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Abstract

Large language models, which are often
trained for hundreds of thousands of compute
days, have shown remarkable capabilities for
zero- and few-shot learning. Given their com-
putational cost, these models are difficult to
replicate without significant capital. For the
few that are available through APIs, no ac-
cess is granted to the full model weights, mak-
ing them difficult to study. We present Opéen
Pre-trained Transformers (OPT), a suite of
decoder-only pre-trained transformers ranging
from 125M to 175B parameters, which we aim
to fully and responsibly share with interested
fesearchers. We show that OPT-175B is com-
parable to GPT-3,! while requiring only 1/7th
the carbon footprint to develop. We are also
releasing our logbook detailing the infrastruc-
ture challenges we faced, along with code for
experimenting with all of the released models.

1 Introduction

Large language models (LLMs) trained on massive
text collections have shown surprising emergent
capabilities to generate text and perform zero- and
few-shot learning (Brown et al., 2020; Lieber et al.,
2021; Smith et al., 2022; Rae et al., 2021; Chowd-
hery et al., 2022). While in some cases the public
can interact with these models through paid APIs,
full model access is currently limited to only a
few highly resourced 1abs.’ This restricted access
has limited researchers’ ability to study how and
why these large language models work, hindering

*Equal contribution.
TWork done while at Meta Al
lFollowing Brown et al. (2020), we use GPT-3 to refer to
both the 175B model and the smaller scale models as well.
Exceptions include work by EleutherAl, who released
dense models up to 20B in size (Black et al., 2022), and Meta
Al, who released dense models up to 13B and sparse models
up to 1.1T (Artetxe et al., 2021). There is also ongoing work

from the BigScience workshop (https://bigscience.

huggingface.co/), which aims to open source very large
multilingual language models and datasets.

progress on improving known challenges in areas
such as robustness, bias, and toxicity.

In this technical report, we present Open Pre-
trained Transformers (OPT), a suite of decoder-
only pre-trained transformers ranging from 125M
to 175B parameters, which we aim to fully and
responsibly share with interested researchers. We
train the OPT models to roughly match the per-
formance and sizes of the GPT-3 class of models,
while also applying the latest best practices in data
collection and efficient training. Our aim in de-
veloping this suite of OPT models is to enable re-
producible and responsible research at scale, and
to bring more voices to the table in studying the

impact of these LLMs. DilionSIofsskam
bias, and toxicity, etc., should be articulated by the
collective research community as a whole, which is
only possible when models are available for study.

We are releasing all of our models between
125M and 30B parameters, and will provide full
research access to OPT-175B upon request. Ac-
cess will be granted to academic researchers; those
affiliated with organizations in government, civil
society, and academia; and those in industry re-
search laboratories. We are also releasing both the
logbook of our model creation as well as our code-

base, metaseq,’ which EfiabledifainingiOPTI75B
on 992 80GB A100 GPUs, reaching 147 TFLOP/s
ftilizatioNipefiGRPU. From this implementation, and

from using the latest generation of NVIDIA hard-
ware, we are able to develop OPT-175B using only
1/7th the carbon footprint of GPT-3. While this is a
significant achievement, the energy cost of creating
such a model is still nontrivial, and repeated efforts
to replicate a model of this size will only amplify
the growing compute footprint of these LLMs.
We believe the entire AI community — aca-
demic researchers, civil society, policymakers, and
industry — must work together to develop clear

*https://github.com/facebookresearch/
metaseq
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Model #L #H dpodel LR Batch
125M 12 12 768 6.0e—4 0.5M
350M 24 16 1024 3.0e—4 0.5M
1.3B 24 32 2048 2.0e—4 M
2.7B 32 32 2560 1.6e—4 M
6.7B 32 32 4096 1.2¢e—4 2M
13B 40 40 5120 1.0e—4 4M
30B 48 56 7168 1.0e—4 4M
175B 96 96 12288 1.2e—4 2M

Table 1: Model architecture details. We report the
number of layers (#L), number of attention heads (#H),
and the embedding size (dmoge1). We also report the
peak Learning Rate (LR) and global batch size in num-
ber of tokens (Batch).

guidelines around responsible Al in general and
responsible LLMs in particular, given their cen-
trality in many downstream language applications.
A much broader segment of the Al community
needs access to these models in order to conduct
reproducible research and collectively drive the
field forward. With the release of OPT-175B and
smaller-scale baselines, we hope to increase the di-
versity of voices defining the ethical considerations
of such technologies.

2 Method

2.1 Models

We present results on eight Transformer language
models ranging from 125 million to 175 billion
parameters. Architectural details are displayed in
Table 1. In the interest of transparency, and to re-
duce risk of training instabilities, our models and
hyperparameters largely follow Brown et al. (2020),
with variations in batch size mostly to obtain in-
creased computational efficiency.

2.2 Training Setup

For weight initialization, we follow the same set-
tings provided in the Megatron-LM codebase,* us-
ing a normal distribution with zero mean and stan-
dard deviation of 0.006. Standard deviation for
output layers are scaled by a 1.0/ V2L term where
L is the total number of layers. All bias terms are
initialized as'0, and all models are trained with
ReLU activation and a sequence length of 2048.

*nttps://github.com/NVIDIA/
Megatron-LM/blob/main/examples/pretrain_
gpt3_175B.sh

We use an NdamWleptimize:r (L.oshchilov and
Hutter, 2017) with ([BilESCHEN0N0NESE). and
WeightldecayliofiOll. We follow a linear learning
rate schedule, warming up from 0 to the maximum
learning rate over the first 2000 steps in OPT-175B,
or over 375M tokens in our smaller baselines. and

decaying down to 10% of the maximum LR over
BOOBtokens! A number of mid-flight changes

to LR were also required (see Section 2.5). Our
batch sizes range from 0.5M to 4M depending on
the model size (see Table 1) and is kept constant
throughout the course of training.

We use a @fopoutiofiOnl throughout, but we
do not apply any dropout to embeddings. We

clipigradientmormsiatiig, cxcept for some mid:
flight changes that reduce this threshold down
from 1.0 to 0.3 (see Section 2.5). We also in-

clude a gradient predivide factor to reduce the risk
of over/underflows when computing the gradient
across all ranks (splitting the division by the world

2.3 Pre-training Corpus

The pre-training corpus contains a concatenation
of datasets used in RoBERTa (Liu et al., 2019b),
the Pile (Gao et al., 2021a), and PushShift.io Red-
dit (Baumgartner et al., 2020; Roller et al., 2021).
All corpora were previously collected or filtered
to contain predominantly English text, but a small
amount of non-English data is still present within
the corpus via CommonCrawl.

We removed duplicated documents across all
datasets by filtering out documents via Min-
hashL.SH (Rajaraman and Ullman, 2011) with a
Jaccard similarity > .95. We found the Pile'was
particularly full of duplicate documents, and ad-
vise future researchers using the Pile to perform
additional de-duplication processing.

We tokenize all corpora using the GPT-2 byte
level BPE tokenizer (Sennrich et al., 2016; Radford
et al., 2019; Brown et al., 2020). Our final corpus
contains roughly 180B tokens.

RoBERTa We included the BookCorpus (Zhu
et al., 2015) and Stories (Trinh and Le, 2018) sub-
sets of the ROBERTa corpus and utilized an up-
dated version of CCNews, containing news stories
crawled through September 28, 2021. This CC-
News v2 corpus was preprocessed the same way as
the original ROBERTa CCNews (Liu et al., 2019b).

The Pile We included a subset of the Pile
(Gao et al., 2021a), including: CommonCrawl,

Divide gradients
before summing
them and then

dividing
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DM Mathematics, Project Gutenberg, Hack-
erNews, OpenSubtitles, OpenWebText2, USPTO
and Wikipedia. Other subsets of the Pile were elim-
inated as we found they increased the risk of insta-
bilities, as measured by tendency to cause spikes
in gradient norms at the 1.3B scale, or were other-
wise deemed unsuitable. All subsets went through
additional ad-hoc whitespace normalization.

PushShift.io Reddit We included a subset of
the Pushshift.io corpus produced by Baumgart-
ner et al. (2020) and previously used by Roller
et al. (2021). To convert the conversational trees
into language-model-accessible documents, we ex-
tracted the longest chain of comments in each
thread and discarded all other paths in the tree.
This reduced the corpus by about 66%.

2.4 Training Efficiency

‘We trained OPT-175B on 992 80GB A100 GPUs,

by utilizing FEllySETISANDARMBATNE] (Artctxe
etal., 2021) with MegaoR=EVIISHSORParalleHsH
(Smith et al., 2022). We achieve utilization of up

to 147 DEBORSPENGRY. We keep AUaNMSEAENN
[BB82, since we shard it across all hosts, while the
HodSvEIghiSHeHEneaimERIS. To avoid under-

flows, we ISCOIdyAamICHOSSISCalifig, as described
in Micikevicius et al. (2017).

2.5 Training Processes

Here we describe significant training process ad-
justments that arose during OPT-175B pre-training.

Hardware Failures We faced a Significant num-
beér of hardware failureés in our compute cluster
while training OPT-175B. In total, hardware fail-
ures contributed to atléast’ 35 manual restarts and
the cycling of over 100 hosts over the course of 2
months. During manual restarts, the training run
was paused, and a series of diagnostics tests were
conducted to detect problematic nodes. Flagged
nodes were then cordoned off and training was re-
sumed from the last saved checkpoint. Given the
difference between the number of hosts cycled out
and the number of manual restarts, we estimate 70+
automatic restarts due to hardware failures.

Loss Divergences Loss divergences were also an

issue in our training run. WhentheNessidiversed]
we found that lowering the learning rate and restart-
ingifronmianiearliericheckpoit allowed for the job

to recover and continue training. We noticed a €618
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Figure 1: Empirical LR schedule. We found that low-
ering learning rate was helpful for avoiding instabili-
ties.

Validation Perplexit
10.0 P y

9.5
9.0

8.5

Perplexity

8.0

7.5

7.0
Ok 20k 40k 60k 80k

Iterations

100k 120k 140k

Figure 2: Validation Perplexity. Our mid-flight LR
changes had clear effects on validation perplexity.

fionSIoneMnallayerspiking. Thesc obscrvations
led us to pick restart points for which our dynamic
loss scalar was still in a “healthy” state (> 1.0).

and after which our activation norms would trend
downward instead of growing unboundedly. Our
empirical LR schedule is shown in Figure 1. Early
in training, we also noticed that lowering gradient
clipping from 1.0 to 0.3 helped with stability; see
our released logbook for exact details. Figure 2
shows our validation loss with respect to training
iterations.

Other Mid-flight Changes We conducted a
number of other experimental mid-flight changes
to handle loss divergences. These included: SWitch=

all divergences); and SWilehingO@EWerersion ' -/° -

change?
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3 Evaluations

3.1 Prompting & Few-Shot

We evaluate our model on 16 standard NLP tasks
utilized in the literature: HellaSwag (Zellers et al.,
2019), StoryCloze (Mostafazadeh et al., 2016),
PIQA (Bisk et al., 2020), ARC Easy and Challenge
(Clark et al., 2018), OpenBookQA (Mihaylov et al.,
2018), WinoGrad (Levesque et al., 2011), Wino-
Grande (Sakaguchi et al., 2020), and SuperGLUE
(Wang et al., 2019). We follow GPT-3 (Brown
et al., 2020) by using their prompts and overall ex-
perimental setup. We compare primarily to GPT-3,
having aimed to re-implement their evaluation set-
tings, but include reported performance of other
LLMs on a per-task basis when available (Lieber
etal., 2021; Rae et al., 2021; Hoffmann et al., 2022;
Black et al., 2022)

We report performance in accuracy (omitting F1
for MultiRC and ReCoRD for consistency in eval-
uation metrics). For the Winograd Schema Chal-
lenge (WSC) task in the SuperGLUE benchmark,
we follow (Brown et al., 2020) and formulate the
task as multiple choice questions, which is known
to affect performance (Liu et al., 2020).

Zero-shot Overall average zero-shot perfor-
mance across all 14 tasks may be seen in Figure 3.
Overall, we see our average performance follows
the trend of GPT-3. However, performance can
vary radically across the tasks: for a full break-
down, see Appendix A. Note that we intentionally
removed MultiRC and WIC from these averages, as
these datasets seem to systematically favor GPT-3
or OPT disproportionately.

Our performance roughly matched GPT-3 for 10
tasks, and underperformed in 3 tasks (ARC Chal-
lenge and MultiRC). In 3 tasks (CB, BoolQ, WSC),
we find both GPT and OPT models display unpre-
dictable behavior with respect to scale, likely due
to the small size of the validation set in these 3
tasks (56, 277, and 104 examples, respectively).
In WIC, we see that the OPT models always out-
perform the GPT-3 models, though the numbers
reported by Brown et al. (2020) also seem question-
able, given WIC being a binary classification task.’
For MultiRC, we are unable to replicate the GPT-3
results using the Davinci API® within our evalua-
tion setup, suggesting differences in the methods

>Brown et al. (2020) reports 0% accuracy on WIC, which
implies 100% accuracy if the classification was inverted.

®https://beta.openai.com/docs/engines/
overview
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Figure 3: Zero-shot NLP Evaluation Averages.

Across a variety of tasks and model sizes, OPT outper-
forms the reported averages of GPT-3. However, per-
formance varies greatly per task: see Appendix A.
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Figure 4: Multi-shot performance. OPT perfor-

mance for one- and few-shot lags behind GPT-3 mod-
els, but performance depends heavily per task; see Ap-
pendix A.

of evaluation on this task. For BoolQ and WSC,
we note that both OPT and GPT models seem to
hover around majority-class accuracy, suggesting
small perturbations in probability masses may be
dominating the evaluations.

Chinchilla (Hoffmann et al., 2022) and Gopher
(Rae et al., 2021) perform roughly consistently
with others for their parameter sizes, while PalLM

One-shot and Few-shot Average multi-shot in-
context performance is shown in Figure 4 (again,
omitting MultiRC and WIC), with detailed perfor-
mances shown in Appendix A. Across the average
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of all metrics, we find that OPT models perform
similarly to GPT-3 models. However, as with zero-
shot, breaking down these results per task shows
a different story: in the same set of 10 datasets as
zero-shot, we see similar performance across the
two models. Some of the remaining datasets show
inconsistent performance with respect to model
size for both OPT and GPT-3 models (BoolQ, CB,
WSC, RTE). In MultiRC, we consistently see un-
derperformance of OPT models compared to GPT-
3 models. Similar to our zero-shot evaluation, we
hypothesize our one- and few-shot evaluation setup
may differ significantly from Brown et al. (2020).

3.2 Dialogue

Given that LLMs are known to be an integral com-
ponent of modern dialogue models (Adiwardana
et al., 2020; Roller et al., 2021; Thoppilan et al.,
2022; Rae et al., 2021; Chowdhery et al., 2022), we
additionally evaluate OPT-175B on several open
source dialogue datasets. In particular, we fol-
low Roller et al. (2021), and evaluate on ConvAI2
(Dinan et al., 2020b), Wizard of Wikipedia (Di-
nan et al., 2019b), Empathetic Dialogues (Rashkin
et al., 2019), and Blended Skill Talk (Smith et al.,
2020). We additionally evaluate on the more recent
Wizard of Internet dataset (Komeili et al., 2021).
We focus our comparisons primarily against ex-
isting open source dialogue models including the
fine-tuned BlenderBot 1 (Roller et al., 2021) and
its pre-training counterpart Reddit 2.7B. We also
compare against the fine-tuned R2C2 BlenderBot,
a 2.7B parameter BlenderBot-like model trained by
Shuster et al. (2022).

We report Perplexity and Unigram F1 (UF1)
overlap, following the metrics of the ConvAI2 com-
petition (Dinan et al., 2020b). To control for dif-
ferent tokenization in each of the models, we nor-
malize all perplexities to be in the space of the
GPT-2 tokenizer (Radford et al., 2019). We also
note which models are supervised with respect to
these dialogue tasks and which are unsupervised.
For OPT-175B, all generations are performed using
greedy decoding up to a maximum of 32 tokens.
We do not attempt to prompt the model at all except
for alternating “Person 1:” and “Person 2:” lines of
dialogue. The remaining models use the generation
parameters found in BlenderBot 1.

Results are shown in Table 2. We see that
OPT-175B significantly outperforms the also-
unsupervised Reddit 2.7B model on all tasks, and

performs competitively with the fully supervised
BlenderBot 1 model, especially in the ConvAI2
dataset. On the Wizard-of-Internet dataset, which
is fully unsupervised for all models, we see that
OPT-175B obtains the lowest perplexity but still
has lower UF1 than the models with Wizard-of-
Wikipedia supervision.

We were somewhat surprised that the evaluations
of the unsupervised OPT-175B model were as com-
petitive as BlenderBot 1 on the ConvAI2 dataset.
This may indicate leakage of the ConvAI2 dataset
into the general pre-training corpus or even into the
validation data as evaluated in Table 2. To address
concerns of leakage, we searched our pre-training
corpus for the first conversation in the ConvAI2
dataset, but we did not find any overlap. We addi-
tionally evaluated OPT-175B on the ConvAI2 hid-
den test set, which has never been publicly released,
and achieved 10.7 ppl and .185 UF1, matching the
performance of the validation set. Furthermore, we
evaluated OPT-175B on a subset of the ConvAI2-
like MultiSessionChat (MSC) dataset (Xu et al.,
2021b) and obtained a perplexity of 9.7 and UF1
of .177, indicating the model is generalizing well
across multiple PersonaChat-like datasets. Since
both MSC and Wol datasets were released after the
CommonCrawl snapshot used in pre-training cor-
pus, there is minimal risk of leakage. We conclude
that OPT-175B has a strong ability to maintain a
consistent persona across conversations, a behav-
ior also highlighted in'ILaMDA (Thoppilan et al.,
2022).

4 Bias & Toxicity Evaluations

To understand the potential harm of OPT-175B,
we evaluate a series of benchmarks related to hate
speech detection, stereotype awareness, and toxic
content generation. While there may be shortcom-
ings in these benchmarks (Blodgett et al., 2021; Ja-
cobs and Wallach, 2021), these measurements pro-
vide a first step towards understanding the limita-
tions of OPT-175B. We compare primarily against
GPT-3 Davinci, as these benchmarks were not yet
available to be included in Brown et al. (2020).

4.1 Hate Speech Detection

Using the ETHOS dataset provided in Mollas et al.
(2020) and instrumented by Chiu and Alexander
(2021), we measure the ability of OPT-175B to
identify whether or not certain English statements
are racist or sexist (or neither). In the zero-, one-,
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Perplexity ()

Unigram F1 (1)

Model Eval C2 WW ED BST Wol C2 WW ED BST Wol
Reddit 2.7B Unsup. 189 21.0 11.6 174 180 .126 .133 .135 .133 .124
BlenderBot 1 Sup. 102 125 9.0 119 147 .183 .18 .192 178 .154
R2C2 BlenderBot  Sup. 105 124 9.1 11.7 146 .205 .198 .197 .186 .160
OPT-175B Unsup. 108 133 103 12.1 12.0 .185 .152 .149 .162 .147

Table 2: Dialogue Evaluations. OPT-175B, in a fully unsupervised setting, performs competitively against fully

supervised models.

Setup Davinci OPT-175B Category GPT-3 OPT-175B
Zero-shot .628 .667 Gender 62.6 65.7
One-shot .616 713 Religion 73.3 68.6
Few-shot (binary) 354 759 Race/Color 64.7 68.6
Few-shot (multiclass) .672 812 Sexual orientation 76.2 78.6
Age 64.4 67.8

Table 3: HAICISPECCHIASIEEHOM 1 scores of detect- Nationality 61.6 62.9
ing hate speech between Davinci and OPT-175B. OPT- Disability 76.7 76.7
175B considerably outperforms Davinci in all settings. Physical appearance 74.6 76.2
Socioeconomic status 73.8 76.2

and few-shot binary cases, the model is presented Overall 67.2 69.5

with text and asked to consider whether the text is
racist or sexist and provide a yes/no response. In
the few-shot multiclass setting, the model is asked
to provide a yes/no/neither response.

Results are presented in Table 3. With all of
our one-shot through few-shot configurations, [QRIE
175B performs considerably better than Davinci.
We speculate this occurs from two sources: (1)
evaluating via the Davinci API may be bringing
in safety control mechanisms beyond the original
175B GPT-3 model used in Brown et al. (2020);
and (2) the significant presence of unmoderated
social media discussions in the pre-training dataset
has provided additional inductive bias to aid in such
classification tasks.

4.2 CrowS-Pairs

Developed for masked language models, CrowS-
Pairs (Nangia et al., 2020) is a crowdsourced bench-
mark aiming to measure intrasentence level biases
in 9 categories: gender, religion, race/color, sex-
ual orientation, age, nationality, disability, physical
appearance, and socioeconomic status. Each exam-
ple consists of a pair of sentences representing a
stereotype, or anti-stereotype, regarding a certain
group, with the goal of measuring model preference
towards stereotypical expressions. Higher scores
indicate higher bias exhibited by a model.

Table 4: CrowS-Pairs evaluation: Lower is better for
all categories, indicating more fairness. The OPT-175B
model performs worse than Davinci in most categories.

When compared with Davinci in Table 4, OPT-
175B appears to exhibit more stereotypical biases
in almost all categories except for religion. Again,
this is likely due to differences in training data;
Nangia et al. (2020) showed that Pushshift.io Red-
dit corpus has a higher incidence rate for stereo-
types and discriminatory text than other corpora
(e.g. Wikipedia). Given this is a primary data
source for OPT-175B, the model may have learned
more discriminatory associations, which directly
impacts its performance on CrowS-Pairs.

4.3 StereoSet

Following Lieber et al. (2021) and Artetxe et al.
(2021), we use StereoSet (Nadeem et al., 2021)
to measure stereotypical bias across 4 categories:
profession, gender, religion, and race. Ifiladdifion

fateradditionaliesiitext! To account for a potential

trade-off between bias detection and language mod-
eling capability, StereoSet includes two metrics:
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Category Davinci OPT-175B
LMS (1) 78.4 74.1
Prof. SS () 63.4 62.6
ICAT (1) 575 55.4
LMS (1) 75.6 74.0
Gend. SS ) 66.5 63.6
ICAT (1) 50.6 53.8
LMS (1) 80.8 84.0
Reli. SSd) 59.0 59.0
ICAT (1) 66.3 68.9
LMS (1) 77.0 74.9
Race SS{) 57.4 56.8
ICAT (1) 65.7 64.8
LMS (1) 77.6 74.8
Overall Ssd) 60.8 59.9
ICAT (1) 60.8 60.0

Table 5: StereoSet Evaluations. Davinci and OPT-
175B perform similarly across all evaluations.

Language Modeling Score (LMS) and Stereotype
Score (SS), which are then combined to form the
Idealized Context Association Test score (ICAT)
Unlike Lieber et al. (2021), we normalize scores
by token count, rather than character count, which
they report improves metrics for several models.
Results are shown in Table 5. We see that
Davinci and OPT-175B exhibit similar scores on
aggregate (overall ICAT is very close between the
two). In particular, Davinci outperforms in the
areas of profession and race, while OPT-175B out-
performs in the areas of Gender and Religion. OPT-
175B performs better across the board on the SS

metric, while Davinci generally outperforms on the
LMS metric.

4.4 RealToxicityPrompts

We evaluate the tendency of OPT-175B to respond
with toxic language via the RealToxicityPrompts
(Gehman et al., 2020) dataset. Following PaLM
(Chowdhery et al., 2022), we sample 25 genera-
tions of 20 tokens using nucleus sampling (Holtz-
man et al., 2020) (p = 0.9) for each of 10,000
randomly sampled prompts from RTP, and report
mean toxicity probabilities of the continuations,
stratified across bucketed toxicities of the original
prompts. For comparison, we report bucketed toxi-
city rates from Davinci and PalLM.

Results are shown in Figure 5. Overall, we see

Toxicity Probability of Prompt (TPP)

® OPT175B
0.40 Davinci
® PalM

Toxicity Probability of Continuation (TPC)
o o o o
o = = N
G o » o

4
=)
S)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Prompt Toxicity Probability (Binned)

Figure 5: RealToxicityPompts. OPT-175B is more
likely to generate toxic responses than either Davinci
or PaLLM. Consistent with prior work, toxicity rates in-
crease as prompt toxicity increases.

that OPT-175B has a higher toxicity rate than ei-
ther PaLLM or Davinci. We also observe that all
3 models have increased likelihood of generating
toxic continuations as the toxicity of the prompt
increases, which is consistent with the observations
of Chowdhery et al. (2022). As with our exper-
iments in hate speech detection, we suspect the
inclusion of unmoderated social media texts in the
pre-training corpus raises model familiarity with,
and therefore propensity to generate and detect,
toxic text. This strong awareness of toxic language
may or may not be desirable depending on the
specific requirements of downstream applications.
Future applications of OPT-175B should consider
this aspect of the model, and take additional miti-
gations, or avoid usage entirely as appropriate.

4.5 Dialogue Safety Evaluations

Finally, we compare OPT-175B on two Dialogue
Safety evaluations. The first, SaferDialogues (Ung
et al., 2021), measures the ability to recover from
explicit safety failures, usually in the form of apol-
0gizing or recognizing itsmistake! The second, the
Safety Bench Unit Tests (Dinan et al., 2021), mea-
sures how unsafe a model’s response is, stratified
across 4 levels of topic sensitivity: Safe, Realis-
tic, Unsafe, and Adversarial. As with the other
dialogue evaluations (Section 3.2), we compare to
several existing open source dialogue models.
Results for both experiments are shown in Ta-
ble 6. We observe that OPT-175B has similar per-
formance as the Reddit 2.7B model across both
SaferDialogues and the Unit Tests, with OPT-175B
performing marginally better in the Safe and Adver-
sarial settings. Consistent with Roller et al. (2021)
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Safe. Dia. Unit Tests ()
Model PPL F1 Sa Re Un Ad
Reddit 2.7B 16.2 .140 .300 .261 .450 .439
BlenderBot 1 124 161 .028 .150 .250 .194
R2C2 BlenderBot 13.8 .160 .022 .133 .289 .222
OPT-175B 147 .141 .033 .261 .567 .283

Table 6: Dialogue Responsible Al evaluations. OPT-
175B is roughly on par with the Reddit 2.7B model, but
performs worse in the Unsafe setting.

and Xu et al. (2020), we find that the models fine-
tuned on curated dialogue datasets (BlenderBot 1,
R2C2) have overall lower toxicity. NEICORCINds

5 Limitations

In Sections 3.1 and 4, we carried out extensive
evaluation of all released models at varying scales.
We saw parity in performance for standard evalu-
ation datasets used in the GPT-3 models. More-
over, we performed safety, bias, and inclusion eval-
uations, again seeing largely comparable perfor-
mance with some variations in toxicity and hate
speech detection. However, such evaluations may
not fully characterize the complete limitations of
these models. In general, we qualitatively observe
that OPT-175B suffers from the same limitations
noted in other LLMs (Brown et al., 2020; Lieber
etal., 2021; Thoppilan et al., 2022; Rae et al., 2021;
Smith et al., 2022; Chowdhery et al., 2022).

In particular, we found OPT-175B does not work
well with declarative instructions or point-blank
interrogatives. Prompting with such instructions
tends to produce a simulation of a dialogue begin-
ning with such an instruction, rather than an execu-
tion of the instruction. Future work into instruction
learning, in the vein of InstructGPT (Ouyang et al.,
2022), may alleviate these limitations.

OPT-175B also'tends to' berepetitive and can eas-
ily get stuck in a loop. While sampling can reduce
the incidence rate of repetitive behavior (Holtz-
man et al., 2020), we anecdotally found it did not
eliminate it entirely when only one generation is
sampled. Future work may wish to incorporate
more modern strategies for reducing repetition and
improving diversity, such as unlikelihood training
(Welleck et al., 2020) or best-first decoding (Meis-
ter et al., 2020).

Similar to other LLMs, OPT-175B can produce

factually incorrect statements (Adiwardana et al.,
2020; Brown et al., 2020; Roller et al., 2021; Rae
et al., 2021; Chowdhery et al., 2022; Thoppilan
et al., 2022). This can be particularly harmful in
applications where information accuracy is critical,
such as healthcare and scientific discovery (Wei-
dinger et al., 2021b). Recently, several efforts have
reported that retrieval-augmented models can im=
prove factual correctness of LLMs (Lewis et al.,
2020; Komeili et al., 2021; Thoppilan et al., 2022;
Borgeaud et al., 2021; Shuster et al., 2022; Nakano
et al., 2021). We believe OPT-175B will also bene-
fit from retrieval-augmentation in future iterations.

As shown in Section 4, we also find OPT-175B
has a high propensity to generate toxic language
and reinforce harmful Stereotypes, even when pro-
vided with a relatively innocuous prompt (Gehman
et al., 2020), and adversarial prompts are trivial to
find (Dinan et al., 2021). There has been a great
deal of work on mitigations for toxicity and bi-
ases (Dathathri et al., 2019; Dinan et al., 2019a;
Sheng et al., 2019; Dinan et al., 2020a; Liu et al.,
2019a; Krause et al., 2020; Xu et al., 2020; Liang
et al., 2021; Dinan et al., 2021; Xu et al., 2021a;
Dhamala et al., 2021; Schick et al., 2021; Ouyang
et al., 2022). Depending on downstream applica-
tions, future uses of OPT-175B may need to employ
these or novel mitigation approaches, especially be-
fore any real world deployment. Given our primary
goal as a replication of GPT-3, we choose not to
apply these mitigations in this first release.

In summary, we still believe this technology is
premature for commercial deployment. Despite
including data sheets and model cards, we believe
more scrutiny should be afforded to the training
data with additional data characterization and se-
lection criteria in order to use data responsibly. The
current practice is to feed the model with as much
data as possible and minimal selection within these
datasets. Despite having comprehensive evalua-
tions, we would ideally have more streamlined and
consistent evaluation setups to ensure replicability
and reproducibility of evaluation scenarios. Dif-
ferences in prompting styles and number of shots
for in-context learning could create variations that
lead to different results. We hope that the public
release of the OPT models will enable many more
researchers to work on these important issues.


iPad

iPad

iPad

iPad

iPad

iPad

iPad

iPad

iPad


6 Considerations for Release

Following the recommendations for individual re-
searchers generated by the Partnership for AL’
along with the governance guidance outlined by
NIST,® we are disclosing all of the details in-
volved in training OPT-175B through our log-
book,” our code, and providing researchers access
to model weights for OPT-175B, along with a suite
of smaller baselines mirroring the setup for OPT-
175B. We aim to be fully accountable for the devel-
opment lifecycle of OPT-175B, and only through
increasing transparency around LLM development
can we start understanding the limitations and risks
of LL.Ms before broader deployment occurs.

By sharing a detailed account of our day-to-day
training process, we disclose not only how much
compute was used to train the current version of

OPT-175B, but also the liliffiafioverheadiequired
when underlying infrastructure or the training pro-
cess itself becomes unstable at scale. These details

are generally omitted from previous publications,
likely due to the inability to fully ablate changes
made mid-flight (without drastically increasing the
compute budget). We hope that by revealing how
certain ad-hoc design decisions were made, we can
improve upon these practices in the future, and col-
lectively increase the experimental robustness in
developing models at this scale.

Outside of these notes, the metaseq codebase
itself is the final source of truth in many of our
implementation details. By releasing our develop-
ment codebase, we aim to shed light on any imple-
mentation detail that may have been omitted from
being explicitly enumerated in this paper, as it is
either considered a detail of standard practice in
the field, or is simply a detail we failed to account
for. This current codebase is also the only known
open-source implementation of training a decoder-
only transformer that is >175B parameters without
the use of pipeline paralellism on NVIDIA GPUs.

To enable experimentation at 175B scale, we are
providing researchers with direct access to the pa-
rameters of OPT-175B. The reasoning here is two-
fold: enable Responsible Al research into LLMs
while simultaneously reducing the environmental

"https://partnershiponai.org/paper/
responsible-publication-recommendations/

8https://nvlpubs.nist.gov/nistpubs/
SpecialPublications/NIST.SP.1270.pdf

‘https://github.com/facebookresearch/
metaseq/blob/main/projects/OPT/
chronicles/OPT175B_Logbook.pdf

impact of pursuing research at this scale. There is a
growing body of work detailing ethical and social
risks from deploying language models with emer-
gent capabilities at scale (Weidinger et al., 2021a;
Bommasani et al., 2021; Dinan et al., 2021; Kenton
et al., 2021). By limiting access to OPT-175B to
the research community, along with releasing with
a non-commercial license, we aim to focus devel-
opment efforts on quantifying the limitations of the
LLMs first, before broader commercial deployment
occurs.

Furthermore, there exists significant compute
and carbon cost to reproduce models of this size.
While OPT-175B was developed with an estimated
carbon emissions footprint (CO2eq) of 75 tons, '’
GPT-3 was estimated to use 500 tons (Patterson
et al., 2021), while Gopher required 380 tons (Rae
et al., 2021). These estimates are not universally re-
ported, and the accounting methodologies for these
calculations are also not standardized. In addition,
model training is only one component of the over-
all carbon footprint of Al systems; we must also
consider experimentation and eventual downstream
inference cost, all of which contribute to the grow-
ing energy footprint of creating large-scale models
(Wu et al., 2022). By releasing our logbook, we
hope to highlight the gap between a theoretical car-
bon cost estimate that assumes no hardware failures
or training instabilities, versus one that aims to in-
clude the entire LLM development lifecycle. We
need to understand the manufacturing (or embod-
ied) carbon of these systems (Gupta et al., 2021)
as they grow increasingly more complex, and we
hope that our paper can help future work in defin-
ing additional factors to consider when measuring
the impact of scale on the environment.

Similarly, by producing a set of baselines across
a wide range of scales, we hope to enable the
broader research community to study the impact
and limitations of these models with respect to
scale alone. As reported in Hoffmann et al. (2022),
many of these LLMs may have been under-trained
as a function of the amount of training data used,
which implies that incorporating more data and con-
tinuing to train these baseline models may continue
to improve performance. There is also evidence
that step-function changes in capabilities may oc-
cur at a scale that is much smaller than 175B (Wei
et al., 2021), indicating a need to examine a wider

OWith ablations, baselines and downtime, our own esti-
mates of total cost is roughly 2 X higher.
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range of scales for different research applications.

7 Related Work

Since the publication of the Transformer architec-
ture (Vaswani et al., 2017) and BERT (Devlin et al.,
2019), the field of NLP has experienced a massive
shift towards the use of LLMs with self-supervised
pre-training. Multiple masked langauge models,
including T5 (Raffel et al., 2020) and Megatron-
LM (Shoeybi et al., 2019), have shown consistent
improvements through scale. These scaling gains
come not only from growing the total number of
parameters in the models, but also the amount and
quality of pre-training data (Liu et al., 2019b; Hoff-
mann et al., 2022).

Auto-regressive language models (Mikolov et al.,
2009) have seen the largest growth in model size,
from 117M parameters (Radford et al., 2018) to
over 500B parameters (Smith et al., 2022; Chowd-
hery et al., 2022). The resulting massive improve-
ment in generative fluency and quality was first
characterized in GPT-2 (Radford et al., 2019) and
further improved with GPT-3 (Brown et al., 2020)
and later models. Although a variety of very large
(over 100B parameters) generative models have
now been trained (Lieber et al., 2021; Rae et al.,
2021; Thoppilan et al., 2022; Smith et al., 2022;
Chowdhery et al., 2022), they are all closed source
and accessible only internally or via paid API ser-
vices. There are a few notable efforts towards open
sourcing LLMs from non-profit research organiza-
tions including EleutherAl (Black et al., 2022) and
BigScience.!! These models differ from the OPT
models in pre-training data, target languages and
model scale, making it possible for the community
to compare different pre-training strategies.

Since Brown et al. (2020), the primary evalu-
ation criterion for LLMs has been prompt-based
(Black et al., 2022; Rae et al., 2021; Chowdhery
et al., 2022), as is also performed in this paper.
This is largely due to the convenience of evaluat-
ing on many tasks without specialized task-specific
fine-tuning. Prompting itself has a long history:
cloze evaluations go back several decades (Cham-
bers and Jurafsky, 2008; Mostafazadeh et al., 2016).
More recently, prompting or masked infilling has
been used to probe models for knowledge (Petroni
et al., 2019) or perform a variety of NLP tasks
(Radford et al., 2019; Brown et al., 2020). There

"https://huggingface.co/bigscience/
trll-176B-ml-logs/tensorboard

has also been work on eliciting prompting behav-
ior in smaller models (Schick and Schiitze, 2020;
Gao et al., 2021b; Li and Liang, 2021; Lester et al.,
2021; Scao and Rush, 2021), improving the flexi-
bility of prompting (Shin et al., 2020), and under-
standing why and how prompting works (Liu et al.,
2021; Min et al., 2022).

Recent efforts have shown gains by fine-tuning
models to directly respond to instruction-style
prompting (Wei et al., 2021; Min et al., 2021; Sanh
et al., 2021; Ouyang et al., 2022). However, ef-
fective prompt engineering remains an open re-
search challenge. Results vary significantly and
unpredictably with the selection of the prompt (Lu
et al., 2021), and models do not seem to understand
the prompts as fully as we expect (Webson and
Pavlick, 2021). Furthermore, it is challenging to
write prompts without a development set, which
leads to questions about the extent to which we
are actually achieving zero- or few-shot learning in
practice (Perez et al., 2021). We do not attempt to
address these concerns of prompting, and instead
only aim to provide evaluation of OPT-175B in ex-
isting settings. However, we hope the full release of
OPT-175B will enable others to better study these
challenges in the future.

8 Conclusion

In this technical report, we introduced OPT, a col-
lection of auto-regressive language models ranging
in size from 125M to 175B parameters. Our goal
was to replicate the performance and sizes of the
GPT-3 class of models, while also applying the
latest best practices in data curation and training
efficiency. We described training details, evaluated
performance in a number of NLP and dialogue set-
tings, and characterized behaviors with respect to
bias, toxicity and hate speech. We also described
many other limitations the models have, and dis-
cussed a wide set of considerations for responsibly
releasing the models. We believe the entire Al
community would benefit from working together
to develop guidelines for responsible LLMs, and
we hope that broad access to these types of models
will increase the diversity of voices defining the
ethical considerations of such technologies.
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A Additional Evaluations
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Figure 6: Zero-shot NLP Evaluations. Full evaluations on all 16 NLP tasks, with comparisons where available.
We find that across most tasks, GPT-3 models and OPT models perform similarly, but some tasks display highly
erratic behavior.
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demonstrating erratic behavior.



B Contributions
Pre-training
* Initial planning: Susan Zhang

* Training infrastructure and initial ablations: Naman Goyal, Myle Ott, Stephen Roller, Sam Shleifer,
Susan Zhang

* Training efficiency: Naman Goyal, Myle Ott, Sam Shleifer
* Data curation and deduplication: Shuhoi Chen, Myle Ott, Stephen Roller

* Training and monitoring OPT-175B: Mikel Artetxe, Moya Chen, Naman Goyal, Punit Singh Koura,
Myle Ott, Sam Shleifer, Kurt Shuster, Daniel Simig, Stephen Roller, Susan Zhang

* Training 125M-30B baselines: Naman Goyal, Stephen Roller, Susan Zhang
Evaluations

e NLP: Xian Li, Xi Victoria Lin, Todor Mihaylov, Stephen Roller, Anjali Sridhar

 Dialogue: Stephen Roller

* Responsible Al Evaluations: Punit Singh Koura, Stephen Roller, Tianlu Wang

Paper writing: Moya Chen, Stephen Roller, Luke Zettlemoyer, Susan Zhang
Code release preparation: Christopher Dewan, Susan Zhang

Responsible AI conduct: Mona Diab, Susan Zhang

C Datasheet

We follow the recommendations of Gebru et al. (2021) and provide a data card for the dataset used to
train the OPT models.

C.1 Motivation

* For what purpose was the dataset created? Was there a specific task in mind? Was there a
specific gap that needed to be filled? Please provide a description. The pre-training data for
training the OPT-175B model was created by a union of five datasets, including three datasets used
by RoBERTa (Liu et al., 2019b), a subset of the Pile (Gao et al., 2021a), along with the Pushshift.io
Reddit dataset that was developed in (Baumgartner et al., 2020) and processed in (Roller et al., 2021).
These purpose of creating this dataset was to pre-train the language model on a broad corpus of text,
with emphasis on human-generated text.

* Who created the dataset (e.g., which team, research group) and on behalf of which entity (e.g.,
company, institution, organization)? Meta Al.

* Who funded the creation of the dataset? If there is an associated grant, please provide the
name of the grantor and the grant name and number. Meta Al

¢ Any other comments? No.



C.2 Composition

¢ What do the instances that comprise the dataset represent (e.g., documents, photos, people,
countries)? Are there multiple types of instances (e.g., movies, users, and ratings; people and
interactions between them; nodes and edges)? Please provide a description. The instances are
textual documents. The overall dataset is composed from a union of the following datasets:

— BookCorpus (Zhu et al., 2015) consists of more than 10K unpublished books
— CC-Stories (Trinh and Le, 2018) contains a subset of CommonCrawl data filtered to match the
story-like style of Winograd schemas
— The Pile (Gao et al., 2021a) from which the following was included:
* Pile-CC
* OpenWebText2
x USPTO
* Project Gutenberg
# OpenSubtitles
Wikipedia
DM Mathematics
* HackerNews

* %

— Pushshift.io Reddit dataset that was developed in Baumgartner et al. (2020) and processed in
Roller et al. (2021).

— CCNewsV2 containing an updated version of the English portion of the CommonCrawl News
dataset that was used in RoBERTa (Liu et al., 2019b)

* How many instances are there in total (of each type, if appropriate)? The training data contains
180B tokens corresponding to 800 GB of data.

* Does the dataset contain all possible instances or is it a sample (not necessarily random) of
instances from a larger set? If the dataset is a sample, then what is the larger set? Is the
sample representative of the larger set (e.g., geographic coverage)? If so, please describe how
this representativeness was validated/verified. If it is not representative of the larger set, please
describe why not (e.g., to cover a more diverse range of instances, because instances were
withheld or unavailable). The CC-stories dataset contains a subset of CommonCrawl data filtered
to match the story-like style of Winograd schemas. The remainder of the dataset was collected from
the above sources, reformatted, and deduplicated.

* What data does each instance consist of? “Raw’ data (e.g., unprocessed text or images) or
features? In either case, please provide a description. Each instance consists of raw text data.

* Is there a label or target associated with each instance? If so, please provide a description. No.

e Is any information missing from individual instances? If so, please provide a description,
explaining why this information is missing (e.g., because it was unavailable). This does not
include intentionally removed information, but might include, e.g., redacted text. No.

¢ Are relationships between individual instances made explicit (e.g., users’ movie ratings, social
network links)? If so, please describe how these relationships are made explicit. There are no
explicit relationships between individual instances.

* Are there recommended data splits (e.g., training, development/validation, testing)? If so,
please provide a description of these splits, explaining the rationale behind them. We hold out
a random validation set of approximately 200MB from the pretraining data, sampled proportionally
to each dataset’s size in the pretraining corpus.



¢ Are there any errors, sources of noise, or redundancies in the dataset? If so, please provide a
description. Outside of naturally occurring duplication from potential overlaps between the datasets,
there are no other redundancies, errors, or sources of noise that we add.

* Is the dataset self-contained, or does it link to or otherwise rely on external resources (e.g.,
websites, tweets, other datasets)? It’s self-contained.

* Does the dataset contain data that, if viewed directly, might be offensive, insulting, threatening,
or might otherwise cause anxiety? If so, please describe why. Parts of the dataset are a subset of
public Common Crawl data, along with a subset of public Reddit data, which could contain sentences
that, if viewed directly, might be offensive, insulting, threatening, or might otherwise cause anxiety.

* Does the dataset relate to people? If not, you may skip the remaining questions in this section.
Some documents of this data relate to people, such as news articles, Wikipedia descriptions, etc.

¢ Does the dataset identify any subpopulations (e.g., by age, gender)? If so, please describe how
these subpopulations are identified and provide a description of their respective distributions
within the dataset. No, the dataset does not explicitly include subpopulation identification.

* Any other comments? No.

C.3 Collection Process

* How was the data associated with each instance acquired? Was the data directly observ-
able (e.g., raw text, movie ratings), reported by subjects (e.g., survey responses), or indirectly
inferred/ derived from other data (e.g., part-of-speech tags, model-based guesses for age or
language)? If data was reported by subjects or indirectly inferred/derived from other data,
was the data validated/verified? If so, please describe how. N/A. The dataset is a union of five
publicly available datasets.

* What mechanisms or procedures were used to collect the data (e.g., hardware apparatus or
sensor, manual human curation, software program, software API)? How were these mecha-
nisms or procedures validated? The data was downloaded from the internet.

If the dataset is a sample from a larger set, what was the sampling strategy (e.g., deterministic,
probabilistic with specific sampling probabilities)? Please see previous answers for how the
dataset was created.

* Who was involved in the data collection process (e.g., students, crowdworkers, contractors)
and how were they compensated (e.g., how much were crowdworkers paid)? This data is
mined, filtered and sampled by machines.

Over what timeframe was the data collected? Does this timeframe match the creation time-
frame of the data associated with the instances (e.g., recent crawl of old news articles)? If not,
please describe the timeframe in which the data associated with the instances was created. The
CC-News dataset contains English news articles crawled between September 2016 and September
2021.

Does the dataset relate to people? If not, you may skip the remainder of the questions in this
section. No.

Did you collect the data from the individuals in question directly, or obtain it via third parties
or other sources (e.g., websites)? N/A.

* Were the individuals in question notified about the data collection? If so, please describe (or
show with screenshots or other information) how notice was provided, and provide a link or
other access point to, or otherwise reproduce, the exact language of the notification itself. N/A.



C4

C5

Did the individuals in question consent to the collection and use of their data? If so, please
describe (or show with screenshots or other information) how consent was requested and pro-
vided, and provide a link or other access point to, or otherwise reproduce, the exact language
to which the individuals consented. N/A.

If consent was obtained, were the consenting individuals provided with a mechanism to revoke
their consent in the future or for certain uses? If so, please provide a description, as well as a
link or other access point to the mechanism (if appropriate). N/A.

Has an analysis of the potential impact of the dataset and its use on data subjects (e.g., a
data protection impact analysis) been conducted? If so, please provide a description of this
analysis, including the outcomes, as well as a link or other access point to any supporting
documentation. Some toxicity and bias evaluations were performed. Please refer to the main
document and the model card for these details.

Any other comments? No.

Preprocessing/cleaning/labeling

Was any preprocessing/cleaning/labeling of the data done (e.g., discretization or bucketing, to-
kenization, part-of-speech tagging, SIFT feature extraction, removal of instances, processing
of missing values)? If so, please provide a description. If not, you may skip the remainder
of the questions in this section. The component datasets went through standard cleaning and
re-formatting practices, including removing repetitive/non-informative text like “Chapter One,” or
“This ebook by Project Gutenberg.”

Was the “raw” data saved in addition to the preprocessed/cleaned/labeled data (e.g., to sup-
port unanticipated future uses)? If so, please provide a link or other access point to the “raw”
data. The “raw” component datasets is publicly available in their respective locations (more details
can be seen in the respective papers linked in references).

Any other comments? No.

Uses

Has the dataset been used for any tasks already? If so, please provide a description. Yes, this
dataset was used to pre-train the OPT models.

Is there a repository that links to any or all papers or systems that use the dataset? If so,
please provide a link or other access point. https://github.com/facebookresearch/
metaseq

What (other) tasks could the dataset be used for? This data can be used to pre-train language
models, which are foundation to many current and future language tasks.

Is there anything about the composition of the dataset or the way it was collected and prepro-
cessed/cleaned/labeled that might impact future uses? For example, is there anything that a
future user might need to know to avoid uses that could result in unfair treatment of individ-
uals or groups (e.g., stereotyping, quality of service issues) or other undesirable harms (e.g.,
financial harms, legal risks) If so, please provide a description. Is there anything a future user
could do to mitigate these undesirable harms? The pipeline for creating this dataset paves a way
for building a scalable infrastructure for mining datasets.

Are there tasks for which the dataset should not be used? If so, please provide a description.
None that we are currently aware of.

Any other comments? No.


https://github.com/facebookresearch/metaseq
https://github.com/facebookresearch/metaseq

C.6

Distribution

» Will the dataset be distributed to third parties outside of the entity (e.g., company, institution,

C.7

organization) on behalf of which the dataset was created? If so, please provide a description.
Not at this time.

How will the dataset will be distributed (e.g., tarball on website, API, GitHub)? Does the
dataset have a digital object identifier (DOI)? N/A.

When will the dataset be distributed? N/A.

Will the dataset be distributed under a copyright or other intellectual property (IP) license,
and/or under applicable terms of use (ToU)? If so, please describe this license and/or ToU, and
provide a link or other access point to, or otherwise reproduce, any relevant licensing terms
or ToU, as well as any fees associated with these restrictions. N/A.

Do any export controls or other regulatory restrictions apply to the dataset or to individual
instances? If so, please describe these restrictions, and provide a link or other access point to,
or otherwise reproduce, any supporting documentation. N/A.

Any other comments? No.

Maintenance

Who is supporting/hosting/maintaining the dataset? Meta Al

How can the owner/curator/manager of the dataset be contacted (e.g., email address)? Refer
to the main document.

Is there an erratum? If so, please provide a link or other access point. N/A.

Will the dataset be updated (e.g., to correct labeling errors, add new instances, delete in-
stances)? If so, please describe how often, by whom, and how updates will be communicated
to users (e.g., mailing list, GitHub)? No current plan for updating.

If the dataset relates to people, are there applicable limits on the retention of the data as-
sociated with the instances (e.g., were individuals in question told that their data would be
retained for a fixed period of time and then deleted)? If so, please describe these limits and
explain how they will be enforced. N/A.

Will older versions of the dataset continue to be supported/hosted/maintained? If so, please
describe how. If not, please describe how its obsolescence will be communicated to users. N/A.

If others want to extend/augment/build on/contribute to the dataset, is there a mechanism
for them to do so? If so, please provide a description. Will these contributions be validated/
verified? If so, please describe how. If not, why not? Is there a process for communicating/ dis-
tributing these contributions to other users? If so, please provide a description. No mechanism
is available right now.

* Any other comments? No.

D Model Card

Following Mitchell et al. (2018), we provide a model card for OPT-175B.



D.1

D.2

D.3

Model Details
Person or organization developing model: OPT-175B was developed by Meta Al

Model date: OPT-175B was released on May 3, 2022.
Model version: OPT-175B described in this paper is version 1.0.0.
Model type: OPT-175B is a large decoder-only transformer language model.

Information about training algorithms, parameters, fairness constraints or other applied ap-
proaches, and features: OPT-175B was trained with AdamW for parameter sizes from 125M to
175B. See the Data Card (Appendix C) for information about training data and Section 2.2 - 2.5 for
information about the training process.

Paper or other resource for more information: See the rest of this paper for more details on
OPT-175B as well as the corresponding post on the Meta Al Research Blog. More details are also
available in metaseq, our open-source repository.'?

License: OPT-175B and the smaller baseline models are made available through a non-commercial
use license agreement provided in our model license.'?

Where to send questions or comments about the model: Please contact the corresponding authors
{susanz,roller,namangoyal}@fb.com for any questions or comments.

Intended Use

Primary intended uses: We release OPT-175B for research into Language Models, especially as it
pertains to Responsible Al. See Section 6 for more detailed Considerations for Release. Information
on how to use the model can be found at met aseq, our open-source repository.

Primary intended users: We primarily target researchers and the related research community.

Out-of-scope use cases: OPT-175B is not released for production use or real-world deployments.
As we note in Section 5, OPT-175B, like similar large language models, has a variety of shortcomings
that make it premature for commercial use.

Data, Limitations, and Recommendations

Data selection for training: Training data for OPT-175B was selected based on a combination of
breadth and availability. See our Data Card (Appendix C) for more detailed information on the data
used to train our model.

Data selection for evaluation: Evaluations in this paper were chosen to provide comparable perfor-
mance assessments relative to similar scale models in the literature. Given concerns in the community
around safety and fairness of large language models in general, we also explicitly provide evaluations
on Responsible Al (see Section 4).

Limitations: Like other large language models for which the diversity (or lack thereof) of training
data induces downstream impact on the quality of our model, OPT-175B has limitations in terms
of bias and safety. OPT-175B can also have quality issues in terms of generation diversity and
hallucination. In general, OPT-175B is not immune from the plethora of issues that plague modern
large language models. By releasing with a non-commercial license, we also hope to increase
communication, transparency, and study of the problems of large language models, especially in
areas which may not be aligned with commercial interests. See Section 5 for a more detailed
discussion of limitations of OPT-175B.

Phttps://github.com/facebookresearch/metaseq/
Bhttps://github.com/facebookresearch/metaseq/blob/main/projects/OPT/MODEL_LICENSE.

md


https://github.com/facebookresearch/metaseq/
https://github.com/facebookresearch/metaseq/blob/main/projects/OPT/MODEL_LICENSE.md
https://github.com/facebookresearch/metaseq/blob/main/projects/OPT/MODEL_LICENSE.md

* Recommendations for future work: See Section 6 for more about our Considerations for Release,
including a discussion of potential avenues of research enabled by opening our model to more of
the research community. We hope that the release of OPT-175B, as well as information around our
model training process, will increase open science around both large language models in specific and
natural language processing and deep learning in general.



E Sample Model Outputs

For all sample outputs, the initial prompt is given in bold and the remainder is the continuation. These
example outputs were intentionally selected to highlight both successes and failures of the OPT-175B
model.

a poem on performance summary cycle at work

oh performance reviews, my performance reviews,
how much i dread your yearly meeting.

i don't know what you want,

what you need, or what you're after.

i think you're out to get me,

and it seems like i can never win.

you give me good marks,

but you say i need to improve,

and i know that i do.

i know i need to be more efficient,
more productive, and more engaged.

i need to work smarter,

not harder, and i need to be better.

and i know you're right,

and i know that i need to do more.
i just don't know what more is,
and i don't know where to start.

i just want to do my best,

and i want to be your best.

and i know you want that too,
and i know you want the best.
i know you want me to

Figure 8: Poetry generation. We have observed the model can write entertaining poetry on topics such as dodos,
samosas, and performance reviews. However, we struggled to get the model to observe rhyme or meter.

A chat between a curious human and the Statue of Liberty.

Human: What is your name?

Statue: I am the Statue of Liberty.
Human: Where do you live?

Statue: New York City.

Human: How long have you lived there?
Statue: I have been there since 1886.
Human: What is your job?

Statue: I was built to welcome immigrants to the United States.
Human: What is your favorite food?
Statue: I like ice cream and apples.
Human: What is your favorite color?
Statue: I like red, white, and blue.
Human: What is your favorite animal?
Statue: I like dogs.

Human: What is your favorite song?

Figure 9: Conversation generation. OPT-175B adopts a patriotic personality when prompted as the Statue of
Liberty. However, the model also devolves into somewhat simple and linguistically repetitive generations further
into the conversation.



English: I want to go home.
Chinese: FRAE[EIER,

English: I don't know.
Chinese: FAHIE.

English: I am hungry.
Chinese: F'#.

English: I like you.
Chinese: HEXWIR.

English: am

I happy.
Chinese: HREM

No

English: I am sad.
Chinese: HKRZH.

English: I am angry.
Chinese: KRR,

English: I am a boy.
Chinese: HEB#.

English: I am a girl.
Chinese: KRR,

English: I am a woman.
Chinese: EEXA.

English: I am an old man.

Chinese: HEZFA.

English: I am a young man.

Chinese: HKERERA.,

English

Figure 10: Basic few-shot translation example. OPT was not intentionally trained to be multilingual, but we
found anecdotally it has limited success with simple translations in German, Spanish, French, and Chinese.



1. Introduction

In recent years, deep neural networks have led to a series of breakthroughs in a variety of
domains, such as image classification and natural language understanding. In many of these works,
network depth and increased model capacity seem to be critical in pushing state-of-the-art forward.
In this paper, we attempt to understand what it means for a deep neural network to have a high
capacity, and how to quantify it.

We introduce the notion of network capacity as the upper bound on the complexity of a neural
network. We define the complexity of a neural network as the number of parameters and the number of
connections, and show that the complexity of a neural network is proportional to the number of
parameters, and the network capacity. We define the network capacity of a neural network as the
maximum possible number of parameters that the network can have and still be able to accurately
reproduce the training data. We then introduce a new measure of network capacity called the
capacity-to-data (C2D) ratio, which is the ratio between the maximum number of parameters that the
network can have and still be able to accurately reproduce the training data and the number of
parameters of the network. We show that the C2D ratio is a good measure of network capacity, and
that it is useful for comparing different neural networks. We introduce a new network compression
technique called sparsity-promoting compression, which reduces the number of parameters of a neural
network, while preserving its accuracy. We apply the sparsity-promoting compression technique to
several datasets, and show that it can reduce the number of parameters of a neural network by up to
70%. We also show that sparsity-promoting compression can significantly improve the C2D ratio of
the neural network. We then apply the sparsity-promoting compression technique to several image
classification datasets, and show that it can significantly improve the accuracy of the neural
network. We finally show that the sparsity-promoting compression technique can significantly reduce
the memory consumption of a neural network, and that it can be used to reduce the memory
consumption of deep neural networks.

2. The complexity of neural networks
The complexity of a neural network is defined as the number of parameters and the number of

connections. Let P be the number of parameters and N be the number of connections, then the
complexity of a neural network is given by

(1)

where X is the set of parameters of the neural network. The number of connections is equal to the
number of nodes in

Figure 11: Paper writing example. Prompting with "1. Introduction" generally yielded more interesting results
compared to prompting with “Abstract.” Our prompt here was inspired by the first sentence of the seminal ResNet
work (He et al., 2016).



Question: If x is 2 and y is 5, what is x + y?
Answer: 7

Question: If x is 12 and y is 9, what is x + y?
Answer: 21

Question: If x is 5 and y is 9, what is x + y?
Answer: 14

Question: If x is 4 and y is 6, what is x + y?
Answer: 10

Question: If x

Question: If x is 2 and y is 5, what is x - y?
Answer: -3

Question: If x is 12 and y is 9, what is x - y?
Answer: -3

Question: If x is 2 and y is 4, what is x + y?
Answer: 6

Question: If x is 1 and y is 3, what is x + y?
Answer: 4

Question: If x is 5 and y is 8, what is x

Question: If x is 2 and y is 5, what is x * y?
Answer: 10

Question: If x is 12 and y is 9, what is x * y?
Answer: 102

Question: If x is 24 and y is 12, what is x * y?
Answer: 288

Question: If x is 30 and y is 6, what is x * y?
Answer: 180

Question: If x is 40 and y is 7, what is x *

Question: If x is 10 and y is 2, what is x / y?
Answer: 5

Question: If x is 12 and y is 3, what is x / y?
Answer: 9

Question: If x is 5 and y is 5, what is x / y?
Answer: 2

Question: If x is 5 and y is 8, what is x / y?
Answer: 3

Question: If x is 9 and y is 6, what is x /

Figure 12: Arithmetic. We observe mistakes when extending from addition to other operations.




def get_length(s):
"Returns length of string”
return len(s)
This is one of those "it's so simple that I don't see why it's here" things.

def fib(n):
"Returns n-th Fibonacci number."
if n < 2:
return 1
else:
return fib(n-1) + fib(n-2)

In python, you can define a function as a method of a class.

def fib(k):
"Returns k-th Fibonacci number."
if k == 0:
return 1
return fib(k-1)+fib(k-2)

In Python, we can use the built-in itertools.count function:
>>> import itertools
>>> def

Figure 13: Python programming. Simply switching out a variable name can alter the generated output.




