

Answers: (a) club (b) assembly hall (c) meditation center (d)
meeting, (e) church

Luke scored 84 points after playing 2 rounds of a trivia game. If he
gained the same number of points each round. How many points
did he score per round?

Premise: A person on a horse jumps over a broken down airplane.

ffabel] + Hypothesis: A person is training his horse for a competition.

Premise: A person on a horse jumps over a broken down airplane.

i + . . . . -
lrationale] Hypothesis: A person is training his horse for a competition.

Rationale Label

The person could be training his horse for a
neutral
competition, but it is not nocessan\y the case

The answer must be something that is used for golf.
Of the above choices, only clubs are used for golf. So club
the answer is (a) club

Luke scored 84 points after 2 rounds. So he scored 84

points in 2 rounds. 84 / 2 = 42. The answer is (84 / 2) 84/2)

neutral

Smaller Model

The person could be training his horse for a
competition, but it is not necessarily the case.

Figure 2: Framework of "Distilling Step-by-Step" (Hsieh et al., 2023), which is both the baseline and the backbone

of our approach.

ground truth labels, which can be directly used
for y;. In the case where ground truth labels are
not available, y; can be obtained from the LLM
through CoT prompting and/or few-shot learning,
along with the rationale r;. More specifically, a
CoT few-shot prompt is constructed as the follow-
ing concatenation: an example input + an example
rationale + an example label + additional input, ra-
tionales, and labels if more than one shot + new
input. This prompt then illicits a new output ra-
tionale and a new output label from PaLLM. The
few-shot CoT approach is illustrated in Figure 1.

Once the full tuple p = (x;,y;, ;) is obtained,
supervised training is used to train the small model,
denoted as f (a T5 model), in a multitask fash-
ion. For each training example, the following loss
objective is minimized:

L= (]— - a)ﬁlabel + aﬁr(ztionalea

where « is a weight hyperparameter and £;,p¢; and
Lrationale are the respective losses of each task in
the multi-task framework. Specifically,

Liaber; = U(f([[Labell+x;), vi),

where [ is cross entropy loss. In other words, for
this task, the promptis a [label] token concate-
nated with the input x;, and the model f is trained
to predict the label ;. On the other hand,

Erationalei = l(f([[rationale] +xi)a Ti)v

which is analogous to the other task, but with the
prefix [rationale], the model f is trained to
reproduce CoT rationales r;, which are generated

by the LLM. An illustration of this framework is
provided in Figure 2.

In addition to "Distilling step-by-step", the LLM
PalLM also serves as a baseline for an LLM’s base-
line performance on each datasets tested.

3.1.1 Our Proposed Approach

In order to improve out-of-distribution performance
of distilled CoT models, we propose to add a
penalty to the objective loss function as follows:

L= (1 - a)Llabel + aLyationale + )\‘Cfishr-

In addition, our project provides novel insights
about the out-of-distribution performance of "Dis-
tilling step-by-step” across multiple domains,
which is described in the Experimental Details sec-
tion.

In order to improve the generalizability of our
baseline, we impose a penalty to align domain-level
properties based on the gradient. First, each batch
of data is divided based on groups £ = A, B, C, ....
In the coin flip example, since we can define mul-
tiple coin flip datasets that are distributionally dis-
tinct in a straightforward manner, each in distribu-
tion dataset is assigned a group. In other examples
where this does not apply, there are other ways
to assign groups, such as using the labels, which
is a practice in invariant risk minimization (IRM)
(Dranker et al., 2021).

In line with IRM, we choose a penalty that aims
to extract domain-invariant features from the multi-
ple groups present in our training set, by matching
the group-level gradient variances during training.
We choose to impose our penalty on the gradients
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Figure 3: The Fishr principle (Rame et al., 2022) where
the variances of the gradients of each group is matched.

of the last layer as opposed to directly on the rep-
resentation space to minimize any restrictions on
feature learning. For similar reasons, we choose to
match the variances of the gradients between each
group as opposed to the mean, which also allows
the gradients of individual samples of the batch to
maintain their diversity more. An illustration is
provided in Figure 3.

More specifically, we use the Fishr loss de-
scribed by (Rame et al., 2022):

1
£f7lsh7’ = E Z ”Ve - V||%,

ec&

where v = \71| > ece Ve and v, = Var(G,), where
G is all the gradients of the group e in the batch.
In other words, for each batch, the gradient of the
last layer for each sample within the batch is first
calculated. Then, the gradients of the batch are
separated based on their assigned groups and the
variance of each group is calculated. Then, the
mean of the variances are calculated, and the vari-
ances of each group is aligned by minimizing the
Euclidean distance between each group variance
and the mean.

4 Datasets and Evaluation Metrics

4.1 Datasets

Chain-of-thought is applicable to a wide range of
domains, as established by (Wei et al., 2022). Thus,
we investigate the OOD performance of "Distill
step-by-step” on three domains: symbolic reason-
ing, math, and natural language inference.

4.1.1 Symbolic Reasoning

For this domain, we select the toy-example of coin
flip (Wei et al., 2022). In a typical coin flip exam-
ple, the coin starts heads up, then a person either

A coin is heads up. Maybelle flips the coin. Shalonda does not flip

the coin. Is the coin still heads up?
[ pnswer
—J

The coin was flipped by Maybelle. So the coin was flipped 1 time,
which is an odd number. The coin started heads up, so after an
odd number of flips, it will be tails up. So the answer is no.

]

N

Figure 4: An example of a Coin Flip question and its
corresponding chain-of-thought answer.

flips or does not flip the coin, then a second per-
son flips or does not flip the coin, then the model
is asked whether or not the coin is still heads up.
An example is provided in Figure 4. Even though
this seems to be a trivial problem for humans, even
large language models have been shown to strug-
gle with this problem (for models less than ~50B
parameters) (Wei et al., 2022).

Following (Wei et al., 2022), to setup OOD
datasets with coin flip, we assign coin flip exam-
ples with two people either flipping or not flipping
the coin (like the default problem described) as one
dataset, denoted as CF2, and coin flip examples
that are extended to 4 people either flipping or not
flipping the coin as another dataset, denoted as CF4.
When a model is only trained on CF2, its perfor-
mance on CF4 is considered OOD performance
(Wei et al., 2022). Extending this idea, we include
CF5, CF7, and CF8, and two or three CF datasets
can be chosen at a time to be in distribution while
the remaining CF datasets are considered OOD.

Each CF datasets contain 1000 training examples
and 1000 testing examples. The average length of
inputs and outputs are consistent as they all follow
the same template. The labels are either "yes" or
"no" and they are uniformly distributed. In coin
flip, while the training rationales 7; can be obtained
from an LLM via few-shot CoT prompting, it is
not necessary. In this project, we generate the ra-
tionales with a straightforward template.

4.1.2 Math

We investigate the OOD performance in the Math
domain by using two publicly available datasets for
this work: SVAMP (Patel et al., 2021) and ASDiv
(Miao et al., 2020). These datasets are well-suited
for evaluating models on elementary math word
problems due to their design, diversity, and rele-
vance to real-world generalization. We use SVAMP
for finetuning the models and ASDiv for evaluating
them, thus constructing our OOD experiment.
SVAMP consists of single-variable arithmetic
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problems where the input is presented as a natural
language description (word problem) and the out-
put is a numerical answer. The dataset showcases
examples designed to evaluate a model’s question
sensitivity, robust reasoning ability, and invariance
to structural alterations (Patel et al., 2021). SVAMP
is particularly appropriate for evaluating in-domain
performance since it introduces linguistic varia-
tions that require reasoning rather than just pattern
matching.

The ASDiv dataset was selected for OOD evalu-
ation to test the model’s generalization to more lin-
guistically diverse and structurally complex prob-
lems. ASDiv similarly incorporates word problems
with varied phrasing, numerical values, and for-
mats. This provides a challenging benchmark for
OOD generalization.

During our experiments, SVAMP had 800 train-
ing examples and 200 testing examples. ASDiv
had 1727 training examples and 432 testing ex-
amples. When preprocessing ASDiv, we removed
some questions (146 of them) whose answers were
non-numerical (e.g. "Which student has more ap-
ples"). This was needed since we finetuned on
SVAMP, which only has numerical answers, so we
kept the ASDiv answers in the same format.

The average length of SVAMP inputs is around
25 words, and for ASDiv 30 words. The output
of both is 1 token since it is a numerical answer.
There are no class labels as these are regression
type tasks (continuous space of possible of answers,
not discrete).

4.1.3 Natural Language Inference

For the NLI domain, each question consists of a
Premise and a Hypothesis and the language model
is expected to determine if the relationship between
the two statements are entailment, neutral, or neg-
ative, which are the three possible labels for this
task. For in distribution, we select the ANLI dataset
(Williams et al., 2020) and for OOD, we select the
e-SNLI dataset (Camburu et al., 2018). Visual in-
spection is used to verify the distinction between
the two datasets, which is often in the subject mat-
ter. Examples of the ANLI and e-SNLI datasets are
provided in Appendix A.

The ANLI dataset contains 16946 training exam-
ples and 1000 test examples. The e-SNLI dataset
contains 549267 training examples and 9824 test
examples. Both datasets are annotated by humans.
Validation sets are ignored for both datasets.

4.2 Evaluation Metrics

The evaluation metric used is accuracy. We com-
pute the accuracy of the getting the labels y; cor-
rect. In our results we report both in distribution
and out of distribution performance. When a result
is marked as OOD, then the model has not been
trained on the same dataset as the dataset that it is
evaluated on. Otherwise, unmarked accuracy is in
distribution. Note that the rationales are not scored.

5 Experimental Details

Existing CoT distillation studies do not report ro-
bust OOD experiments, while CoT in LLM studies
do. Therefore, for each of the three domains, we
conduct OOD experiments by fine-tuning a dis-
tilled CoT model on one of the datasets of that
domain, and then reporting the evaluation results
of the other datasets of that domain. Further, we
vary the model size of the distilled model (220M,
770M, 3B) and observe its effects on the OOD
performance in the natural language inference do-
main. Finally, we conduct a study to observe the
effects of our proposed penalty term on the OOD
performance on the coin flip task. In this experi-
ment, since groups are assigned to datasets, multi-
ple datasets are concatenated to form the training
set, e.g., CF2+CF4, while the rest of the datasets,
1.e., CF5, CF7, and CF8, are considered OOD.

5.0.1 Implementation Details

Following (Hsieh et al., 2023), pretrained T5
models from hugging face are used for the dis-
tilled model, with CoTs generated with PaLM.
We use CoT generated by the Distilling step-by-
step people. Unless noted otherwise, the base
TS5 model with 220M parameters are used. The
hyperparameter « is set to 0.5, while two val-
ues for A are experimented with: 10e3 and 10e4.
The models are fine-tuned with the AdamW op-
timizer (Loshchilov, 2017) with an initial learn-
ing rate of 5e-5, to 2000 steps with no early stop-
ping. The batch size used is 64 at first for all
models. However, due to GPU constraints, for
some models, the batch size is lowered until there
is no memory issue. Also due to resource con-
straints, only one run is reported per experiment.
The code is implemented in PyTorch and Hug-
ging Face based on the Distill step-by-step reposi-
tory https://github.com/google-research/distilling-
step-by-step, while the Fishr loss is adapted from
https://github.com/alexrame/fishr.
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6 Results and Discussion

6.1 OOD Experiments

Table 1 presents the results of various OOD experi-
ments across different domains. The first row dis-
plays the performance of the T5-base model (220M
parameters) fine-tuned on the leftmost dataset and
evaluated on both the same dataset (in-distribution)
and a different dataset (out-of-distribution). This
process is repeated across the Symbolic, Math, and
Natural Language Inference (NLI) domains. The
second row provides baseline results, where the
Distilling Step-by-Step approach is applied, but the
datasets are no longer OOD (i.e., both fine-tuning
and evaluation are performed on the same dataset).
Finally, the third row reports the performance of a
few-shot chain-of-thought (CoT) LLM, specifically
PalLM (540B), on each dataset.

Overall, these OOD experiments highlight the
significant challenges that fine-tuned smaller lan-
guage models face when performing on OOD tasks.
By comparing the OOD results in row 1 with those
in row 2, we observe the impact of fine-tuning on
a different dataset versus fine-tuning on the same
dataset. Notably, some prior works, such as Dis-
tilling Step-by-Step (Hsieh et al., 2023), do not
report OOD performance for their distilled mod-
els, instead focusing only on their larger models.
This gap motivated us to conduct these experiments
specifically on smaller models to better understand
their OOD performance.

6.2 Model Size Experiments

Figure 5 shows the comparison of in-distribution
(ESNLI) and out-of-distribution (ANLI1) perfor-
mance in the Natural Language Inference domain

Training: CF2+CF4
mmm Distilling Step-by-Step

mem Distilling Step-by-Step + Fishr (A=1000)
mmm Distilling Step-by-Step + Fishr (A=10000)
0.65

063 0.63 g1

CF2 CF4 CF5(0O0OD)  CF7 (OOD)  CF8 (OOD) Average

Figure 6: In-Distribution and Out-of-Distribution evalu-
ation results with Fishr regularization after fine-tuning
on the Coin Flip 2 and Coin Flip 4 datasets.

Training: CF2+CF5
1 097

CF2 CF4 (OOD) CF5

CF7 (OOD)  CF8 (0OD) Average

Figure 7: In-Distribution and Out-of-Distribution evalu-
ation results with Fishr regularization after fine-tuning
on the Coin Flip 2 and Coin Flip 5 datasets. The legend
follows previous figures: blue, orange, and green corre-
spond to A = 0, 1000, and 10000, respectively.

for different model sizes. We see that as the num-
ber of parameters in the model increases, the per-
formance gap between OOD and baseline results
decreases. This suggests that smaller language
models struggle with reasoning and generalization,
often relying on pattern matching and other subop-
timal strategies.

6.3 Distill Step-by-Step + Fishr

We now use Fishr Regularization when finetuning
our model, within the Symbolic Reasoning tasks.
Figures 6, 7, and 8 show the in-distribution and
out-of-distribution evaluation results when finetun-
ing on various combinations of coin-flip datasets.
We plot the accuracies without any regularization
(blue) and with Fishr Regularization of A = 1000
(orange) and A\ = 10000 (green).

From these experiments we notice that increas-

Training: CF2+CF4+CF5

0.98

CF2 CF4 CF5 CF7 (OOD)  CF8 (00D) Average

Figure 8: In-Distribution and Out-of-Distribution evalu-
ation results with Fishr regularization after fine-tuning
on the Coin Flip 2, Coin Flip 4, and Coin Flip 5 datasets.
The legend follows previous figures: blue, orange, and
green correspond to A = 0, 1000, and 10000, respec-
tively.
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Symbolic Math NLI
CF2 CF4 SVAMP ASDiv ANLI1 e-SNLI
Distilling Step-by-Step 1.00  0.75 (OOD) 0.64 0.37 (OOD) 0.50  0.67 (OOD)
Baseline - 1.00 - 0.73 - 0.90
Few-Shot CoT LLM 1.00 0.90 0.79 0.74 0.66 0.73

Table 1: Performance comparison across datasets with Distilling Step-by-Step, Baseline, and Few-Shot CoT LLM.

Symbolic, Math, and NLI domains are evaluated.

ing the amount of Fishr Regularization appears to
lead to better generalization to OOD datasets. For
instance, in Figure 6 we see that when A = 10000,
CF5 and CF7 (both OOD) have an increase in per-
formance. In addition, the performance of the CF2
and CF4 in-distribution sets actually decreases or
stays the same. This follows the trend of gener-
alization, where the model gets better at evaluat-
ing OOD data, and perhaps some implicit tradeoff
causes the in-distribution performance to slightly
decrease. CF8 is OOD and does not follow this
trend, however, it could be argued that 8-person
coin flipping closely resembles 2- or 4-person
coin flipping, making CF8 significantly more "in-
distribution" compared to CF5 or CF7.

In Figure 6 we notice the performances of CF5
are far below 50% accuracy, which is strange given
that random guessing a coin flip should give around
50% accuracy. The model seems to deliberately
miscount the number of flips, and we hypothesized
that this was due to the parity of both in-distribution
datasets being even.

For example, it is possible that the model is
counting the number of people not flipping the
coin (hence counting the number of ’not’ tokens).
This would yield the correct answer in an even-
numbered coin-flip dataset but the exact wrong
answer in an odd-numbered coin-flip dataset. An-
other possibility is that the model determined the
flip state of the coin in some way before counting
the people, and then picked a number of people
whose parity matches the state of the coin. When
analyzing specific examples of coin flip, we saw
that it would correctly identify who flipped it and
the flip parity from the number of coin flippers, but
would sometimes count the number of coin flippers
incorrectly. This would suggest that the model re-
lies primarily on pattern matching to generate the
answer itself and the rationale.

This motivated additional experiments with dis-
tribution sets of CF2 + CF5 and CF2 + CF4 + CF5.

The results are shown in Figures 7 and 8. Using
both even and odd person coin flip datasets for fine
tuning appears to ameliorate this issue but does
not fully fix it. Figure 7 shows OOD performance
on CF4 is better but still below 50%. Figure 8
does not have many accuracies below 50%, but
an argument could be made that the Law of Large
Numbers comes into play, and the model is mostly
making guesses at random. That being said, we
do see glimpses of the generalization trend with in-
creased lambda as observed earlier, although not all
of the performance data follow this trend. Thus the
baseline models (no Fishr) tend to succeed more
on in-distribution datasets, whereas with Fishr reg-
ularization the models tend to succeed more with
out-of-distribution datasets.

7 Conclusion

In this work, we conducted comprehensive out-
of-distribution (OOD) experiments on smaller lan-
guage models across three domains: symbolic rea-
soning, mathematics, and natural language infer-
ence. Our findings reveal that these models strug-
gle significantly with OOD evaluation, suggesting
a reliance on behaviors such as pattern matching
rather than true chain-of-thought (CoT) reasoning.
Furthermore, we demonstrated that incorporating
Fishr Regularization can, in certain scenarios, en-
hance OOD performance in these smaller distilled
models.

We plan to extend our analysis of Fishr Regular-
ization to additional domains to assess its broader
applicability. Moreover, we aim to explore other
regularization techniques and model modifications
that claim to enhance generalization across diverse
domains. Through these efforts, we seek to ad-
vance the understanding of how language models
can be improved to reason, especially in OOD sce-
narios, ultimately contributing to the development
of more robust language models.
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Context Hypothesis Rationale

Eduard Schulte (4 January 1891 in Diisseldorf — 6 January 1966 in  Eduard Schulte is the  The context states that he is not the only

Ziirich) was a prominent German industrialist. He was one of the first  only person to wam  person to wan the Allies about the atroci-
to warn the Allies and tell the world of the Holocaust and systematic  the Allies of the atroc-  ties committed by the Nazis.
exterminations of Jews in Nazi Germany occupied Europe. ities of the Nazis

Kota Ramakrishna Karanth (born May 1, 1894) was an Indian lawyer ~ Kota  Ramakrishna  Although Kota Ramakrishna Karanth's

and politician who served as the Minister of Land Revenue for the Karanth has a brother brother is a novelist, we do not know if the
Madras Presidency from March 1, 1946 to March 23, 1947. He was  who was a novelist  brother is also a politician

the elder brother of noted Kannada novelist K. Shivarama Karanth. and a politician

Toolbox Murders is a 2004 horror film directed by Tobe Hooper, and Toolbox Murders is Both films are named Toolbox Murders
written by Jace Anderson and Adam Gierasch. It is a remake of the both 41 years old and one was made in 1978, one in 2004. Since
1978 film of the same name and was produced by the same people 15 years old. itis 2019 that would make the first 41 years
behind the original. The film centralizes on the occupants of an apart- old and the remake 15 years old.

‘ment who are stalked and murdered by a masked killer.

Figure 9: Examples from the ANLI dataset.

Premise: An adult dressed in black holds a stick.

Hypothesis: An adult is walking away, empty-handed.

Label: contradiction

Explanation: Holds a stick implies using hands so it is not empty-handed.

Premise: A child in a yellow plastic safety swing is laughing as a dark-haired woman
in pink and coral pants stands behind her.

Hypothesis: A young mother is playing with her daughter in a swing.

Label: neutral

Explanation: Child does not imply daughter and woman does not imply mother.

Premise: A man in an orange vest leans over a pickup truck.

Hypothesis: A man is touching a truck.

Label: entailment

Explanation: Man leans over a pickup truck implies that he is touching it.

Figure 10: Examples from the e-SNLI dataset.

Canwen Xu, Xiang Li, Yutao Sun, Dian Yu, Kai-

Wei Chang Wang, and Ying Nian Wu. 2023. Sym-
bolic chain-of-thought distillation: Small mod-
els can also "think" step-by-step. arXiv preprint
arXiv:2305.14327.

Eric Zelikman, Georges Harik, Yijia Shao, Varuna

Jayasiri, Nick Haber, and Noah D Goodman. 2024.
Quiet-star: Language models can teach them-
selves to think before speaking. arXiv preprint
arXiv:2403.09629.

Xunyu Zhu, Jian Li, Yong Liu, Can Ma, and Weiping

Wang. 2024. Distilling mathematical reasoning capa-
bilities into small language models.

A Datasets


http://arxiv.org/abs/2401.11864
http://arxiv.org/abs/2401.11864
http://arxiv.org/abs/2401.11864

