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Abstract

When pretrained language models (LMs) are
applied to discriminative tasks such as multiple-
choice questions, they place probability mass
on vocabulary tokens that aren’t among the
given answer choices. Spreading probability
mass across multiple surface forms with iden-
tical meaning (such as “bath” and “bathtub”)
is thought to cause an underestimation of a
model’s true performance, referred to as the
“surface form competition” (SFC) hypothesis.
This has motivated the introduction of various
probability normalization methods. However,
many core questions remain unanswered. How
do we measure SFC? Are there direct ways of
reducing it, and does doing so improve task
performance?

We propose a mathematical formalism for SFC
which allows us to quantify and bound its im-
pact for the first time. We identify a simple
method for reducing it—namely, increasing
probability mass on the given answer choices
by a) including them in the prompt and b) using
in-context learning with even just one example.
We show this method eliminates the impact of
SFC in the majority of instances. Our experi-
ments on three diverse datasets and six LMs re-
veal several additional surprising findings. For
example, both normalization and prompting
methods for reducing SFC can be ineffective or
even detrimental to task performance for some
LMs. We conclude with practical insights for
effectively prompting LMs for multiple-choice
tasks.!

1 Introduction

Large pre-trained autoregressive language models

(LMs) have shown success not only on genera-

tion, but also on classification and multiple-choice

(MC) tasks with pre-specified answer choices. To

succeed on such tasks, one must pay attention to
*Work done at AI2.

!Code available at https://github.com/allenai/
revisiting_surface_form_competition.
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Figure 1: Higher probability mass on given answer
choices (left; Eq. (5)) does not always translate to bet-
ter accuracy (right; Eq. (1)), as shown here for three
different prompt formats (x-axis; §6.3) each with one in-
context example. Results are averaged across MMLU,
OpenbookQA, and CommonsenseQA. Including answer
choices in the prompt substantially increases probabil-
ity mass on them. However, high probability mass is
surprisingly not always associated with increased ac-
curacy; in fact, it can lead to a substantial drop in
performance (e.g., for OPT 30B and GPT-3 curie).

what’s an acceptable answer choice® and what’s
not, i.e., understand the task format. This is accom-
plished relatively easily in the pretrain-and-finetune
paradigm (Dai and Le, 2015; Howard and Ruder,
2018; Raffel et al., 2020; Lewis et al., 2020), via
task-specific fine-tuning.’

However, in the zero- and few-shot prompting
paradigm, in which the model is provided only a
description or a handful of examples of the target
task in the input, it’s harder to ensure that the model

2E.g., True and False in Boolean question-answering.

3For example, a TS (Raffel et al., 2020) model fine-tuned
on question-answering tasks (UnifiedQA; Khashabi et al.,
2020) generates a given answer choice option on the Open-
bookQA validation set 99.4% of the time.
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generates only one of the answer choices associ-
ated with the given MC question. Most prior work
tries to circumvent this issue by ignoring generated
predictions and instead selecting the answer choice
that has the highest probability under the model
(“sequence scoring”’; Trinh and Le, 2018; Radford
et al., 2019; Brown et al., 2020, i.a.). This helps
to some extent, by ignoring any attention the mod-
els pays to tokens unrelated to the answer choices.
However, the problem persists as the model’s prob-
ability mass can still be split among various strings
or surface forms that are semantically equivalent
to a given answer choice. Holtzman et al. (2021)
propose that this phenomenon can result in under-
estimates of model performance, and refer to it as
the surface form competition (“SFC”) hypothesis.
Motivated by this, they propose to use a probability
normalization method, PMIpc, to address the SFC
issue, thereby (according to the SFC hypothesis)
increasing model performance. In the same spirit,
other probability normalization methods have been
proposed (Zhao et al., 2021; Malkin et al., 2022),
and their merit assessed via end task accuracy.

However, accuracy improvements may be at-
tributable to multiple sources. Without a metric
to directly measure SFC, it is difficult to assess
whether the increased accuracy is, in fact, a conse-
quence of reduced SFC, or something else.

To address this gap, we propose a mathematical
formalism for studying SFC and use it to investi-
gate the following four research questions.

1. How can we measure SFC? We propose to
measure total probability mass on answer choices
(abbreviated as PMA), and use it to upper bound
the extent and impact of SFC (§4).

2. How can we reduce SFC’s effect? Low
PMA is a consequence of an inherently under-
constrained output space that arises from the model
failing to understand the task format. We use this
observation to explain a simple way of increasing
PMA: in-context learning with prompts containing
answer choices (§5.1 and §5.2). We demonstrate
the success of this approach across 6 LMs and
3 MC datasets (87.1). We find, for instance, that
when using this prompt with instruction-tuned LMs
and just 2 in-context examples, on all 3 datasets,
SFC simply couldn’t have affected the prediction
in more than 5% of instances.

3. Does increasing PMA improve accuracy?
Surprisingly, not always! We provide an upper
bound on the maximum effect an increase in PMA

can have on task accuracy (§4.1). We find empiri-
cally (Fig. 1 and §7.2) that the alignment between
probability mass and accuracy isn’t as clear cut as
assumed in prior work (Holtzman et al., 2021)—
it depends heavily on the model. These experi-
ments also reveal that, contrary to common wisdom
among researchers, encouraging models to produce
answer choices by including them in the prompt
can counter-intuitively be detrimental to task per-
formance for LMs trained only on the next-token
prediction objective.

4. When do probability normalization meth-
ods improve accuracy? While the direct effect
of PMIpc on SFC is not easy to measure (§3.2),
we extend prior work by studying when PMIpc,
which was motivated by SFC and is complimen-
tary to our approach, improves accuracy on a
wider set of prompts and models. We find, con-
sistent with Holtzman et al. (2021), that PMIpc
increases accuracy when models are not shown an-
swer choices. However, this setting generally also
corresponds to low probability assigned to answer
choices. On the other hand, for the LMs that ben-
efit from seeing answer choices, which results in
high probability assigned to them, PMIp¢ scoring
generally reduces accuracy. This indicates that as
instruction-tuned LMs become more commonplace,
PMI-based scoring methods, inspired by intuitions
behind SFC (Holtzman et al., 2021), will likely
provide less utility.

We conclude by leveraging these insights to pro-
vide practical recommendations on how to maxi-
mize LM accuracy on multiple-choice tasks when
using zero- and few-shot prompting.

2 Related Work

While various methods have been proposed to im-
prove the accuracy of sequence scoring using prob-
ability normalization methods (Brown et al., 2020;
Zhao et al., 2021; Holtzman et al., 2021; Malkin
et al., 2022), none investigate a direct metric for
surface form competition and whether their meth-
ods alleviate it. To the best of our knowledge, we
are the first to systematically study the role of in-
context examples and prompt format on PMA, as
well as how PMA relates to accuracy.

Holtzman et al. (2021) show PMIpc (Eq. (4))
improves over sequence scoring accuracy in most
cases for GPT-2 and GPT-3 models of various
sizes in 0-shot and 4-shot settings. Somewhat
contradictorily, Brown et al. (2020) find that us-
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ing a version of PMIpc where the denominator is
Py(z|“Answer : "or“A :”) improves task perfor-
mance on the validation set for only 5 out of 17
datasets investigated. Zhao et al. (2021) propose to
fit a linear weight matrix and bias vector for classifi-
cation tasks with a shared label set, such that the la-
bels all have equal probability prior to observing x.
Malkin et al. (2022) add hyperparameters to Eq. (4)
that are fit on a dataset’s validation set, showing
further gains at test-time. Min et al. (2022) pro-
pose to score inputs given answer choices, which is
mathematically equivalent to PMIpc (§3.2). This
results in lower variance and better worst-case ac-
curacy on multiple-choice tasks in 0- and few-shot
settings for GPT-2.

Liang et al. (2022) investigate the effect of show-
ing answer choices in the prompt and applying
PMI based scoring (though not the combination of
the two). They find that the success of one method
over the other tends to vary by dataset and model.
Our results elucidate further that the overall capa-
bility of an LM may be a key factor in whether
PMI-based scoring improves accuracy or not.

3 Preliminaries

Given a task input x, a set of answer choices £, and
the correct answer y* € L, the goal of a multiple-
choice classification task is to correctly select y*.
x is often specified as a question ¢ and, optionally,
answer choices £ concatenated to q as one string.*

Let M be a generative model architecture with
learned parameters 6 and space of natural language
outputs V. In LMs, |V| > |L|, so generating a
prediction g from V without constraints does not
ensure that it is one of the given answer choices
(i.e., that § € L£). Instead, we can use a sequence
scoring approach to score each answer choice:

~Seq-Sc

7 = argmax Py(¢|x) (1)
l

€L

where Py(y) is the probability My assigns to output

y.> This is a common approach for performing

classification with generative LMs, as it ensures

~

5S¢ ¢ £. This will be our prediction setup.

“For instance, if z is a true/false question, £ may be
{True, False}. For a multiple choice question, £ may be
the set of (string) answers, their labels such as A/B/C/D, or
both, depending on the format used to pose the task to an LM.

For multi-token outputs y = 192 .. .Yk, wWe compute

Po(ylz) as [Ti_, Po(wilz,yr .. yic1).

3.1 Surface Form Competition (SFC)

An LM’s vocabulary contains many different
strings, or surface forms, representing the same
(or similar) semantic concept, but typically only
one representative string per concept is among the
given answer choices £. Formally, for each answer
choice ¢ € L, there exists a set of synonyms Gy
(containing ¢) that may be “stealing” probability
mass away from ¢, while ¢ is the only surface form
in Gy that is considered when computing accuracy
via Eq. (1). One can quantify the amount of the
resulting surface form competition as:

SFCy(L,z) =Y (Pe(gd:c) - Pg(m)) 2)
lel

We refer to Gy as a semantic equivalence class, fol-
lowing Kuhn et al. (2023). For example, if £ =
{4, B, C}, then there exist semantic equivalence
classes G4, Gp, and Go containing all synonyms of
A, B, and C, respectively. If A = whirlpoolbath,
G4 might be {whirlpoolbath, bath, bathtub, ...},
which are all generations the LM may use to ex-
press the semantically similar concept.

The SFC hypothesis put forward by Holtzman
et al. (2021) is that unresolved SFC results in an
underestimate of model performance. They pro-
vide an example of how SFC may lead to incorrect
predictions, which we extend and adapt in Fig. 2
(left): when LMs distribute probability mass across
surface forms such that Py(y*|z) < Py(¢|x) for
some incorrect ¢ € L, the model’s prediction will
be considered incorrect even if the fotal probability
placed by the model on the correct concept G+ is
higher than what it places on incorrect concepts.

To circumvent this issue, one may consider the
notion of an “SFC-free” prediction: compute the
most likely option among semantic equivalence
classes, rather than among specific surface forms:

§3reTee = argmax Py(Ge|z) 3)

lel

where Py(Gelz) = 3 g, Po(z|x). Alimitation of
this formulation, however, is that it is only possible
to compute §5FC¢ if the full membership of each
Gy is known, which is rarely the case. LM vocabu-
laries typically contain many tens of thousands of
tokens, many of which may be partial synonyms.®
This motivates the need for practical workarounds.

®Kuhn et al. (2023) use sampling and unsupervised cluster-
ing to approximate Py (Ge|z). This approximation, however,
is noisy by nature. They use it only to estimate semantic
uncertainty, not to improve task accuracy.
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A human wants to submerge themselves in water. What should they use?
Choices: Puddle, Whirlpool bath

Unconstrained Constrained

0.6 Bath @
Bathtub
Bath
£ 0.4 @ _
g Spill 0 Spill
> A puddle
52 A puddle
% Whirlpool bath
Bathtub
£ 02
Puddl
Puddle uddle
Whirlpool bath
0
Bath Puddle Bath Puddle

Semantic group Semantic group

Figure 2: Left: A visualization of the SFC hypothesis:
strings that are not answer choices can “steal” probabil-
ity from the correct answer choice (“whirlpool bath”),
leading to an incorrect prediction (“puddle”). Right:
LMs can be constrained to place more probability mass
on the answer choices (§5). So long as the probability
mass on other strings (1) is less than the difference in
probability mass between the top two answer choices
@ , SFC cannot affect a model’s prediction (§4.1).

3.2 PMIpc as a Workaround

Holtzman et al. (2021) propose the following alter-
native selection method, PMIDC:7
~PMI-DC

U = argmax Py(l]z)
ter  Po(0)

Intuitively, PMIpc measures the causal effect® of
the input = on the probability assigned to each
answer choice ¢, and selects 7 as the answer choice
on which x has the largest effect. The method is an
alternative scoring function; it doesn’t change the
underlying probabilities of the LM, Py.

It is unclear when §PMIPC — gSFCAree o
when Egs. (3) and (4) lead to the same, SFC-free
prediction. Holtzman et al. note that PMIpc is
mathematically equivalent to argmax,c » Py(z|().
This, in turn, should intuitively not be far from
argmaxyc » Py(x|G,) when £ is not directly men-
tioned in the question (which is the setting used
in PMIpc). In this case, the competition among
surface forms within G, would be alleviated. How-
ever, there is still no a priori reason for either
argmaxyc » Py(x|l) or argmax,. » Py(x|Gy) to be
the same as §SFC-°. Moreover, this view reveals a

“

"W.l.o.g., we ignore their use of a “domain context” string
in the denominator. See Appendix A.4.

81n the sense that it measures the multiplicative factor by
which the probability of ¢ increases upon observing z.

different competition, namely, among various ques-
tions x whose answer (according to the model) is £.
Specifically, a choice that the model thinks is more
“popular” (i.e., the answer to many questions) will
receive an artificially lower PMIpc score. Thus,
now different questions (rather than different sur-
face forms) compete for each answer choice.

4 How can we measure SFC?

Prior work has solely used the task accuracy metric
to evaluate approaches geared towards resolving
SFC. However, it is unclear whether task accu-
racy is an effective measure of the amount of SFC
present. In fact, as we will show later, task accuracy
is often not correlated with the amount of SFC.

While it is difficult to measure SFC (Eq. (2))
directly, we propose bounding it by considering the
model My’s probability mass on answer choices
or PMA, defined as follows:

PMAy(L,z) = > Py(f|z) )
el
We assume no surface form in £ is a prefix of
another, in which case PMAy (L, z) < 1 (see Ap-
pendix A.5 for a proof and empirical verification).
Intuitively, if a model is properly trained or in-
structed, it would place all probability mass on L,
resulting in PMAy (L, x) = 1. However, if SFC
exists, we would observe PMAy (L, x) < 1.
Combining Egs. (2) and (5) and observing that
> ver Po(Ge|z) < 1, we obtain a bound on SFC:

0 < SFCy(L,z) < 1—PMAy(L,z) (6)

4.1 When Can SFC Impact Accuracy?

The formulation of SFC as a measurable quan-
tity enables quantifying the maximum amount
by which it may impact a prediction. Specifi-
cally, the probability mass that does not fall on
L cannot affect the model’s final prediction if it
is less than the difference in probability between
the highest-probability answer choice, ¢, and the
second-highest-probability answer choice, ys € L.
The right-hand side of Fig. 2 illustrates this princi-
ple. For example, if the probability of ¢, “whirlpool
bath”, is 0.55 and the probability of y9, “puddle”,
is 0.35, then PMA = 0.9 and the remaining prob-
ability mass is 0.1. Even if all of this remaining
probability mass were on synonyms of “puddle”,
the probability of “puddle” would only increase to
0.45 should SFC be fully resolved, which would

not flip the prediction since it is still less than 0.55.
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Combining this observation with Eq. (6), SFC
simply cannot affect the output of My on x when:

1-— PMAg(ﬁ,l’) < Pg(@‘l’) — Pg(yglx) @)

Thus, one can completely remove the impact of
SFC on a model’s accuracy (i.e., achieve §5¢4-5¢ =
3SFC-freey by raising PMA high enough relative to
the gap between the probabilities of ¢ and y2; SFC
doesn’t have to be fully resolved (i.e., one need not
push all the way to PMA = 1).

5 How can SFC be reduced?

The quantities used in PMIpc do not represent a
valid probability distribution as they may exceed
1,” making it difficult to compute our proposed met-
ric PMAy(L, x). Is there a more straightforward
way to equate §/5°9-5¢ and §SFC-Tree?

5.1 Using In-Context Examples

One path forward is to somehow directly constrain
the model My such that Py(G|x) = Py(¢|z) for
all ¢/ € L, i.e., ensure that the answer choice ¢ is
the only synonym in G, to which Mj assigns a non-
zero probability mass. This, we posit, will occur
naturally when LMs are properly constrained or
instructed (see Fig. 1, left plot, right point).

One means to achieve this is to condition the
predictions of My on not only x but also on
some in-context examples eq,...,ex: §'CE =
argmaxyc, Py(l|x;eq,...,e;). Given that in-
context examples are already widely used in prac-
tice, this technique is simple and straightforward
to implement. Additionally, it allows one to easily
compute PMAy(L, x) for measuring the extent of
SFC. In §6, we demonstrate empirically that with
effective conditioning (prompt format and number
of in-context examples), using in-context examples
can significantly reduce SFC, and sometimes even
completely resolve it by satisfying Eq. (7).

5.2 Prompting With Answer Choices

A key design decision when choosing which format
to use to specify x (and optionally in-context ex-
amples eg, . . . , er) is whether to provide the model
only the question ¢ or also the answer choices L.

Our PMA metric can be used to provide insight
P;éflz’):) can, in principle, be viewed as the
unnormalized probability of /. However, turning it into a
proper probability distribution requires computing the nor-

malization factor P;;éfz),
sive and also unreliable, since LMs are generally not well-

calibrated on the long tail of low-probability tokens.

The quantity

which is prohibitively expen-

into this, by helping disentangle the contribution
that each of ¢ and £ makes to the task accuracy as
well as to reducing surface form competition.

Intuitively, conditioning the prediction on L
makes the model aware of what’s an answer choice
and what’s not. It can thus push the model towards
the specific surface forms contained in £, without
necessarily affecting model accuracy. This, by def-
inition, directly increases the probability mass on
answer choices. One can empirically quantify the
effect of exposure to £ by considering the gain
one observes in PMA and in accuracy when going
from Py () to Py(¢|L).

On the other hand, one would expect that con-
ditioning the prediction on ¢ pushes the model to-
wards the correct semantic concept, i.e., the se-
mantic equivalence class G* of the correct answer.
However, not knowing which specific surface form
£* appears in both G* and £, the model has no
reason to prefer ¢* over other equivalent surface
forms ¢ € G*\ {¢*}. Thus, conditioning on ¢ alone
can increase accuracy by increasing the probability
mass on G*, but it does not resolve SFC within
G*. We can, again, measure this by considering the
gain in PMA and accuracy when going from either
Py(£) to Py(£|q) or from Py(¢|L) to Py(¢|q, L).

6 Experiments

6.1 Models

We experiment with 6 models, described below.

Vanilla LMs These are models that are (to the
best of publicly-available knowledge) only trained
on the next-token prediction task. We experiment
on two GPT-3 base models (Brown et al., 2020)—
curie (~6.7B parameters) and davinci (~175B
parameters)— and one model whose weights are
publicly available, OPT 30B (Zhang et al., 2022).'°

LMs with Further Fine-Tuning We study two
instruction-tuned (Mishra et al., 2022, i.a.) mod-
els: FLAN-TS XXL (~11B parameters; Chung
et al., 2022), and the “original” InstructGPT
model, GPT-3 davinci-instruct-beta (~175B
parameters; Ouyang et al., 2022). We addi-
tionally test one ‘“‘state of the art” model, GPT-
3 text-davinci-0@3 (unknown # parameters).
FLAN-TS is based on the T5 architecture (Raf-
fel et al., 2020) and its weights are publicly

19Sizes and corresponding citations for GPT-3 models are
approximate; see OpenAl (2022).
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available. It has demonstrated comparable per-
formance to GPT-3 davinci despite being ~16x
smaller. We include davinci-instruct-beta to
study the effect of supervised instruction tuning
on a model of identical scale to davinci-base
that is also associated with a publicly-available re-
search paper.'! text-davinci-003 is (along with
text-davinci-002) a state-of-the-art model ac-
cording to the HELM benchmark (Liang et al.,
2022). See Appendix A.1 for further details.

6.2 Tasks

We test on three challenging multiple-choice tasks
that are open-vocabulary (i.e., each instance has
a unique set of answer choices). Examples of the
tasks are given in Appendix A.3; see also A.2.

OpenbookQA (Mihaylov et al., 2018) is a 4-way
multiple-choice elementary-level science question-
answering task. Random accuracy is 25%. The test
set has 500 instances. CommonsenseQA v1.11
(Talmor et al., 2019) is a 5-way multiple-choice
commonsense reasoning task. Random accuracy
is 20%. The test set is not publicly available; we
use the first 500 instances of the validation set.
Both OpenbookQA and CommonsenseQA were
explicitly included in the training data of FLAN-TS5.
MMLU (Hendrycks et al., 2021), or the “Massive
Multitask Language Understanding” benchmark,
spans 57 different topical areas. The questions are
4-way multiple-choice spanning subjects in social
sciences, STEM, and humanities that were manu-
ally scraped from practice materials available on-
line for exams such as the GRE and the U.S. Medi-
cal Licensing Exam. Many state-of-the-art models
perform poorly (random accuracy is 25%). We
evaluate on the first 20 test questions from each
category (1140 instances total).

6.3 Prompts

In-Context Examples We experiment with k£ =
0,1,2,4 and 8 in-context demonstrations, which
are the same for each instance, and selected as the
first k examples from a fixed set of 8. For curie,
davinci, and davinci-instruct-beta models,
we report the mean and standard error over 3 ran-
dom seeds used to select the set of 8 demonstra-
tions, since the choice of in-context demonstra-
tions can significantly affect performance (Lu et al.,
2022, i.a.). We select in-context examples from

"It has been hypothesized that davinci-instruct-beta
has been tuned directly from davinci checkpoint (Fu, 2022).

each dataset’s associated training set (combined
dev + validation sets for MMLU).

Prompt Format We experiment with three
prompt formats, corresponding to the format of
x in §5.2. The first, "¢", only contains the question
and is thus most similar to next-word prediction.
This is identical to the prompt used by Brown et al.
(2020). For example,

kinetics change stored energy into

The second format, “q + Lstring”, includes an-
swer choices as a string list and is similar to formats
included in PromptSource (Bach et al., 2022) used
to train FLAN-T5 and other models:
question: kinetics change stored energy into

answer choices: snacks, naps, kites, or warmth
The correct answer is:

For both of the above prompts, models score
or output the full string answer, e.g., warmth. The
third format, “q + Lenum”, includes enumerated
newline answer choices, similar to that used for
zero-shot evaluations in FLAN (Wei et al., 2022)
and FLAN-T5:

Question: kinetics change stored energy into
Choices:

A: snacks\n B: naps\n C: kites\n D: warmth
Answer:

Here, models score only the (single-token) sym-
bols, e.g., b. The full prompts are given in Ap-
pendix A.3, and their PMIpc denominators in A.4.

7 Results and Discussion

7.1 On Reducing Surface Form Competition

Fig. 1 (left), demonstrates the effect of choice of
prompt format on PMA (and hence SFC, Eq. (6))
in the one-shot setting. Across datasets, showing
answer choices in the “string” format leads to a
substantial increase in PMA, which reaches near-
100% for all models using the “q + Lenym” for-
mat. Zooming in on the role of in-context exam-
ples in Fig. 3 (dashed lines), we observe PMA
increases significantly for all models after seeing
only one in-context example that includes the an-
swer choices (bottom plot), and stronger models
such as text-davinci-003 and FLAN-TS exhibit
this behavior zero-shot. Trends also hold for Com-
monsenseQA and OpenbookQA (Figs. 9 and 10,
Appendix). The number of instances for which
the bound in Eq. (7) is satisfied and SFC is fully
alleviated are in Table 8 (Appendix A.6).
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7.2 Relationship between Surface Form
Competition and Accuracy

Fig. 1 (right), demonstrates the effect of the choice
of prompt format on accuracy in the one-shot set-
ting. While gains in PMA are consistent across
models, this is not the case for accuracy. Certain
models (curie, OPT 30B) actually achieve their
best task performance when their PMA is the low-
est, perhaps due to the g prompt being the closest
to the next-token prediction objective. For others
(davinci, davinci-instruct-beta), accuracy is

X=q
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Figure 3: MMLU test set accuracy (Eq. (1); solid lines)
and average PMA (Eq. (5); dashed lines) as a function
of number (x-axis) and format (by graph) of in-context
examples, for six pretrained LMs.

stable across prompts, even while PMA substan-
tially increases. Seeing the answer choices in the
prompt is crucial to achieving good accuracy with
text-davinci-003 and FLAN-TS, likely due to
their instruction tuning. Thus, showing answer
choices does not guarantee improved accuracy,
especially for vanilla LMs.

We can also observe this lack of positive cor-
relation from the angle of in-context examples
(Figs. 3, 9 and 10). While PMA increases with
more in-context examples, accuracy is relatively
stable across all models and prompt formats.

100 - Model e OPT30B
e tdv-003 Prompt Format
80 flan-t5-xxI e g
@ dv-ins-beta ® g+ Lstring
® davinci m g+ Lenum m
> i X0
&> 604 @ cure %
®©
5 o®
8 °®_ Fi
< 40 A 95(‘;9 " ;‘ * x,@.’i =
& x x x| x X%
L
201 :
0 4
0 20 40 60 80 100
Avg. PMA

Figure 4: The relationship between task accuracy and
average PMA (Eq. (5)) for the MMLU test subset (for
0, 1, 2, 4, and 8 in-context examples). See Fig. 7 in
Appendix A.6 for CommonsenseQA and OpenbookQA,
and Table 1 for Spearman’s correlations.

Fig. 4 shows a shared scatterplot where each
datapoint is a model result. The graph further
illustrates the lack of correlation between in-
creases in PMA (x-axis) and increases in accu-
racy (y-axis), especially in the bottom portion
where PMA increases without any shift in y-
axis position. In Table 1, we observe further
evidence that PMA and accuracy are very nega-
tively correlated in the case of curie and OPT
30B, and very positively correlated in the case of
FLAN-TS and text-davinci-@03. davinci and
davinci-instruct-beta exhibit highly variable
correlation, indicating that the choice of LM modu-
lates the PM A-accuracy relationship.

7.2.1 Role of Different Parts of the Input

In Fig. 5, we follow the methodology proposed in
§5.2 and break down the zero-shot contributions
to probability mass and accuracy of question g vs.
answer choices £ when included in the prompt.
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Model

Dataset curie OPT30B davinci davinci-instruct-beta FLAN-T5 text-davinci-003
MMLU —-0.84 —-0.84 0.45 0.47 1.00 0.98
CommonsenseQA | —0.88 —-0.91 —0.62 —0.63 1.00 0.86
OpenbookQA —0.50 —0.42 0.78 0.84 1.00 1.00

Table 1: Per-model Spearman’s correlations between avg. PMA and accuracy (as plotted in Figs. 4 and 7). Bold:
results are statistically significant at p < 0.05 for a two-sided hypothesis test.

curie

100

mm Acc. (1largmaxep(|x) =y])  mmm Avg. PMA ( 3 p(f]x))
Lec

80 78.84

69.61

L string L enum q q+ £5triﬂ9q + Lenum
text-davinci-003
100 98.26 99.77

80

60

40

20

Lenum a

L string a+ £5trin9q 4+ Lenum

Model Input x

Figure 5: Zero-shot results on the MMLU test set: accu-
racy (Eq. (1); blue) and PMA (Eq. (5); orange) averaged
over dataset instances. Observing answer choices in the
prompt contributes far more to PMA than observing
the question, confirming our hypothesis in §5.2. Even
without observing the question, all models place a sub-
stantial amount of probability mass on answer choices
after observing them in the prompt (see Fig. 11 for other
models, and Appendix A.3 for prompt details).

We find that conditioning P (¢) on L (i.e., con-
sidering P»(¢|L)) substantially increases PMA
(67.23% vs. 0% PMA on average for MMLU; the
accuracy of both is similar, at 24.17% and 30.1%,
resp. (5.93% absolute gain)). On the other hand,
conditioning either of these probabilities further on
q (i.e., considering Py(¢|q) or Py(¢|q, L)) provides
a very small gain on PMA (2.97% absolute) as
opposed to 11.88% accuracy gain on average for
MMLU. This indicates that conditioning on q is
not an effective way to increase PMA (or decrease
SEFC). Overall, observing ¢ plays a larger role on
accuracy while observing £ plays a larger role on
in increasing PMA. In other words, observing ¢

appears to raise the relative probability of y* by re-
distributing mass among the members of £, while
observing L helps to raise the absolute probabil-
ity given to £ (i.e., PMA). Results hold for other
models and datasets (Figs. 11 to 13).

7.3 When does PMIpc improve accuracy?

Our experiments provide further insight into when
normalization methods like PMIpc may succeed.
Fig. 6 (also Fig. 8) illustrates how much PMIpc
affects accuracy for each dataset.

Whether PMIpc improves accuracy for a model
seems tied to the largest PMA achieved by some
prompt for that model as well as the model’s
overall performance: lower PMA and lower
accuracy imply higher gains from PMIpc. Indeed,
PMIpc always improves accuracy when answer
choices are not observed in the prompt (Figs. 6b
and 8), and the extent of gain is fairly consistent
for each dataset across number of in-context
examples and models. However, as established
earlier, prompting without answer choices often
results in the worst accuracy for strong models.
Fig. 6a plots the difference between the best
accuracies using each method; gains are relatively
muted, except for OpenbookQA. Additionally,
PMIpc generally (though not always) leads to
significant accuracy drops for the strongest models
(text-davinci-003 and FLAN-TS).

Tabular results for all experiments are in Ta-
bles 9 to 11 (Appendix). For curie, davinci, and
davinci-instruct-beta, we include standard er-
ror over 3 random seeds for example selection. The
effects of random seed are generally negligible.

8 Conclusion

We take a novel approach to studying the effects of
prompt format, in-context examples, and model
type on probability assigned to answer choices
and its relationship with end task performance, by
proposing a new formalization of surface form com-
petition and a quantifiable metric (PMA). This is
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an important step towards understanding and im-
proving the use of LMs for discriminative tasks.
Our findings shed light into the role of probability
distributions in model performance. They also chal-
lenge intuitive assumptions such as showing answer
choices for MC tasks is always beneficial, which
is a common practice (Hendrycks et al., 2021; Rae
et al., 2021; Hoffmann et al., 2022, i.a.).

Practical Insights: We find that the best way to
use vanilla LMs in multiple-choice settings is to
provide a string prompt without answer choices and
apply probability normalization. For instruction-
tuned models, on the other hand, answer choices
should be shown and in an enumerated prompt
format, and probability normalization should not
be used. More generally, our results reveal that

Izo

OPT 30B - 1.6 0.4
-15
curie - 3 4.2 10
davinci "5
avinci - 0.47 2.7
-0
dv-ins-beta - 1.5 3.7 s
flan-t5-xxl - -9 -7.6 -—10
-—15
tdv-003 - -11 2.4 0.6
-20
MMLY

A A
CommO“SenSe%Pe“bOO\(Q
(a) Best across prompts

OPT30B-g- 22 0.79 1.2 2.3 1.6
g+ Lstring - -3.8 2.3 2.6 4.2 2.4
g+ Lenum- 2 0.53 1.3 2.6 2.6

I30

curie-q- 22 27 36 4 2.9 -20
g+ Lstring - 1.1 -0.18 0.73 -0.7 -0.9
q+ Lepum- 6.8 3.3 2.9 4 2
davinci-q- 35 33 3 35 36 -10
q + Lstring - -4.2 -6.5 -7.8 7.8 -7.8
g+ Lenum- -9 -12 -13 -14 -14
dv-ins-beta-q- 4 4.1 4.5 3.9 3.4 -0
g+ Lstring - -5.5 -6.7 -6.8 -8.1 =7
g+ Lepym - -11 -10 11 -12 13
flan-t5-xxl - q - 5 57 46 6 5.5 -—10
g+ Lstring 4 -13 -13 -14 -14 -14
q + Lenum - -16 -16 -16 -16
tdv-003-g- 58 44 46 56 51 -—20
g + Lstring - -8.1 -9.2 9.5 -10 -13 I
g+ Lenum - 9.7 -12 -13 -12 -14 30
0 1 2 4 8
(b) MMLU

Figure 6: Accuracy changes achieved by using PMIpc
(Eq. (4)) over standard sequence scoring (Eq. (1)). Top:
Differences in the best accuracy achieved by PMIpc
(Eq. (4)) and the best achieved by sequence scoring
(Eq. (1)) across prompt settings for each model (y-axis)
and dataset (x-axis). Bottom: full detail results for
MMLU; other datasets are in Fig. 8.

efforts to increase probability assigned to answer
choices via prompting methods can have surpris-
ingly negative effects, and that scoring methods can
drastically affect the conclusions we reach about
an underlying LM’s fundamental capabilities. We
advocate future work to look into length normaliza-
tion as another understudied scoring mechanism.

Limitations

As with all papers using GPT-3 models, there is
some stochasticity on the backend of the OpenAl
API that researchers cannot control (studied in
more depth by Ruis et al. (2022)). This means
that results may vary from run to run, hampering
reproducibility. In our setting, we find the effects
to be very small in practice.

Additionally, in this work we only investigate
open-vocabulary multiple-choice QA tasks. Future
work might consider a broader suite of tasks or
tasks where the answer choices are shared across
instances, as in-context examples may have a larger
effect on PMA or accuracy in that setting. Further-
more, we do not consider any directly comparable
models for reaching conclusions about instruction
tuning (base model — instruction-tuned) due to
a lack of publicly available ones at the time this
research was conducted; such an experiment would
allow more concrete claims about the effect of in-
struction tuning and relationship with PMIp¢ to
be made.

Finally, there are other probability normalization
variants that differ from standard PMIpc in subtle
ways (cited in §2). We only compare against the
most straightforward (and common) implementa-
tion here.

Ethics and Broader Impacts

This paper investigates the interplay between prob-
ability mass on vocabulary items and accuracy in
zero-shot- and few-shot-prompted autoregressive
language models. Our efforts show that investiga-
tions into output scoring functions can change the
conclusions drawn about the capabilities of mod-
els, which we believe is an important part of better
understanding how to reliably and adequately use
these systems. The existing NLP benchmarks used
both have limitations in their dissimilarity to real-
world use cases of LMs (Raji et al., 2021), and in
the means in which they were collected, for exam-
ple by scraping (potentially copyrighted) material
off of the internet in the case of MMLU. The use
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of copyrighted material in the training and testing
of Al systems is currently unsettled (Levendowski,
2021; Callison-Burch et al., 2023).
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A Appendix

A.1 Implementation Details

We use Huggingface Datasets (Lhoest et al., 2021)
and Huggingface Transformers (Wolf et al., 2020)
for implementation. All GPT-3 models were
queried via the OpenAl API (https://beta.openai.
com) between January and May 2023.

A.2 Nature of Datasets for Each Model

For models trained only on the autoregressive next-
token prediction objective (curie, davinci, and
OPT 30B (Zhang et al., 2022)), in theory the Open-
bookQA and CommonsenseQA datasets have not
been seen in during training. However, guarantees
would require access and indexing of the training
corpora, which are not publicly available for the
GPT-3 models. Additionally, due to the fact that
training data was scraped for these models up to
and including 2019 (Brown et al., 2020), it is pos-
sible there is some leakage in the training corpus.

For the instruction-tuned models, the authors of
FLAN-T5 (Chung et al., 2022) explicitly report the
datasets which are used and not used during train-
ing, and we report these details in §6.2. As for
InstructGPT instruct-davinci-beta (Ouyang
et al., 2022), the following details are given about
its supervised instruction tuning training dataset
(emphasis ours):

“...The SFT dataset contains about 13k
training prompts (from the API and
labeler-written)...To give a sense of the
composition of our dataset, in Table 1
we show the distribution of use-case cat-
egories for our API prompts (specifi-
cally the RM [reward modeling] dataset)

as labeled by our contractors. Most of
the use-cases have (sp) are generative,
rather than classification or QA. These
prompts are very diverse and include
generation, question answering, dia-
log, summarization, extractions, and
other natural language tasks (see Table
1)

In Table 1, generation makes up 45.6% of the
dataset, followed by open QA at 12.4%. Closed
QA is a relatively small percentage of the training
set, at 2.6%, and classification 3.5%, providing
some possibility that the tasks we study are out-
of-domain/zero-shot (though these exact numbers
are reported on the reward modeling dataset, not
the one used for instruction tuning, and these are
not guarantees due to the proprietary nature of the
dataset). No details are given about the datasets
used to train text-davinci-003 (OpenAl, 2022).

A.3 Prompt Details

Exemplar prompts containing 4 in-context demon-
strations (for 1 of the 3 random seeds used) are
given in Tables 2 to 4 for OpenbookQA and Ta-
bles 5 to 7 for CommonsenseQA. The last instance
shown is the test instance, which the model com-
pletes with an answer prediction. For each random
seed, 8 demonstrations are drawn from the training
set of each dataset. When fewer demonstrations
(0-4) are used, the first k are taken and the prompt
otherwise stays the same.

Role of Different Parts of the Input In Figs. 5
and 11 to 13, when prompts do not include ¢, we
use the same prompts as in §6.3, minus the ques-
tion.

For example, when = Lring:

answer choices: snacks, naps, kites, or warmth
The correct answer is:

When = Lenum:

Choices:
A: snacks
B: naps
C: kites
D: warmth

Answer:

E3]

When x = None, the prompt is simply “?
to avoid an empty context, which the OpenAl API
does not allow.

A4 Computing PMIpc

In Holtzman et al. (2021), the denominator of
Eq. (4) is actually computed as Py(¢|d), where d
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Bears will always have longer life cycles than a fox

If a river is rushing southwest on a sunny day, then it is safe to assume that the land gently inclines in that direction
After the moon phase where you can see nothing of the moon, what comes next? the first quarter

kinetics change stored energy into motion and warmth

A person wants to start saving money so that they can afford a nice vacation at the end of the year. After looking
over their budget and expenses, they decide the best way to save money is to

Table 2: One of three “q” prompt templates used for OpenbookQA, containing 4 in-context demonstrations and one

test instance.

Let’s answer science questions.

question: Bears will always have longer life cycles than a

answer choices: tortoises, whales, elephants, or fox
The correct answer is: fox
#i#

question: If a river is rushing southwest on a sunny day, then it is safe to assume that
answer choices: southwest is a good place to be, the land gently inclines in that direction, the world is mostly land,

or the land is supple

The correct answer is: the land gently inclines in that direction

H#H#H#

question: After the moon phase where you can see nothing of the moon, what comes next?
answer choices: the full moon, the last quarter, the first quarter, or the half moon

The correct answer is: the first quarter
it

question: kinetics change stored energy into motion and

answer choices: snacks, naps, kites, or warmth
The correct answer is: warmth
it

question: A person wants to start saving money so that they can afford a nice vacation at the end of the year. After
looking over their budget and expenses, they decide the best way to save money is to
answer choices: make more phone calls, quit eating lunch out, buy less with monopoly money, or have lunch with

friends
The correct answer is:

Table 3: One of three “g+ L¢ring” prompt templates used for OpenbookQA, containing 4 in-context demonstrations

and one test instance.

represents some “‘domain context” string. In their
implementation, d is the phrase “ the answer
is:”. A context is necessary practically when
querying the OpenAl API as well, as they do not
allow queries with empty contexts, presumably
to avoid revealing model weights. In our setting,
we follow the prompt format to determine d. For
x =4q,d =7 7 (to avoid an empty context).
Otherwise, d is the last line of the prompt— for
x = q + Lstring, d = “The correct answer is:
? and for x = ¢ + Lenum, d = “Answer: ”

Following Holtzman et al. (2021), Py(¢|d) is
always computed zero-shot, even when the numer-
ator has in-context examples. We follow this de-
sign, as it is unintuitive to include in-context exam-
ples that do not contain a question, such as “The
correct answer is: birds
The correct answer is: dogs
The correct answer is: 7, and unclear how
this would better calibrate a model’s predictions.

We experimented with a “label-conditional” do-

main context where we included answer choices in
d when the prompt contained them, but found this
version of PMIpc, y = %, to underperform

the version without answer choices.

A.5 Proofs

We say that a string y forms a prefix of a string
yify=wy...ypandy = y1...yk...ym for
k < m. We call a set S of strings prefix-free if no
string in .S is a prefix of another string in S. We
show below (using two alternative arguments) that
the total probability mass assigned by a language
model My to a prefix-free set is at most 1. Note
that the prefix-free condition is necessary for the
upper bound of 1 to hold in general.

Proposition 1. For any prefix-free set S of strings
and any z, 3, s Po(y|z) < 1.

It follows that if the set £ of answer choices is
prefix-free, then PMAy (L, z) < 1.

The idea behind the first proof of Proposition 1
is that if multiple strings in S' share a common max-
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The following are elementary-level multiple-choice questions about science. For the question below, select the most

suitable answer from the 4 options given.

Question: Bears will always have longer life cycles than a

Choices:
A tortoises
B: whales
C: elephants
D: fox
Answer: D

Question: If a river is rushing southwest on a sunny day, then it is safe to assume that

Choices:
A: southwest is a good place to be
B: the land gently inclines in that direction
C: the world is mostly land
D: the land is supple
Answer: B

Question: After the moon phase where you can see nothing of the moon, what comes next?

Choices:
A the full moon
B: the last quarter
C: the first quarter
D: the half moon
Answer: C

Question: kinetics change stored energy into motion and

Choices:
A: snacks
B: naps
C: kites
D: warmth
Answer: D

Question: A person wants to start saving money so that they can afford a nice vacation at the end of the year. After
looking over their budget and expenses, they decide the best way to save money is to

Choices:
A: make more phone calls
B: quit eating lunch out
C: buy less with monopoly money
D: have lunch with friends
Answer:

Table 4: One of three “q+ Lepum” prompt templates used for OpenbookQA, containing 4 in-context demonstrations

and one test instance.

imal prefix, the token that immediately follows that
common prefix must be distinct across the strings
(because S is prefix-free). It follows from this that
the fotal probability of those strings sharing the
prefix is no more than the probability of the com-
mon prefix itself. We can use this observation to
repeated reduce S into strictly smaller sets that re-
tain the invariant of being prefix-free and upper
bound the total probability of the original S. The
process end when no two strings share a common
prefix, at which point, the upper bound of 1 follows
immediately. Formally,

Proof via maximal common prefixes. Let
Yy1y2 ...y denote the k tokens comprising a
string y € S, where k£ = |y| is the length of y.

Recall that Py(y|z) = [1%, Po(vilz,v1 - .- yio1).
We thus have Py(y|z) < Py(y1...y|z) for any
[ < k. In particular, Py(y|x) < Py(y1|x).

If it’s the case that the first tokens of all strings
y € S are distinct, then ¢ Py(y1|z) < 1 since
Py is a probability distribution over tokens. It fol-
lows that > ¢ Py(y|z) < 1, finishing the proof.

If the first tokens are not all distinct, then there
must exist at least two strings in .S that share a com-
mon prefix. We can therefore identify a maximal
prefix p and a subset S’ C S with |S’| > 2 such
that all strings in S’ begin with the prefix p, while
none of the ones in S\ S’ do. Since p is a maximal
prefix, the tokens y, 1 of strings y € S’ that im-
mediately follow p must all be distinct. Following

yes
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Fabric is cut to order at what type of seller? tailor shop

Where are you if your reading magazines while waiting for a vehicle on rails? train station

What would need oil to be used? combustion engines

What is person probably feeling that plans on stopping being married to their spouse? detachment
A revolving door is convenient for two direction travel, but it also serves as a security measure at a what?

Table 5: One of three “¢” prompt templates used for CommonsenseQA, containing 4 in-context demonstrations and

one test instance.

Let’s answer commonsense reasoning questions.

question: Fabric is cut to order at what type of seller?

answer choices: hardware store, curtains, tailor shop, clothing store, or sewing room

The correct answer is: tailor shop
it

question: Where are you if your reading magazines while waiting for a vehicle on rails?
answer choices: bookstore, vegetables, market, doctor, or train station

The correct answer is: train station
H#iHt
question: What would need oil to be used?

answer choices: service station, ground, human body, repair shop, or combustion engines

The correct answer is: combustion engines
it

question: What is person probably feeling that plans on stopping being married to their spouse?
answer choices: wrong, detachment, bankruptcy, sad, or fights

The correct answer is: detachment
HiHt

question: A revolving door is convenient for two direction travel, but it also serves as a security measure at a what?
answer choices: new york, bank, library, department store, or mall

The correct answer is:

Table 6: One of three “q + Lyring”” prompt templates used for CommonsenseQA, containing 4 in-context demon-

strations and one test instance.

the argument used earlier, we have:

Z Po(ylz) < Z Po(y1 - - Ypp|+117)

yes’ yes’

= Z Po(py|p|+117)

yes’

= Poplz) Po(yppi1|2p)
yeSs’

= Py(plz) > Po(yppj+1lzp)
yeSs’
< Py(plz)

where the last inequality holds because P is a
probability distribution and the tokens yj, 41 are
all distinct as observed above. Now consider the set
T =(S\S") U{p},ie., the original set S except
with all strings beginning with the prefix p replaced

with a single string p. Observe that:

Y Rilylz)= > Palyle)+ > Piyle)

yeSs yeS\S’ yes’
<(X Pyln) + Polola)
yeS\S’
= Z Py(y|z).
yeT

That is, the total probability mass over strings in .S
is upper bounded by that on strings in 7". Further, T’
contains p and has size |S| — |S’| + 1, and we know
|S’| > 2. Thus, 1 < |T| < |S|. If |T'| = 1, we im-
mediately have 3 . Py(y|z) < 1 and the proof
is complete. Otherwise, we observe that 7' is also
prefix-free just like S, so we can simplify .S to be T’
and repeat the process of checking the distinctness
of first tokens, identifying the maximal prefix, and
further upper bounding the probability mass on S.
Since each iteration of this process reduces the size
of S by at least 1, the process must terminate with
|S| = 1, at which point we conclude that the total
probability mass on the reduced S—and hence on
the original S—is at most 1, as claimed. 0
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An alternative argument for proving Proposi-
tion 1 is to expand the set S into a larger set T’
such that (a) the total probability mass on .S is the
same as that on 7" and (b) all strings in T" are of the
same length, say k. We can then observe that the
total probability mass on 7' is upper bounded by
the probability mass on all strings of length k, and
argue that the latter is exactly 1.

Proof using length normalization. Let k denote
the length of the longest string in S and ) denote
the token vocabulary. For any string y of length at
most k, let Z;j denote the set of all possible exten-
sions of y to strings of length exactly k. We first

argue that Py(y|z) = Eylezfj Py(y'|x):

Z Po(y'|z)

y’EZl’j
= Z Z Pg(yylly|+1 VAL
y|/y|+1ev y;EV
=Pylylz) D D Polyfypalry) x ...
yl’y‘HEV Y, EV

X Py(yiley .. yh_1)

=Py(yle) | Y. Polylyaley) | x .

!
Yy +1€Y

X Z o Py(yilzy - yhq)
Y, EV
=Py(ylz) x I x...x1
= Py(y|z)
where the equality with 1 in the second-last line

follows because Pj is a probability distribution
over tokens in V.

Now define an expanded set 7" as the set of all
expansions of strings in S to strings of lengths ex-
actly k. Since S is prefix-free, all of these expanded
strings are distinct. Thus, it follows from the above
argument that the total probability mass on S is the
same as that on 7T'. Lastly, the probability mass on
T is clearly upper bounded by that on all length-k
strings, which itself is exactly 1 (using the same
argument as in the second-last line of the derivation
above). Therefore, the total probability mass on .S
is upper bounded by 1. O

Empirical Verification of Prefix-Free Assump-
tion Empirically,'> only 24/1140 MMLU in-
stances contain an answer choice that is a prefix
of another answer choice in £, 5/500 in Common-
senseQA, and 0/500 in OpenbookQA. In the case
of MMLU, 24 instances is an upper bound since
many of the prefix answers are numeric; whether
the answer choices are true prefixes would depend
on the model’s tokenizer (e.g., whether “2” and
“200” have the same first token after tokenization
will vary).

A.6 Additional Results

e Table 8 contains the tables of bound satisfac-
tion (Eq. (7)) for all datasets.

e Table 9 contains tabular results for MMLU;
Table 10 for CommonsenseQA and Table 11
for OpenbookQA.

* Fig. 7 contains scatterplots for Common-
senseQA and OpenbookQA.

* Fig. 8 contains PMIpc vs. sequence-scoring
accuracy heatmaps for OpenbookQA and
CommonsenseQA.

* Figs. 9 and 10 contain line graphs for Com-
monsenseQA and OpenbookQA, respectively.

* Figs. 11 to 13 show barcharts for accuracy
and probability mass on given answer choices
conditioned on various combinations of in-
dependent variables in the prompt, for all 3
datasets.

12 After removing instances where two answer choices are
duplicates, which is an artifact of dataset collection that can
easily be resolved (1 instance in MMLU, 10 in Common-
senseQA, and 0 in OpenbookQA).
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Figure 7: A scatterplot showing the relationship between average PMA and task accuracy for 0, 1, 2, 4 and 8
in-context examples. Note these datasets are explicitly in-domain for FLAN-TS5. See Figure 4 for more info.
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Figure 8: Accuracy changes achieved by using PMIpc (Eq. (4)) over standard sequence scoring (Eq. (1)). Full
accuracy scores are in Tables 9 to 11.
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The following are multiple-choice questions about everyday situations. For the question below, select the most
suitable answer from the 5 options given.

Question: Fabric is cut to order at what type of seller?
Choices:

A: curtains

B: tailor shop

C: clothing store

D: sewing room

E: hardware store
Answer: B

Question: Where are you if your reading magazines while waiting for a vehicle on rails?
Choices:

A: vegetables

B: market

C: doctor

D: train station

E: bookstore
Answer: D

Question: What would need oil to be used?
Choices:

A: ground

B: human body

C: repair shop

D: combustion engines

E: service station
Answer: D

Question: What is person probably feeling that plans on stopping being married to their spouse?
Choices:

A: detachment

B: bankruptcy

C: sad

D: fights

E: wrong
Answer: A

Question: A revolving door is convenient for two direction travel, but it also serves as a security measure at a what?
Choices:

A: bank

B: library

C: department store

D: mall

E: new york
Answer:

Table 7: One of three “q + Lepnum” prompt templates used for CommonsenseQA, containing 4 in-context demon-
strations and one test instance.
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Prompt # In-Context Demonstrations
Model Name Format Dataset 0 1 2 4 8
MMLU 0.18 0.88 0.61 1.05 2.19
q CommonsenseQA | 0.0 0.0 1.2 2.6 3.6
OpenbookQA 0.6 0.4 0.6 0.6 0.4
OPT 30B MMLU 6.23 37.54 40.53 45.26 49.21
q + Lstring | CommonsenseQA | 2.4 29.4 38.2 47.2 52.2
OpenbookQA 4.8 25.8 42.4 45.2 48.6
MMLU 3.68 78.25 78.25 82.81 88.6
q+ Lepum | CommonsenseQA | 0.0 54.6 63.4 74.6 78.2
OpenbookQA 0.2 65.2 78.2 78.0 85.4
MMLU 0.35 1~37O.56 1‘20,94 0‘940.56 0‘91()‘13
q CommonsenseQA 0.0 0.070_12 0‘60_53 2.130.5 3.80_4
OpenbookQA 0.4 0.40.0 0.40.0 0.40.0 0.470.12
. MMLU 3.86  25.111.7 30.1299  38.01158 44.5306s
GPT-3 curie (~6'7B) q-—+ L"string CommonsenseQA 1.8 28.271‘21 32~0(].6 37.872,31 40.84‘13
OpenbookQA 1.2 21.610.89 35.07127  36.611.48  32.86.92
MMLU 0.0 78.8329¢ 86.050.79 91.08ps2  93.620.99
q + Lepum | CommonsenseQA | 0.0 71.87117 82871106 98.27p.12  98.00.53
OpenbookQA 0.0 76.8710‘85 84.5311,27 91.274,95 91.671,17
MMLU 053 2.75(].28 2-49().98 3.33(]‘46 4-62[)'4
q CommonsenseQA | 0.0 1.81.71 4.530.31 6.130.58 7.3313
OpenbookQA 0.2 0.730.31 0.40.2 0.40.35 0.60.2
GPT3 davinei (~175B MMLU 2.89 51.871.4 59.071.7  64.06172 66.81;1.95
-3 davined (-175B) | 4 £ e | CommonsenseQA | 6.8 618512 6233187 67.531008  TAdgor
Opel’lbOOkQA 4.0 48.4713_27 67.7312‘91 61.7311(71 64.076_74
MMLU 1.14  88.19163 94.210.09 96.70.73  98.360.42
q+ Lenum | CommonsenseQA | 0.0 87.673.14 96.2¢.2 97.80.2 98.4¢0.4
OpenbookQA 0.0 92.81_59 96.730.7 97.8053 99.00453
MMLU 0.88 1.340.53 2.10.85 2.690.05 4.24¢0 37
q CommonsenseQA | 0.0 3.071.36 5.40.6 6.730.42 7.00.87
OpenbookQA 0.4 0.870.31 0.670,23 0.60.2 0‘730412
davinci-i " MMLU 32.72 65.56177 68.89098 70.85057 72.750.05
avinci-instruct-beta g+ Lstring | CommonsenseQA | 46.8  69.07716  76.04.57 79.63.34 80.84.2
OpenbookQA 36.4  60.9316.15 70.1310.72 68.8792 72.05.96
MMLU 20.79 93.71p36 95.94034 96.35068 97.920.86
q + Eenum CommonsenseQA 15.6 94.8(].35 97.2(),35 98‘0(),4 98.13[),42
Opel’lbOOkQA 33.4 95482_03 98.20_35 99.00_53 99.00_4
MMLU 0.79 1.05 1.75 1.58 2.28
q CommonsenseQA | 3.4 5.0 6.0 6.0 7.8
OpenbookQA 0.6 0.8 0.6 0.6 0.6
FLAN-TS-XXL (11B MMLU 85.96 88.86 89.74 90.18 90.79
IS-XXL(HB) |y 2 g | CommonsenseQA | 98.0  99.4 99.4 99.0 98.6
OpenbookQA 95.6 95.2 96.4 97.4 96.8
MMLU 98.86 98.33 98.68 98.68 98.33
q+ Lenuwm | CommonsenseQA | 99.2 99.2 99.4 99.4 99.0
OpenbookQA 99.8 100.0 100.0 99.6 100.0
MMLU 0.88 3.77 7.11 9.47 10.61
q CommonsenseQA | 0.0 11.6 19.6 18.8 19.6
OpenbookQA 1.6 1.6 1.8 2.6 3.0
davinei MMLU 91.75 94.56 95.96 96.67 96.93
text-davinci-003 (+ Lapring | CommonsenseQA | 80.4  92.8 91.8 93.2 93.4
OpenbookQA 82.0 94.4 93.6 94.0 95.2
MMLU 99.91 100.0 99.91 100.0 99.82
q+ Lepum | CommonsenseQA | 99.8 100.0 100.0 99.8 100.0
OpenbookQA 99.8 100.0 99.8 99.8 100.0

Table 8: % of instances for which Eq. (7) is true and thus SFC could not have affected the model’s prediction, shown
here for all combinations of models, datasets, and prompt formats considered.
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Prompt # In-Context Demonstrations

Model Name Format Metric | 0 1 2 4 8
Accuracy 32.98 33.86 34.74 34.56 35.26
q PMIpc Acc. | 35.18 34.65 35.96 36.84 36.84
Avg. PMA 0.74 2.53 3.35 5.12 5.93
OPT 30B Accuracy 31.49 30.79 30.61 32.19 30.7
- q + Lstring | PMIpc Ace. | 27.72 28.51 27.98 27.98 28.33
Avg. PMA 44.67 71.43 73.7 75.61 76.74
Accuracy 26.23 27.28 26.84 25.61 25.88
g+ Lenum | PMIpc Acc. | 28.25 27.81 28.16 28.16 28.51
Avg. PMA 81.04 97.94 98.5 98.86 99.04
Accuracy 34.04 34~150.58 34.711_04 35.290_53 36.29()_31
q Pl\rﬂDc Acc. 36.4 36.871.23 38.360.27 39.240.45 39-15084

Avg. PMA 0.82 2.640.17 3.550.19 4.280.09 5.160.07

Accuracy 30.26 31.21,44 29.850_58 31'110.96 31.721_59
q + ['sf,ring PI\’HDC Acc. 31.32 31020.48 30.580_31 30.410_35 30.820_7
Avg. PMA 32.77 57940934  65.050.04 T1.40.41 75.740.58

Accuracy 22.81 26.370.13 26.520.89 25.321.49 27-10.83
q+ Lenum Pl\'HDc Acc. 29.65 29.650,23 29.390_35 29-330.18 29~150.28
AVg. PMA 69.61 98-540,02 98.940_[)1 99.230_01 99.460_01

Accuracy 37.81 38.510.23 39.730.57 40.32¢.5 40.96¢.83

GPT-3 curie (~6.7B)

q Pl\'ﬂ]_)c Acc. | 41.32 41‘840_85 42.690_33 43.830_89 44.590_31
Avg. PMA 1.18 4.350.4 5.840.11 7.060.14 7.980.28
Accuracy 34.74 38.070.84 39.740.75 39.770.73 40.26¢.27

GPT-3davinci (<175B) | 4 p o | PMIpc Acc. | 30.53 3158061 3199045  32.0205 3251035

AVg. PMA 39.0 80.140,5] 83.480_15 85.820_04 87.030_03

Accuracy 36.49 414231_29 42.810_09 43.510_35 44'120.69
q+ Lenum | PMIpc Acc. | 27.54  28.83p2s  29.360.18  29.94049  30.00.31
Avg. PMA 67.54 98.70.06 99.20.02 99.510.02 99.70.01

Accuracy 37.37 38.07¢.4 39.15¢.54 40.44¢ .81 40.91¢.51
q Pl\HDC Acc. | 41.32 42~140.89 43.630‘53 44.30(61 44.330(75
Avg. PMA 1.1 3.420.43 5.050.24 6.70.22 7.680.28

Accuracy 37.02 38.620.85 39242.06 40.380_67 40.111_17
q+ Cstring Pl\'HDC Acc. 31.49 31.960_43 32.430_43 32'250.48 33.130_31
Avg. PMA 68.54 85.16p02 86.360.18  87.81p.15  88.73¢.15

Accuracy 40.0 40.121‘25 41.49(),7 42.310.25 42.830.1
q+ Lenum | PMIpc Acc. | 29.39  30.09¢.35 30.030.14 30.230.35 29.680.18
AVg. PMA 67.55 97.640_1 98.520_09 98.720_05 99.190_05

davinci-instruct-beta

Accuracy 34.04 34.21 34.21 33.6 34.91
q PMIpc Acc. | 39.04  39.91 38.86 39.65 40.44
Avg. PMA | 268 341 4.24 4.62 477
LANTSSL (115 Accuracy | 5175 52.89 53.68 53.51 53.68
IS-XXL(B) 4 £oing | PMIpe Ace. | 3912 39.82 39.91 39.91 400
Avg. PMA | 9184  92.89 93.37 94.0 94.54
Accuracy | 53.86  54.3 5518 5535  55.79
4+ Lo | PMIpc Acc. | 37.37  38.25 39.21 39.21 39.65
Avg. PMA | 9918 99.39 99.42 99.38 99.36
Accuracy | 44.91  47.54 49.65 50.88 52.11
q PMIpc Ace. | 507 51.93 54.21 56.49 57.19
Avg. PMA | 123 487 8.43 11.03 12.36
o Accuracy | 60.61  64.39 65.18 6632  67.81
text-davinci-003 4+ Laring | PMIpc Acc. | 5246 5518 55.7 55.96 55.0
Avg. PMA | 90.95  94.98 96.63 97.25 97.82
Accuracy | 63.77  65.26  66.67  65.96  67.37
4+ Lomum | PMIpc Acc. | 54.04  52.89 53.42 53.95 53.16
Ave. PMA | 99.77  99.9 99.86 99.85 99.82

Table 9: Full metrics for each model and prompt type on the MMLU test subset. Models are ordered by increasing
performance. The mean and standard error of using 3 random seeds to select in-context demonstrations are reported
for experiments with at least 1 demonstration for the curie, davinci, and davinci-instruct-beta models. For each
model and each column, we bold the prompt format and scoring metric (accuracy or PMIp¢ accuracy) that results
in the highest score, as well as any scores within 1 percentage point of it. We underline the prompt format with the
largest average PMA.
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Prompt # In-Context Demonstrations
Model Name Format Metric ‘ 0 1 2 4 8
Accuracy 53.2 574 60.0 64.0 64.0
q PMIp¢ Acc. 57.0 57.6 59.8 62.6 64.4
Avg. PMA 0.05 1.59 5.74 7.84 8.68
OPT 30B Accuracy 30.8 35.4 34.2 35.8 35.4
q + Lstring | PMIpc Acc. 21.4 20.2 20.8 21.6 22.0
Avg. PMA 46.84 75.78 79.73 83.2 86.02
Accuracy 18.0 18.4 21.8 21.8 20.8
q+ Lenum | PMIpc Acc. 17.8 17.2 18.0 17.2 17.6
Avg. PMA 74.85 97.31 97.71 98.81 98.92
Accuracy 47.2(40.0) 52.43 82 58.3315 61.4183(52.3)  62.331.36
q PI\HDC Acc. 510(503) 56.42.91 61.73143 652164(565) 66‘53143
Avg. PMA 0.15 1.690.92 4.031 23 6.880.98 8.430.51
. Accuracy 30.4 37.63_8 39.42_03 40.24,39 40-074.63
GPT-3 curie (~6.7B) 4+ Laring | PMIpc Ace. | 21.8 93.2055  22.87061 92.930 61 93.131 9
AVg. PMA 38.98 71‘260,92 74.041.03 77‘040,68 79.261.03
Accuracy 19.2 19.61.91 21.0[),4 21.27()‘12 21.2[),0
q+ Lenum | PMIpc Acc. 17.6 18.20.8 18.6¢.35 19.00.72 18.730.9
Avg. PMA 68.84 98.740.17  98.999.07 99.23¢.07 99.30.05
Accuracy 58.2(61‘0) 63.475‘13 68.931,29 70.530(5(69.1) 71.331‘27
q PMIpc Acc. | 63.6(66.7) 68.6361 72.13162 74.0101(72.0) 73.73081
AVg. P]\lA 0.19 4.612,48 8‘85(].55 11‘120482 1202(),65
o Accuracy 38.0 51.27¢.5 55.23 83 56.333.92 57.2715
GPT-3davinci (~175B) |\ f o | PMIpc Acc. | 238 292055 3173170 33.732s0  33.671n
Avg. PMA 54.72 85.62933  82.719.12 85.336.97 87.563.77
Accuracy 34.4 48‘271472 50.80,87 49.62,31 53.673.61
q+ Lenum | PMIpc Acc. 17.8 21.73061  23.131.01 25.071.14 27.470.46
Avg. PMA 63.34 98.460.33  99.15¢.07 99.370.06 99.36¢.07
Accuracy 59.2 65‘273437 69.01.39 69.80,53 70.60.92
q PNHDC Acc. 66.6 70.732_23 72-0106 74.01‘04 74.270_7
Avg. PMA 0.05 5.552 68 9.611 27 11.45¢.84 12.360.65
davinci-i b Accuracy 52.2 60.63.3 63.732.01 61.475 47 62.131 .92
avinci-instruct-beta |/ p | PMIpc Ace. | 324 36.614  38.0712 37.61.7 36.330.81
Avg. PMA 72.75 83.876.35  87.323.47 88.943. 06 89.731.96
Accuracy 44.2 51-331.8 53.20_53 53.472_47 54.932_32
q+ Lenum | PMIpc Acc. 24.0 27.27081  26.730.61 284716 30.01.06
Avg. PMA 58.6 97.660.43  98.629.14 98.750.11 99.060.19
Accuracy 68.0 69.0 71.0 70.2 71.6
q PMIpc Acc. 75.2 75.2 77.0 77.8 79.0
Avg. PMA 7.54 9.54 10.05 10.62 11.64
FLAN-TS-XXL (11B Accuracy 86.8 87.8 88.0 87.6 87.6
ISXXLALB) ) p i | PMIpe Ace. | 718 74.0 74.2 73.6 74.0
Avg. PMA 98.16 98.95 99.11 99.15 99.15
Accuracy 87.2 86.8 86.8 87.6 88.0
q+ Lenum | PMIpc Acc. 69.2 68.0 68.2 67.6 68.8
Avg. PMA 99.48 99.53 99.56 99.49 99.27
Accuracy 62.8 71.4 75.6 75.6 77.4
q PMIp¢ Acc. 66.6 75.2 77.2 79.0 80.8
Avg. PMA 0.0 13.62 19.78 20.19 21.03
davinei Accuracy 76.2 79.8 82.0 81.6 82.0
text-davinci-003 0+ Latring | PMIpc Ace. | 74.2 76.8 79.0 79.0 79.0
Avg. PMA 74.06 93.04 92.71 93.68 94.1
Accuracy 79.4 79.4 82.8 83.2 81.8
q+ Lenum | PMIpc Acc. 76.0 77.0 77.8 80.2 78.0
Avg. PMA 99.61 99.95 99.95 99.85 99.92

Table 10: Full metrics for each model and prompt type on the CommonsenseQA validation subset. See caption of
Table 9 for more details. #s in parentheses are those reported in Holtzman et al. (2021), though exact model used
may not be the same.
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Prompt # In-Context Demonstrations
Model Name Format Metric ‘ 0 1 2 4 8
Accuracy 29.2 27.8 29.2 29.8 34.2
q PMIpc Acc. 55.6 51.0 53.2 55.4 55.8
Avg. PMA 1.29 1.34 1.43 1.74 2.27
Accuracy 34.0 32.0 32.8 324 324
OPT 30B 4+ Laring | PMIpe Ace. | 44.4 44.4 45.4 46.6 45.0
Avg. PMA 44.13 66.89 77.52 77.23 80.25
Accuracy 27.2 22.4 25.2 20.8 22.0
q+ Lenum | PMIpc Acc. 43.0 42.0 42.2 41.6 42.2
Avg. PMA 79.08 98.24 98.49 98.63 99.14
Accuracy 29.0(22.4)  28.671.17 29.539.9 31.330.46 31.8111
q PI\HDC Acc. 504(480) 49.272.53 49'933.38 53.()345 52.732.05
AVg. PMA 1.22 1.37023 1.390_23 1.67()‘19 1.9()‘35
. Accuracy 29.2 27.333_95 30.41_11 30.62,16 30.270,31
GPT-3 curie (~6.7B) 4+ Laring | PMIpc Acc. | 43.4 451305  44.8Tiss 4467031  44.00s
AVg. PMA 34.49 59.8111,35 71'746.01 73‘275473 72.643.44
Accuracy 24.0 25.27¢.92 25.331.29 26.01.04 26.82.09
q + Lenum PI\’HDC Acc. 42.6 42-530.64 41.670_31 42.20_35 42.670»31
Avg. PMA 67.55 99.040.08  99.180.16  99.530.05 99.60.04
Accuracy 33.6(33.2) 33.02.42 33.23.03 35.730.95 36.670.81
q PI\'HDC Acc. 57.8(58.0) 58.072_58 58.733_58 60.531_45 60.21_04
AVg. PMA 1.27 1.61()43 1‘61(].51 1.920‘34 2‘090,24
. . Accuracy 34.8 41.673_14 43.272_91 46.532_32 45.730_7
GPT-3 davinci (~175B) q + Estrmg PI\'HDC Acc. 46.6 49.62,11 50.53[),95 50530464 50.331,33
Avg. PMA 43.52 77.984.95 85.03.77 83.93389  85.481.97
Accuracy 31.2 39.00472 41.732.55 47‘472,08 44.53141
q+ Lenum | PMIpc Acc. 42.8 44.071.03 45.20.2 47.07061  46.331.36
Avg. PMA 65.75 98.730.28  99.31p24  99.57p.12 99.70.1
Accuracy 36.4 36.40.4 37.732.14 38.271447 38.40.72
q PMIpc Acc. 59.6 62.27912 63.07167 63.6125 62.67114
Avg. PMA 1.5 1.790.32 1.90.48 2.140.44 2.250 28
) L. b Accuracy 416 44~135.62 46.43.22 4&471(03 47.731‘97
davinci-instruct-beta |/ p . | PMIp Ace. | 50.6 5307001 528161 538717 52.930.42
Avg. PMA 68.18 80.675.85 84.673.0 84.82303  86.371.95
Accuracy 36.2 44.872_19 47.872_8/1 46.872_81 484130_5
q+ Lenum | PMIpg Acc. 45.0 48.21.59 48.87976  48.671.03 50.41.0
AVg. PMA 69.07 97.790_45 98.920_25 994410_01 99.540,17
Accuracy 33.2 33.4 34.6 35.2 35.8
q PMIpc Acc. 58.4 58.4 60.6 59.8 61.4
Avg. PMA 2.28 2.52 2.49 2.57 2.53
Accuracy 80.0 79.6 81.2 81.2 80.6
FLAN-TS-XXL (1IB) 1 4 £ | PMIpe Ace. | 75.0 76.2 76.6 76.6 76.2
Avg. PMA 96.16 96.52 97.2 97.37 97.42
Accuracy 83.0 83.6 84.2 83.6 84.2
q+ Lenum | PMIpc Acc. 73.0 72.4 72.8 73.2 72.8
Avg. PMA 99.69 99.73 99.75 99.71 99.64
Accuracy 42.8 42.0 44.4 454 46.0
q PMIpc Acc. 63.0 62.4 64.6 65.4 68.0
Avg. PMA 2.03 2.14 243 3.19 3.65
L Accuracy 77.0 77.0 78.0 80.2 81.0
text-davinci-003 4+ Laring | PMIpc Ace. | 77.0 80.2 80.6 81.6 81.6
Avg. PMA 77.21 93.97 93.28 93.91 95.49
Accuracy 80.0 81.6 81.6 83.0 83.6
¢+ Lenum | PMIpc Acc. 80.4 81.2 81.8 84.2 82.6
Avg. PMA 99.76 99.96 99.79 99.83 99.92

Table 11: Full metrics for each model and prompt type on the OpenbookQA test set. See caption of Table 9 for
more details. #s in parentheses are those reported in Holtzman et al. (2021), though exact model used may not be
the same.
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Figure 9: CommonsenseQA validation subset accuracy
and average PMA as a function of number and format
of in-context examples. Random accuracy is 20%. See

caption of Fig. 3 for more details. Note this task is
explicitly in-domain for FLAN-TS5.
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Figure 10: OpenbookQA test set accuracy and average
PMA as a function of number and format of in-context
examples. Random accuracy is 25%. See caption of
Fig. 3 for more details. Note this task is explicitly in-
domain for FLAN-TS5.
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Figure 11: Zero-shot results on a subset of the MMLU test set for various LLMs. See Fig. 5 for more details.
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Figure 12: Zero-shot results on a subset of the CommonsenseQA validation set for various LLMs. See Fig. 5 for
more details.

8416



curie OPT 30B
100 mm Acc. (1[argmax;ep(£|x) =y]) mm Avg. PMA ( Z p(L]x)) 100
LEL
80/ 80.91 80 75 64 79.08
601 60
44.13
40 28.828.79 40 29.20 =
.828. 22,60 25.4 . 27.2
20+
ol . .
NON€  pfoying  Lenum q g+ Lstring g & Lenum NON€  fgyring  Lenum a g+ Lstind g & Lenum
davinci flan-t5-xxl|
100/ 100 99.38 99.69
801 80
66.75 65.75
60
40
20
Noné L string L enum [¢] g+ Lstind g 4 Lenum Non€é L string Lenum qa q + Lstind g & Lenum
davinci-instruct-beta text-davinci-003
100+ 100 99.12 99.76
801 80 77.007.21 820
69.39 68.18 69.07
60
40
20

L string Lenum

Model Input x

q+ £stringq A Lenum

Lstring L enum

Model Input x

q+ ﬂstringq + Lenum

Figure 13: Zero-shot results on the OpenbookQA test set for various LLMs. See Fig. 5 for more details.
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