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In this supplementary materials we show additional results mentioned in the main paper. First, we
give experimental details in Section [A] Next, we show results for Llama 2 on the bandit task in
Section [B] Afterwards, we show in Section[C.1|additional quantitative results for the expertise-based
impersonation results. Section [D| provides additional details about the vision and language tasks.
Finally, Section E]discusses some limitations of our work.

The code to reproduce our results is available here: https://github.com/ExplainableML/
in-context-impersonation. For more details on the code please refer to the README . md file.

A Experimental Details

This section describes the meta-prompt that we used to generate the prompt variations (Section
Section[A.T) and the amount of compute required to reproduce our experiments (Section Section[A.2))

A.1 Prompt variations generated by meta-prompting

As LLMs have been found to be sensitive to specific prompts [1]], we follow the meta-prompting
approach from [2]] to vary our original impersonation prompt If you were a {persona}. We
generated five additional variations with the following meta-prompt:

Write 5 different grammatical and linguistic variations of the following
instruction. You shall not fill in the curly brackets:
If you were a {persona}

The following enumeration lists all generated prompts, which we used in addition to the original
prompt:

e Should you be transformed into a {persona}

e Imagine you are a {persona}

e Should you assume the role of a {persona}

* Were you to take on the persona of a {persona}

* In the case of you being a {persona}

*Work done whilst visiting University of Tiibingen
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A.2 Compute and Reproduction

For all Vicuna-13B based experiments (bandit, reasoning and vision) we used a single Nvidia A100-
40GB GPU. The weights for this language model can be obtained from its open source documen-
tatio making our Vicuna-13B based experiments fully reproducible. For our ChatGPT vision
experiments we used Nvidia 2080ti 11GB GPUs to run the CLIP models.

For the bandit task, we chose to run 12k games (2k per prompt variation) with Vicuna-13B to obtain
a large sample size for our analysis. Trials and games were run sequentially for approximately 3.5
hours per persona. Processing games and personas in parallel through batching could reduce the time
needed for this experiment significantly.

For the Vicuna-13B reasoning experiments, running (sequentially) all 57 tasks and personas consid-
ered takes about 12 hours for a single prompt variation.

For the Vicuna-13B vision and language experiments, generating the descriptions for a single persona
and for 196 (Stanford Cars) or 200 (CUB) classes and running CLIP zero shot classification with
them on the entire test splits takes approximately an hour for a single impersonation prompt.

B Bandit Task — Results for Llama 2

Most open-source models such as Vicuna are fine-tuned from the same base model Llama [3].
Recently, a new foundational open-source model, Llama 2 (70B, Chat variant) [4] has been released
which is significantly larger than Vicuna-13B and has been trained on more data. We rerun the bandit
experiments using Llama 2 and come to the same conclusions. The effect of age in the range of
2-20 on the reward is 8 = 0.17 (p < .001) and 8 = 0.26 (p < .001) for Vicuna-13B and Llama 2,
respectively.

C Reasoning Task

This section describes additional results regarding the MMLU reasoning task. We start by comple-
menting the results of the main paper by presenting all 57 individual task plots in Section|C.1] We
then present a comparison between our prompt and the official MMLU prompt [3] in Section [C.2]
and, lastly, present results on race and gender social categories in Section|C.3] All experiments are
conducted on both Vicuna-13B and ChatGPT.

C.1 Additional quantitative results for expertise-based impersonation

In the main paper, only a part of the Vicuna [6] related results were included for the MMLU [3]
reasoning task, for which the LLM is prompted with a question and four answer options. Thus, in
this section, we simultaneously provide the Vicuna-13B individual results for all 57 tasks considered,
and a comparison with ChatGPT. These experiments are the result of the six prompt variations
described in Section [A.T]

Contrary to Vicuna, which is an open source model, ChatGPT does not offer direct access to the
token probabilities. Therefore, we add the following expression to the Vicuna prompt mentioned in
the main paper Answer: The answer is option, in order to force ChatGPT to provide one of
the 4 options as the first generated token. This generated token is then taken as the LLM prediction.
When ChatGPT does not provide one of the options as the first token, we repeat the question until
a valid option is generated or until a maximum of 10 tries. If none of these conditions are met, we
discard the sample. For example, for the STEM and Humanities domains, in about 250k questions
(7835 unique questions, each of which evaluated for the 32 personas of these domains), only 178
were discarded (0.07%).

The aforementioned results are presented in Figures[T} [2] [3] and @] for the STEM, Humanities, Social
Sciences, and Other domains, respectively. ChatGPT performs consistently better than Vicuna-13B,
which is also in line with the expectation given that ChatGPT is a larger model trained on more
and higher quality (human feedback) data. Furthermore, as discussed in the main paper for Vicuna
and again observed for ChatGPT, the performance on Humanities tasks is consistently higher than
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on STEM tasks, which aligns with previous literature. For Vicuna-13B, the tasks where the trend
is not verified (i.e. where the task expert does not outperform the domain expert and/or where the
domain expert does not surpass the non-domain expert), coincide with tasks that the model could not
perform well in general, i.e. had accuracies close to or below the random baseline for all personas
considered (see Formal Logic in Figure [2] or, for example, College Chemistry, College Computer
Science, High School Statistics). For ChatGPT, the tasks where the trend is not as clear coincide
with tasks where Vicuna also had worse results. Interestingly, the neutral persona performs on par
with the domain expert. Additionally, for the Other domain, ChatGPTs’ expertise trends are not
as clear, which might be due to the fact that this domain includes tasks from a very wide range of
domains, such as Nutrition and Business Ethics, for example. Nevertheless, the non-domain expert
is outperformed by the domain expert, who in turn is outperformed by the task expert for all four
domains.
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Figure 1: Comparison between Vicuna-13B and ChatGPT for expertise-based impersonation on the
STEM domain of the MMLU reasoning benchmark. We compare the task expert results with the
average of all neutral personas, the average of all domain expert personas, the average of all non-
domain expert personas and the random baseline (horizontal line). The first plot shows the average
over all STEM tasks, while the remaining plots show the results for each STEM task individually.
All 95% confidence intervals are computed over the average task accuracy.
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Figure 2: Comparison between Vicuna-13B and ChatGPT for expertise-based impersonation on
the Humanities domain of the MMLU reasoning benchmark. We compare the task expert results
with the average of all neutral personas, the average of all domain expert personas, the average of
all non-domain expert personas and the random baseline (horizontal line). The first plot shows the
average over all Humanities tasks, while the remaining plots show the results for each Humanities
task individually. All 95% confidence intervals are computed over the average task accuracy.
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Figure 3: Comparison between Vicuna-13B and ChatGPT for expertise-based impersonation on the
Social Sciences domain of the MMLU reasoning benchmark. We compare the task expert results with
the average of all neutral personas, the average of all domain expert personas, the average of all non-
domain expert personas and the random baseline (horizontal line). The first plot shows the average
over all Social Sciences tasks, while the remaining plots show the results for each Social Sciences
task individually. All 95% confidence intervals are computed over the average task accuracy.
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Figure 4: Comparison between Vicuna-13B and ChatGPT for expertise-based impersonation on the
Other domain of the MMLU reasoning benchmark. We compare the task expert results with the
average of all neutral personas, the average of all domain expert personas, the average of all non-
domain expert personas and the random baseline (horizontal line). The first plot shows the average
over all Other tasks, while the remaining plots show the results for each Other task individually. All
95% confidence intervals are computed over the average task accuracy.



C.2 MMLU Task Formulation

Since several MMLU evaluations [3] [7], may lead to small variations when comparing different
models’ ranks, we include results with the MMLU official prompt (see Figure[3)), i.e. by using the
MMLU prompt at the start and keeping our impersonation strategy. Our expertise-based imperson-
ation trends still hold, and the absolute accuracy values improve. This increase in accuracy might be
explained by the fact that the official MMLU prompt includes the task name in the prompt, which
might provide additional clues to the LLM. Thus, we conclude that our findings on impersonation
are not dependent on the formulation of the task.
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Figure 5: Comparison between our task formulation (Our prompt) and the official MMLU prompt [5]
(Original prompt), for Vicuna-13B (top) and ChatGPT (bottom).

C.3 Social Categories on MMLU

We present in Figure |§| results for both Vicuna-13B (top) and ChatGPT (bottom) on MMLU when
considering different social category prefixes (black, white, male, and female). We observe that, for
both models, the performance when impersonating experts while adding these prefixes is consistently
lower than when no prefix is added (i.e. the none columns). For Vicuna, the black persona obtains
lower accuracies than the white persona, especially regarding the non-task experts, and a female
expert outperforms a male expert. For ChatGPT, all prefixed personas’ performance is similar.
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Figure 6: Expertise-based impersonation results with social category prefixes (black, white, male,
and female) for Vicuna-13B (top) and ChatGPT (bottom).

D Vision and Language Task

In this section we give additional details for the vision and language task. First, in Section [D.1]
we describe how class names were removed from the generated visual descriptions to avoid trivial
solutions. Then we show more results on two additional fine-grained visual classification datasets
in Section [D.2] Next, we show more qualitative examples of the class descriptions generated by
Vicuna-13B and ChatGPT in Section[D.3] Afterwards, we show more quantitative results on more



LLM / VLM pairs in Section[D-4] Lastly, we show more results for additional races and genders
(Section [D.3)) and for Google PaLM (Section [D.6).

D.1 Removing class names from visual descriptions

When the class name is included inside the generated de- o

.. . .. The is a big bird that
scription, it has a significant effect on the downstream | @ et are black, giving It
performance of the vision task. In such cases CLIP can the name )
classify images well without the need of additional de- l
scriptions. We find that both language models occasion-
ally use the class name in their output. For example at .
the beginning of a new sentence. To actually measure ‘ Manual Cleaning ‘
how well a persona describes a class, we use a two step l
process to remove the class name from the descriptions.

It is a big bird that lives in the ocean. Its feet
Manual cleaning. We use a set of heuristics to remove are black, giving it the name
the class name, e.g. replacing A {class name} {verb} :
with It {verb}. These heuristics account for the numer-
ous (singular or plural) of the class name as well as for l
lower and upper casing variants. Whilst this approach is ‘ LLM Cleaning ‘
very fast, it does not scale to all possible variants how the
class name could be mentioned in the generated descrip- |
tions.

It is a big bird that lives in the ocean. Its feet

lack.
LLM based cleaning. For the LLM based cleaning we are blac

first split the descriptions into individual sentences with Figure 7: Example of the two step class
spacy [8]]. This simplifies the task for the LLM. To remove name removal process.

the class name in more complex settings we prompt the

same LLM used for generating the descriptions with four in-context examples. Empirically, we find
this cleaning approach works well and can also handle more complex cases, e.g. removing parts of
a sentence if needed. An example of this is shown in Figure[7] Lastly, if the result still contains the
class name we use the original sentence, to avoid introducing any malformed LLM output.

D.2 Additional visual datasets

We extend our analysis to other datasets and more categories by using FGVC Aircraft [9] (100
categories of aircraft from different manufacturers and eras) and Oxford Flowers [10]] (102 categories
of flowers with large scale, pose and light variations). For gender, we find significant performance
differences when evaluating the descriptions generated by Vicuna-13B on the two additional datasets,
strengthening our original argument that these LLMs exhibit biases (Figure [8). This means that
descriptions generated by female personas outperform those generated by male personas across all
three tested VLMs. For racial biases, we see only smaller differences across evaluation with different
VLMs. The same trends hold for ChatGPT.
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Figure 8: Evaluating bias of Vicuna-13B on more object categories (FGVC Aircraft [9] and Oxford
Flowers [10]). The dashed line is the random baseline.

D.3 Example descriptions for the visual classification task

Recall that for the visual classification task we ask the impersonating language models to generate a
description for each class of the dataset. In the main paper we showed descriptions for two examples
of a subset of all personas considered (4-, 7- and 13-year-old for CUB and 2-, 4- and 20-year-old



for Stanford Cars [12]). In this section we show and discuss example descriptions on both vision
datasets (CUB and Stanford Cars) generated to for all age ranges included in our paper (2-, 4-, 7-,
13- and 20-year-old).

The examples in Figure [9]support our findings from the main paper, that with increasing age of the
persona the complexity w.r.t. e.g. vocabulary increases. For CUB we additionally show examples
for the 2- and 20-year-old’s and the differences in the wording are very apparent. For both language
models the descriptions generated for the 2-year-old are short and have simple grammatical structures.
In contrast, for the 20-year-old the descriptions exhaust much more of the 45 word instruction and
use words that are not part of the vocabulary of a 2-year-old (e.g. migratory bird or protected
species).

For Stanford Cars we additionally include the descriptions generated for the 7- and 13-year-old
personas. In contrast to the 4-year-old both descriptions are much longer, including many facts about
the cars (e.g. the manufacturer of the car).

D.3.1 Analysis of text complexity for different age groups

In Figure 6 of the main paper as well as in Figure [0] we qualitatively described how the text changes
as we vary the age of the impersonated person. To understand how the generated descriptions
quantitatively change we also evaluate the complexity of the generated descriptions.

We use the textstat packag which runs several different text complexity metrics [13H19] and
creates an aggregate consensus score that indicates which grade in school is at least required to read
the texts. In Figure@] we show the results for both, CUB and Stanford Cars.

We find, that across all language models and both datasets the impersonation of differently aged
personas increases the required grade level to read the descriptions. For CUB the grade level increases
not as much (from 4th to 9th grade) than on Stanford Cars (from 3rd to approx. 10th grade). This
might be due to the fact that more descriptions of the oldest personas mention complex terms like
manufacturers for the Stanford Cars dataset.

D.4 Quantitative results on LLM / VLM pairs

In Section 4.3, Figure 4 of the main paper, we show results for the three different CLIP variants
(CLIP with ViT B/32, ViT B/16 and OpenCLIP [20]) based on the descriptions generated by the
Vicuna-13B LLM. Here we additionally show these results for descriptions generated with ChatGPT
in Figure[TT]

Similar to the findings on Vicuna-13B the descriptions generated by ChatGPT exhibit an increase in
fine-grained visual classification performance as the age of the impersonated person increases. For
ChatGPT this effect is more clear on Stanford Cars than on CUB. Additionally, these results confirm
our finding that expert impersonations perform better than non-experts. However, for ChatGPT the
effect is even more clear; the expert performs roughly twice as well as the non-expert across all
VLMs. Regarding race, ChatGPT descriptions’ seem to have more bias than those generated by
Vicuna. Lastly, for different genders, we find ChatGPTs’ descriptions of female impersonation to
perform consistently worse than those of male impersonation.

D.5 Additional bias groups

We also study additional bias groups for race and gender in Figure [I2] For gender we study agender
and non-binary and for race we study indian person, asian person and hispanic person. For CUB we
find for gender that performance of the agender and non-binary personas is similar to the performance
of the female persona. On Stanford Cars the non-binary persona outperforms the agender persona.
For race we find overall worse performance compared to the white and black personas. Overall we
conclude that biases can also be found in additional bias groups.

D.6 Results for Google PaLM

Additionally, we ran exploratory experiments using the proprietary Google PalLM model [21} 22]]
via their API. When we apply in-context impersonation of racial biases, the API does not provide

*https://github.com/textstat/textstat

10


https://github.com/textstat/textstat

If you were a <persona>, how would you describe a <class>?

Answer: It is ...

2 y/o
CUB
black 4y/o
billed
cuckoo
7 y/o
13 y/o
20 y/o
2 y/o
Stanford Cars
4 y/o
am general
hummer suv 7 y/o
2000
13 y/o
20 y/o

If you were a <persona>, how would you describe a <class>?

Answer: It is ...
2 y/o
4 y/o
7 y/o
13 y/o
20 y/o
2 y/o
Stanford Cars 4 y/0
am general
hummer suv 7 y/o
2000
13 y/o
20 y/o

ChatGPT

a bird that goes "cuckoo". It has a black bill and likes to eat bugs. It can fly and live in trees. It
makes a funny sound that makes me laugh.

a bird with a black beak and feathers. It likes to eat insects and lives in trees. Sometimes it makes a

sound that sounds like "coo-coo"!

a bird that has a black beak and is called a cuckoo. It likes to eat insects and lives in North America.

They lay their eggs in other bird's nests and let them take care of their babies.

a bird species that lives in North America. It has a black bill and a brown or gray plumage. They are
migratory birds and can often be heard making their distinctive "coo-coo-coo" call in the summer

a bird species found in North America. It has a distinct black bill and is known for laying its eggs in
other bird species' nests. Often heard more than seen, it has a unique call that sounds like a slow,
hollow wooden "cuckoo."

a big car that goes vroom vroom and can go over rocks and bumps. It has big wheels and is fun to ride in.

a big truck with lots of wheels that can drive over rocks and mud. It is really tough and strong, like a
superhero car!

a big and strong car that can drive on rough roads and outside places. It looks like a military vehicle
and can hold lots of people inside. It is really cool!

a really cool and tough-looking SUV that was made by AM General in the year 2000. It's known for being
able to go off-road and handle all kinds of terrain.

a large, military-style SUV designed for off-road use. It was popular in the early 2000s and known for
its ruggedness and unique styling. However, it is also known for being very large and heavy, which can
make it difficult to maneuver in tight spaces or on city streets.

Vicuna

A bird that is black and has a curved bill.

It's a bird! It's really cool! It's got a special tail. It's black and white.It's got a long beak. It's a
mystery bird!

It's a bird that's really cool! It's black with a bill that's rule! It flies around and sings so sweet.
It's one of my favorite birds to meet!

It is a type of bird that is black and has a distinctive white patch on its tail. It is known for its
distinctive call, which sounds like a person imitating a cuckoo clock. It is a migratory bird that can be
found in North and Central America. It is a common bird in many parts of the world, but it is considered
a species of concern due to declining populations in some regions.

A bird species that is common in parts of North and South America, known for its distinctive black bill
and brown-gray feathers. It is a migratory bird, and is often seen in wooded areas near rivers and
marshes. The Black-billed Cuckoo is known for its unique call, which sounds like a repeated "coo-coo." It
is a protected species and is considered an important part of the ecosystem.

It is a big car that can go off-road. It has four wheels and a strong engine. It is red and black.

It is a big car that can go off-road. It has four wheels and a strong engine. It is red and black and has
a lot of buttons and controls in the front. It is fun to ride in and can go really fast!

It is a type of car that is like a big truck but still has four wheels and can drive on roads like a
regular car. It is made by a company called AM General and was first made in the year 2000. It is pretty
big and can hold a lot of people or things inside. It is often used for driving in rough or off-road
environments.

It is a type of sport utility vehicle (SUV) that was manufactured by the American automaker AM General in
the year 2000. It is known for its rugged appearance and off-road capabilities. The Hummer SUV was
popular in the early 2000s, but production of the vehicle stopped in 2010 due to declining sales and
environmental concerns.

It is a compact SUV that was manufactured by American Motors (AM) from 2000 to 2006. It was known for its
rugged exterior and spacious interior, and was popular among both civilians and military personnel. It
was also known for its off-road capabilities and was often used for outdoor activities such as hunting
and camping. It had a V8 engine and was available in various trim levels.

Figure 9: Qualitative results for all the age personas (2, 4, 7, 13 and 20-year-old personas) for
two classes, i.e. Black Billed Cuckoo (CUB) and AM General Hummer SUV 2000 (Stanford Cars)
classes. The results are obtained by querying ChatGPT and Vicuna.
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Figure 10: Text complexity on Vicuna-13B (left) and ChatGPT (right) for CUB and Stanford Cars.
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Figure 11: Comparing CLIP-32, CLIP-16 and OpenCLIP as VLMs. In contrast to Figure 4 in the
paper (which shows Vicuna-13B results), the language input here comes from ChatGPT. We observe
the effects of age, expertise, race and gender independent of the VLM used for fine-grained visual
classification on the CUB (top) and Stanford Cars (bottom) datasets. The dashed line is the random
baseline.
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Figure 12: Evaluating more genders and races for Vicuna-13B on CUB and Stanford Cars.

an answer because the LLM model output is flagged by a text classifier to be unsafe. Hence, there
are already safeguards in place for some commercial services. These safeguards seem to be less
sensitive for impersonation of age and gender. However, they prevent us from reliably evaluating the
underlying LLM.

E Limitations

Our vision based experiments are a two step process. Thus, a limitation of our work is that the results
on the vision datasets fundamentally depend on the performance and biases of the VLM models as
well. We try to alleviate this fact by evaluating multiple different CLIP variants. Additionally, the
results obtained with proprietary models such as ChatGPT may be hard or costly to reproduce and
the training regime and data as well as the systems prompts are unknown.

12



References

(1]

(2]
(3]

(4]

(5]
(6]

(71

(8]

(9]
(10]
(1]
[12]
(13]
[14]
(15]

[16]
(17]

(18]
(19]
[20]

(21]

[22]

Simran Arora, Avanika Narayan, Mayee F. Chen, Laurel J. Orr, Neel Guha, Kush S Bhatia, Ines Chami,
Frederic Sala, and Christopher R’e. Ask me anything: A simple strategy for prompting language models.
arXiv:2210.02441, 2022.

Laria Reynolds and Kyle McDonell. Prompt programming for large language models: Beyond the few-shot
paradigm. In CHI, 2021.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and efficient foundation
language models. arXiv:2302.13971, 2023.

Hugo Touvron, Louis Martin, Kevin R. Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, Daniel M. Bikel, Lukas Blecher, Cris-
tian Cant6n Ferrer, Moya Chen, Guillem Cucurull, David Esiobu, Jude Fernandes, Jeremy Fu, Wenyin
Fu, Brian Fuller, Cynthia Gao, Vedanuj Goswami, Naman Goyal, Anthony S. Hartshorn, Saghar Hosseini,
Rui Hou, Hakan Inan, Marcin Kardas, Viktor Kerkez, Madian Khabsa, Isabel M. Kloumann, A. V. Ko-
renev, Punit Singh Koura, Marie-Anne Lachaux, Thibaut Lavril, Jenya Lee, Diana Liskovich, Yinghai Lu,
Yuning Mao, Xavier Martinet, Todor Mihaylov, Pushkar Mishra, Igor Molybog, Yixin Nie, Andrew Poul-
ton, Jeremy Reizenstein, Rashi Rungta, Kalyan Saladi, Alan Schelten, Ruan Silva, Eric Michael Smith,
R. Subramanian, Xia Tan, Binh Tang, Ross Taylor, Adina Williams, Jian Xiang Kuan, Puxin Xu, Zhengxu
Yan, Iliyan Zarov, Yuchen Zhang, Angela Fan, Melanie Kambadur, Sharan Narang, Aurelien Rodriguez,
Robert Stojnic, Sergey Edunov, and Thomas Scialom. Llama 2: Open foundation and fine-tuned chat
models. arXiv:2307.09288, 2023.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Jacob Stein-
hardt. Measuring massive multitask language understanding. In /CLR, 2021.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng, Siyuan
Zhuang, Yonghao Zhuang, Joseph E Gonzalez, et al. Vicuna: An open-source chatbot impressing gpt-4
with 90%* chatgpt quality, 2023.

Percy Liang, Rishi Bommasani, Tony Lee, Dimitris Tsipras, Dilara Soylu, Michihiro Yasunaga, Yian
Zhang, Deepak Narayanan, Yuhuai Wu, Ananya Kumar, Benjamin Newman, Binhang Yuan, Bobby Yan,
Ce Zhang, Christian Cosgrove, Christopher D. Manning, Christopher R’e, Diana Acosta-Navas, Drew A.
Hudson, E. Zelikman, Esin Durmus, Faisal Ladhak, Frieda Rong, Hongyu Ren, Huaxiu Yao, Jue Wang,
Keshav Santhanam, Laurel J. Orr, Lucia Zheng, Mert Yuksekgonul, Mirac Suzgun, Nathan S. Kim,
Neel Guha, Niladri S. Chatterji, Omar Khattab, Peter Henderson, Qian Huang, Ryan Chi, Sang Michael
Xie, Shibani Santurkar, Surya Ganguli, Tatsunori Hashimoto, Thomas F. Icard, Tianyi Zhang, Vishrav
Chaudhary, William Wang, Xuechen Li, Yifan Mai, Yuhui Zhang, and Yuta Koreeda. Holistic evaluation
of language models. Annals of the New York Academy of Sciences, 1525, 2023.

Matthew Honnibal and Ines Montani. spaCy 2: Natural language understanding with Bloom embeddings,
convolutional neural networks and incremental parsing. 2017. To appear.

S. Maji, J. Kannala, E. Rahtu, M. Blaschko, and A. Vedaldi. Fine-grained visual classification of aircraft.
Technical report, 2013.

Maria-Elena Nilsback and Andrew Zisserman. Automated flower classification over a large number of
classes. In Indian Conference on Computer Vision, Graphics and Image Processing, 2008.

Catherine Wah, Steve Branson, Peter Welinder, Pietro Perona, and Serge J. Belongie. The caltech-ucsd
birds-200-2011 dataset. 2011.

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei. 3d object representations for fine-grained
categorization. ICCV Workshops, 2013.

J. Peter Kincaid, Robert P. Fishburne, Richard L. Rogers, and Brad S. Chissom. Derivation of new
readability formulas (automated readability index, fog count and flesch reading ease formula) for navy
enlisted personnel. 1975.

G. Harry Mclaughlin. Smog grading - a new readability formula. The Journal of Reading, 1969.

Meri Coleman and Ta Lin Liau. A computer readability formula designed for machine scoring. Journal
of Applied Psychology, 60, 1975.

Edgar Dale and Jeanne Sternlicht Chall. A formula for predicting readability. 1948.

Jeanne Sternlicht Chall and Edgar Dale. Readability revisited : the new dale-chall readability formula.
1995.

George R. Klare. Assessing readability. Reading Research Quarterly, 1974.

Robbie Gunning. The technique of clear writing. 1968.

Mehdi Cherti, Romain Beaumont, Ross Wightman, Mitchell Wortsman, Gabriel Ilharco, Cade Gordon,
Christoph Schuhmann, Ludwig Schmidt, and Jenia Jitsev. Reproducible scaling laws for contrastive
language-image learning. arXiv:2212.07143, 2022.

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin, Maarten Bosma, Gaurav Mishra, Adam Roberts,
Paul Barham, Hyung Won Chung, Charles Sutton, Sebastian Gehrmann, et al. Palm: Scaling language
modeling with pathways. arXiv:2204.02311, 2022.

Rohan Anil, Andrew M. Dai, Orhan Firat, Melvin Johnson, Dmitry Lepikhin, Alexandre Tachard Passos,
Siamak Shakeri, Emanuel Taropa, Paige Bailey, Z. Chen, Eric Chu, J. Clark, Laurent El Shafey, Yanping

13



Huang, Kathleen S. Meier-Hellstern, Gaurav Mishra, Erica Moreira, Mark Omernick, Kevin Robinson,
Sebastian Ruder, Yi Tay, Kefan Xiao, Yuanzhong Xu, Yujing Zhang, Gustavo Hernandez Abrego, Jun-
whan Ahn, Jacob Austin, Paul Barham, Jan A. Botha, James Bradbury, Siddhartha Brahma, Kevin Michael
Brooks, Michele Catasta, Yongzhou Cheng, Colin Cherry, Christopher A. Choquette-Choo, Aakanksha
Chowdhery, C Crépy, Shachi Dave, Mostafa Dehghani, Sunipa Dev, Jacob Devlin, M. C. D’iaz, Nan
Du, Ethan Dyer, Vladimir Feinberg, Fan Feng, Vlad Fienber, Markus Freitag, Xavier Garcia, Sebas-
tian Gehrmann, Lucas Gonzédlez, Guy Gur-Ari, Steven Hand, Hadi Hashemi, Le Hou, Joshua Howland,
An Ren Hu, Jeffrey Hui, Jeremy Hurwitz, Michael Isard, Abe Ittycheriah, Matthew Jagielski, Wen Hao
Jia, Kathleen Kenealy, Maxim Krikun, Sneha Kudugunta, Chang Lan, Katherine Lee, Benjamin Lee, Eric
Li, Mu-Li Li, Wei Li, Yaguang Li, Jun Yu Li, Hyeontaek Lim, Han Lin, Zhong-Zhong Liu, Frederick
Liu, Marcello Maggioni, Aroma Mahendru, Joshua Maynez, Vedant Misra, Maysam Moussalem, Zachary
Nado, John Nham, Eric Ni, Andrew Nystrom, Alicia Parrish, Marie Pellat, Martin Polacek, Alex Polozov,
Reiner Pope, Siyuan Qiao, Emily Reif, Bryan Richter, Parker Riley, Alexandra Ros, Aurko Roy, Brennan
Saeta, Rajkumar Samuel, Renee Marie Shelby, Ambrose Slone, Daniel Smilkov, David R. So, Daniela
Sohn, Simon Tokumine, Dasha Valter, Vijay Vasudevan, Kiran Vodrahalli, Xuezhi Wang, Pidong Wang,
Zirui Wang, Tao Wang, John Wieting, Yuhuai Wu, Ke Xu, Yunhan Xu, Lin Wu Xue, Pengcheng Yin,
Jiahui Yu, Qiaoling Zhang, Steven Zheng, Ce Zheng, Wei Zhou, Denny Zhou, Slav Petrov, and Yonghui
Wu. Palm 2 technical report. arXiv:2305.10403,2023.

14



	Experimental Details
	Prompt variations generated by meta-prompting
	Compute and Reproduction

	Bandit Task — Results for Llama 2
	Reasoning Task
	Additional quantitative results for expertise-based impersonation
	MMLU Task Formulation
	Social Categories on MMLU

	Vision and Language Task
	Removing class names from visual descriptions
	Additional visual datasets
	Example descriptions for the visual classification task
	Analysis of text complexity for different age groups

	Quantitative results on LLM / VLM pairs
	Additional bias groups
	Results for Google PaLM

	Limitations

