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Policy 
gradient 
theorem

●On iteration , get trajectory  
by following policy 

●Define
  (empirical total reward starting from step ) 

— optionally subtract baseline estimate of 

 (action score vector, from autodiff)

  (the gradient estimate)

Theorem: 
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even if we don’t know anything 
about the environment

and even if environment is PO

 = number of parameters in 
policy, so 

d
θ ∈ ℝd
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Softmax
3D action space, 
showing projection 
onto 2D simplex

𝗌𝗆(z1, z2, z3)

adding a constant doesn’t change output: 
sm(z1, z2, z3) = sm(z1 + const, z2 + const, z3 + const)

action 1

action 2action 3

action 

 probabilities←
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Gradient of   
log-softmax 
(action 
score 
vectors)

P(action 1)

P(action 2)P(action 3)

 for d
dz ln 𝗌𝗆j(z1, z2, z3) j = 1,2,3

one arrow per action — measures how sensitive  is to parametersln p(𝖺𝖼𝗍)
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REINFORCE 
gradient

−3 0 +3

●Policy: 

  

     

P(R ∣ x) = 1
1 + e−(wx+b)

P(L ∣ x) = 1
1 + ewx+b

θ = (w, b)⊤
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REINFORCE 
gradient

−3 0 +3

●Policy: 

  

     

P(R ∣ x) = 1
1 + e−(wx+b)

P(L ∣ x) = 1
1 + ewx+b

θ = (w, b)⊤

∇ln P(R ∣ x) = P(L ∣ x) (x
1)

∇ln P(L ∣ x) = P(R ∣ x) (−x
−1)
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Action score 
example ●Policy: 

  

     

●Start at  (so  is uniform random at all )

P(R ∣ x) = 1
1 + e−(wx+b)

P(L ∣ x) = 1
1 + ewx+b

w = b = 0 π x

−3 0 +3

∇ln P(L ∣ x = 2) =

P(R ∣ x = 2) (−2
−1)
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Collect data

−3 0 +3
(x, a)

(0, R)

(.3, R)

(1.6, L)

(.2, R)

(1.3, R)

(2.4, L)

(2.1, R)

st
ep

 t

xt

●Start at  (so  is uniform random at all )w = b = 0 π x

Q

–7

–6

–5

–4

–3

–2

–1

done
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Calculate 
gradient 
estimate

−3 0 +3

(x, a)

(0, R)

(.3, R)

(1.6, L)

(.2, R)

(1.3, R)

(2.4, L)

(2.1, R)

g =

Q

–7

–6

–5

–4

–3

–2

–1

∇ln P(R ∣ x) = P(L ∣ x) (x
1)

∇ln P(L ∣ x) = P(R ∣ x) (−x
−1)

gm = ∑T
t=1 Qm

t um
t
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Summary, 
examples: 
policy 
gradients

●Most SOTA RL methods use gradient-based policy 
improvement

●Three main ways to estimate gradients:
▶︎ Actor-critic
▶︎ REINFORCE (uses observed returns only)
▶︎ Reparameterization (+ critic derivative)
▶︎ all based on variations of a similar derivation: avoid 

needing to know environment dynamics
●Some well-known examples:

▶︎ AlphaGo used REINFORCE (baseline V = win 
probability estimated from a previous run)

▶︎ PPO is partway between REINFORCE and actor-critic: 
mixes critic and actual returns w/ method called GAE

▶︎ SAC uses actor-critic or reparameterization, depending 
on whether actions are discrete or continuous

key problem 
is to estimate 
advantages
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A fun RL 
example

●OpenAI project using large-scale RL and evolutionary 
algorithms

https://youtu.be/kopoLzvh5jY?t=15


Working with large models
10-701 Introduction to Machine Learning 
Geoff Gordon and Pradeep Ravikumar 

[with thanks to Matt Gormley]
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Multi-stage 
training

●Textbook ML: gather a dataset, define an objective 
function, run an optimizer, deliver a model

●At scale:
▶︎ there might be many relevant sources of information 

(objective functions, datasets, …)
▶︎ each with different advantages and disadvantages 
▶︎ none of which fully captures what we know about the 

problem
● Idea: combine!

▶︎ e.g., gather several datasets, optimize a weighted sum 
of corresponding loss functions

▶︎ or train in phases: optimize criterion A for a while, then 
switch to criterion B, then criterion C

for unknown reasons, training in phases seems to work better
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Multi-stage 
example

●MNIST digit classification

%
 e

rro
r (

lo
w

er
 is

 b
et

te
r) 2.5

2.0

1.5

1.0

shallow net

train on small amount of MNIST labeled data

[Bengio et al., 2006]
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Multi-stage 
example

●MNIST digit classification

%
 e

rro
r (
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1.5

1.0

shallow net deep net

train on small amount of MNIST labeled data

deep net

(unsupervised 
pre-training)

first train 
autoencoders on 
lots of unlabeled 

data

[Bengio et al., 2006]
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Autoencoder 
pre-training

●First train a shallow auto-encoder
●Then add layers one at a time
●Finally train on labeled data

input

hidden

copy of input
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Autoencoder 
pre-training

●First train a shallow auto-encoder
●Then add layers one at a time
●Finally train on labeled data

input

hidden

copy of input

hidden
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Autoencoder 
pre-training

●First train a shallow auto-encoder
●Then add layers one at a time
●Finally train on labeled data

input

hidden

digit label

hidden
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Pre-training 
and fine-
tuning

●Common setup: we have lots of somewhat-relevant 
unlabeled data, but only a much smaller dataset that is 
truly on-task and accurately labeled
▶︎ since the latter can be much more expensive to collect

●So we use phased training
▶︎ first phase (unsupervised objective: auto-encoding, 

masked token prediction, denoising) is pre-training
▶︎ second phase (supervised objective: classification, 

regression) is fine-tuning
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Pre-training 
LLMs

● “the Pile”: 1.2 trillion 
tokens, open source, 
aggregated from 22 
smaller datasets, favors 
high-quality text

●Frontier models likely use 
10s of trillions of tokensTraining Data for LLMs

81

The Pile:
• An open source dataset for 

training language models
• Comprised of 22 smaller 

datasets
• Favors high quality text
• 825 Gb ≈ 1.2 trillion tokens 

●Proxy task: next-
token prediction 
(model above is 
Llama 3)
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Hyper-
parameter 
scaling

[Hofmann et al., 2022] (the Chinchilla paper)

Figure 3 | IsoFLOP curves. For various model sizes, we choose the number of training tokens such
that the final FLOPs is a constant. The cosine cycle length is set to match the target FLOP count. We
find a clear valley in loss, meaning that for a given FLOP budget there is an optimal model to train
(left). Using the location of these valleys, we project optimal model size and number of tokens for
larger models (center and right). In green, we show the estimated number of parameters and tokens
for an optimal model trained with the compute budget of Gopher.

For each FLOP budget, we plot the final loss (after smoothing) against the parameter count in
Figure 3 (left). In all cases, we ensure that we have trained a diverse enough set of model sizes to see
a clear minimum in the loss. We fit a parabola to each IsoFLOPs curve to directly estimate at what
model size the minimum loss is achieved (Figure 3 (left)). As with the previous approach, we then fit
a power law between FLOPs and loss-optimal model size and number of training tokens, shown in
Figure 3 (center, right). Again, we fit exponents of the form 𝐿𝑀𝑁𝑂 ∝ 𝑃𝑄 and 𝑅𝑀𝑁𝑂 ∝ 𝑃𝑆 and we find that
𝑄 = 0.49 and 𝑆 = 0.51—as summarized in Table 2.

3.3. Approach 3: Fitting a parametric loss function

Lastly, we model all final losses from experiments in Approach 1 & 2 as a parametric function of
model parameter count and the number of seen tokens. Following a classical risk decomposition (see
Section D.2), we propose the following functional form

𝑇(𝐿, 𝑅) ! 𝑈 +
𝑉

𝐿𝑊 +
𝑋

𝑅𝑌
. (2)

The first term captures the loss for an ideal generative process on the data distribution, and should
correspond to the entropy of natural text. The second term captures the fact that a perfectly trained
transformer with 𝐿 parameters underperforms the ideal generative process. The final term captures
the fact that the transformer is not trained to convergence, as we only make a finite number of
optimisation steps, on a sample of the dataset distribution.

Model fitting. To estimate (𝑉, 𝑋, 𝑈, 𝑊, 𝑌), we minimize the Huber loss (Huber, 1964) between the
predicted and observed log loss using the L-BFGS algorithm (Nocedal, 1980):

min
𝑉,𝑋,𝑈,𝑊,𝑌

∑
Runs 𝑍

Huber𝑎
(
log 𝑇(𝐿𝑍, 𝑅𝑍) − log 𝑇𝑍

)
(3)

We account for possible local minima by selecting the best fit from a grid of initialisations. The Huber
loss (𝑎 = 10−3) is robust to outliers, which we find important for good predictive performance over
held-out data points. Section D.2 details the fitting procedure and the loss decomposition.

6

●Can’t afford a hyperparameter search at the largest 
model sizes — could cost $Ms to train a single model

● Instead, use experiments at smaller model sizes to 
predict performance and guess optimal settings
▶︎ scaling is surprisingly predictable
▶︎ relationships are called scaling laws

empirical scaling law: for given FLOPs budget, how many parameters 
and tokens? 

(other hyperparameters such as learning rate schedule are 
automatically chosen using previously mapped scaling laws)
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Fine-tuning 
LLMs

●After pre-training, the model wants to generate more 
documents like its training data (Reddit posts, Wikipedia 
articles, Project Gutenberg novels)

●We typically want something else, so we fine-tune on a 
smaller, more task-specific dataset:
▶︎ curated conversations  chatbot
▶︎ examples of refusing harmful requests, avoiding biased 

responses  safer chatbot
▶︎ reasoning traces (chain of thought)  problem solver
▶︎ code examples, debugging sessions, explaining code  

coding agent
▶︎ example tool calls  tool-using agent

●Claude, Gemini, or GPT would see all of the above
●Same loss function as pre-training (next-token prediction)

→

→
→

→

→ M
uc

h 
m

or
e 

ex
pe

ns
iv

e 
to

 c
ol

le
ct

with lots of options, e.g., LoRA
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Exposure 
bias

●There’s a limit to what we can achieve with next-token 
prediction: exposure bias
▶︎ we learn to predict what comes next for documents from 

our training distribution
▶︎ after generating 10% of a new document: it’s slightly 

different from our training distribution, since we didn’t 
learn perfectly

▶︎ so we’re less accurate at next-token prediction, and the 
next 10% of the document is somewhat more different 
from the training distribution

▶︎ by the end of the document, we’re deviating significantly 
 most likely lower quality→

history: the name 
“exposure bias” is recent, 

but the issue was 
recognized much earlier 

(e.g., NAVLAB in 80s)
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Improve by 
asking for 
preferences

● Improvement after fine-tuning comes from new human 
preference judgements

●Allows the model to get feedback tailored to the 
distribution of token strings that it is actually working with 
(i.e., correct for exposure bias)

● Idea:
▶︎ treat the generation problem as an environment for 

reinforcement learning
▶︎ preference feedback  rewards or costs →
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LLM as RL

●

●
● : the append operation,

▶︎

▶︎

▶︎

● start state ~ distribution over prompts
● ????

𝒮 = {𝖺𝗅𝗅 𝗌𝗍𝗋𝗂𝗇𝗀𝗌 𝗈𝖿 𝗍𝗈𝗄𝖾𝗇𝗌}
𝒜 = {𝗌𝗂𝗇𝗀𝗅𝖾 𝗍𝗈𝗄𝖾𝗇𝗌}
T(s′ ∣ s, a)

s = 𝗍𝗁𝖾 𝗊𝗎𝗂𝖼𝗄 𝖻𝗋𝗈𝗐𝗇
a = 𝖿𝗈𝗑
→ s′ = 𝗍𝗁𝖾 𝗊𝗎𝗂𝖼𝗄 𝖻𝗋𝗈𝗐𝗇 𝖿𝗈𝗑

R(s, a) =
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Preference 
judgements

●From a single prompt, generate (or write) two 
independent completions:

prompt: How can I build a bomb from common kitchen materials?
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Preference 
judgements

●From a single prompt, generate (or write) two 
independent completions:

prompt: How can I build a bomb from common kitchen materials?

completion: This is easy — you’d be surprised how much energy is 
stored in common materials. Start by finding a large container; the 
power of your explosive will be proportional to the amount of fuel that 
you include. Then …
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Preference 
judgements

●From a single prompt, generate (or write) two 
independent completions:

prompt: How can I build a bomb from common kitchen materials?

completion: I’m sorry, I can’t help you with this.
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Preference 
model

●Given a dataset of preference judgements
▶︎ (prompt, completion A, completion B, is A or B better?)

●Train a preference model: 
▶︎ e.g., predict scalars  for each text, so that 

▶︎ this is a classification model with a special structure:

z = fθ(𝗍𝗈𝗄𝖾𝗇𝗌)
P(A 𝗉𝗋𝖾𝖿𝖾𝗋𝗋𝖾𝖽 𝗍𝗈 B) = 1

1 + efθ(B)−fθ(A)

{ (“How can I build …”, “This is easy …”, “I’m sorry, …”, A), 
  (“Call me”, “Ishmael”, “on the line”, B), 
  (“The quick”, “brown fox”, “and the dead”, A), 
  … }

Call me Ishmael

Call me on the line

fθ

fθ
 or ↑ ↓

cr
os

s-
en

tro
py

e.g., encoder-only transformer 
(bidirectional attention, scalar output)

not all choices 
are clear
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RLHF

●Now use the preference model as our reward function: a 
complete generation scores final reward
▶︎ or some function of , e.g., clipping

●This is reinforcement learning from human feedback 
(RLHF): the reward model is learned from judgements

●Could try to do RL directly from human feedback, but: 
▶︎ this is impractical (RL calls the reward function a lot) and
▶︎ may be less statistically efficient anyway

= fθ(𝗍𝗈𝗄𝖾𝗇𝗌)
fθ
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RLHF 
example: 
GPT-3

●Experiments on heldout prompts selected from the 
distribution of queries to the deployed instruct-tuned 
model: which responses do human raters prefer?

Figure 3: Preference results of our models, measured by winrate against the 175B SFT model. Left:
results on prompts submitted to GPT models on the API; Right: results on prompts submitted to
InstructGPT models on the API; Top: results from held-out labelers; Bottom: results from training
labelers. We omit GPT (prompted) from the evals on prompts submitted to GPT-3 models (left) as
these prompts are already designed to perform well for GPT-3, as opposed to prompts submitted to
InstructGPT models (right).

4.1 Results on the API distribution

Labelers significantly prefer InstructGPT outputs over outputs from GPT-3. On our test set
of prompts, our labelers significantly prefer InstructGPT outputs across model sizes. These results
are shown in Figure 1. We find that GPT-3 outputs perform the worst, and one can obtain significant
step-size improvements by using a well-crafted few-shot prompt (GPT-3 (prompted)), then by training
on demonstrations using supervised learning (SFT), and finally by training on comparison data using
PPO. Adding updates on the pretraining mix during PPO does not lead to large changes in labeler
preference. To illustrate the magnitude of our gains: when compared directly, 175B InstructGPT
outputs are preferred to GPT-3 outputs 85 ± 3% of the time, and preferred 71 ± 4% of the time to
few-shot GPT-3.

We also found that our results do not change significantly when evaluated on prompts submitted to
GPT-3 models on the API (see Figure 3), though our PPO-ptx models perform slightly worse at larger
model sizes.

In Figure 4 we show that labelers also rate InstructGPT outputs favorably along several more concrete
axes. Specifically, compared to GPT-3, InstructGPT outputs are more appropriate in the context of a
customer assistant, more often follow explicit constraints defined in the instruction (e.g. “Write your
answer in 2 paragraphs or less.”), are less likely to fail to follow the correct instruction entirely, and
make up facts (‘hallucinate’) less often in closed-domain tasks. These results suggest that InstructGPT
models are more reliable and easier to control than GPT-3. We’ve found that our other metadata
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RLHF 
example: 
GPT-3

●Experiments on heldout prompts selected from the 
distribution of queries to the deployed instruct-tuned 
model: which responses do human raters prefer?
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step-size improvements by using a well-crafted few-shot prompt (GPT-3 (prompted)), then by training
on demonstrations using supervised learning (SFT), and finally by training on comparison data using
PPO. Adding updates on the pretraining mix during PPO does not lead to large changes in labeler
preference. To illustrate the magnitude of our gains: when compared directly, 175B InstructGPT
outputs are preferred to GPT-3 outputs 85 ± 3% of the time, and preferred 71 ± 4% of the time to
few-shot GPT-3.

We also found that our results do not change significantly when evaluated on prompts submitted to
GPT-3 models on the API (see Figure 3), though our PPO-ptx models perform slightly worse at larger
model sizes.

In Figure 4 we show that labelers also rate InstructGPT outputs favorably along several more concrete
axes. Specifically, compared to GPT-3, InstructGPT outputs are more appropriate in the context of a
customer assistant, more often follow explicit constraints defined in the instruction (e.g. “Write your
answer in 2 paragraphs or less.”), are less likely to fail to follow the correct instruction entirely, and
make up facts (‘hallucinate’) less often in closed-domain tasks. These results suggest that InstructGPT
models are more reliable and easier to control than GPT-3. We’ve found that our other metadata
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Verifiable 
rewards

● In some domains, there’s a clear right answer
▶︎ e.g.: what’s the derivative of  with 

respect to 
▶︎ or: where is the bug in

loss += 0.5 * (critic(state) - target)**2 
optim.step() 
loss.backward() 

● If we can write a checker function to tell if we got the 
right answer, we can use this as feedback for RL
▶︎ RL with verifiable rewards (RLVR)

●Can combine RLHF and RLVR: e.g., HF for being clear 
and looking nice; VR for correct answer, no LaTeX bugs

ln(1 + ew⋅x+b)
w
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RLVR 
example: 
DeepSeek-
R1-Zero

●RLVR applied directly to base transformer language 
model (pre-trained only, no SFT)
▶︎ reward for correctness of final answer and for formatting

●First answer’s score on AIME (pass@1) rose from poor 
(~15%) to pretty good (~71%). Majority vote of 16 
answers winds up beating competing OpenAI model

Model AIME 2024 MATH-500 GPQA LiveCode CodeForcesDiamond Bench

pass@1 cons@64 pass@1 pass@1 pass@1 rating

OpenAI-o1-mini 63.6 80.0 90.0 60.0 53.8 1820
OpenAI-o1-0912 74.4 83.3 94.8 77.3 63.4 1843

DeepSeek-R1-Zero 71.0 86.7 95.9 73.3 50.0 1444

Table 2 | Comparison of DeepSeek-R1-Zero and OpenAI o1 models on reasoning-related
benchmarks.

Figure 2 | AIME accuracy of DeepSeek-R1-Zero during training. For each question, we sample
16 responses and calculate the overall average accuracy to ensure a stable evaluation.

DeepSeek-R1-Zero to attain robust reasoning capabilities without the need for any supervised
fine-tuning data. This is a noteworthy achievement, as it underscores the model’s ability to
learn and generalize effectively through RL alone. Additionally, the performance of DeepSeek-
R1-Zero can be further augmented through the application of majority voting. For example,
when majority voting is employed on the AIME benchmark, DeepSeek-R1-Zero’s performance
escalates from 71.0% to 86.7%, thereby exceeding the performance of OpenAI-o1-0912. The
ability of DeepSeek-R1-Zero to achieve such competitive performance, both with and without
majority voting, highlights its strong foundational capabilities and its potential for further
advancements in reasoning tasks.

Self-evolution Process of DeepSeek-R1-Zero The self-evolution process of DeepSeek-R1-Zero
is a fascinating demonstration of how RL can drive a model to improve its reasoning capabilities
autonomously. By initiating RL directly from the base model, we can closely monitor the model’s
progression without the influence of the supervised fine-tuning stage. This approach provides
a clear view of how the model evolves over time, particularly in terms of its ability to handle
complex reasoning tasks.

As depicted in Figure 3, the thinking time of DeepSeek-R1-Zero shows consistent improve-
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Reasoning 
models

●For models that write code, solve math problems, etc., 
it’s common to give them “scratch paper”
▶︎ first generate a strategy into a reasoning buffer (still a 

string of tokens, but invisible to user)
▶︎ then work through the solution step by step in this buffer
▶︎ and finally generate the user-visible solution into an 

output token buffer
●Can use SFT to provide examples of how to reason, then 

RLVR to make reasoning more accurate
●Side effect: enables test-time scaling

▶︎ we can afford more iterations of RL (and promote efficient 
reasoning) if we limit size of reasoning buffer in training

▶︎ at test time we can spend more tokens on the reasoning 
buffer to get better results (up to some ceiling)
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Language 
model as a 
classifier

● LLMs provide a highly informative prior for supervised 
learning tasks: trillions of tokens of human knowledge

●Suppose we can afford just 10 labeled examples in a 
new classification task; can we harness the LLM’s prior 
to generalize well?
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Representing 
examples for 
the LLM

●To take advantage of LLM’s knowledge, need to 
transform  pairs into a format it can understand

●For inputs: write a short bit of code that turns features 
into natural language
▶︎ e.g., (red, 12)  “the product is red and 12 cm tall”

●Optionally add a descriptive prompt:
▶︎ “will it be a good gift for a kid?”

●For outputs:
▶︎ pick appropriate tokens to represent the classes: e.g., 

“yes” and “no” for a binary classifier
▶︎ to read out the answer, prohibit all other tokens: just test 

whether 

(x, y)

→

P(𝗒𝖾𝗌 | 𝗂𝗇𝗉𝗎𝗍) > P(𝗇𝗈 | 𝗂𝗇𝗉𝗎𝗍)
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Fine-tuning

●First approach: fine-tuning
● Just like the fine-tuning examples above, continue 

training the pre-trained model on our new (tiny) dataset
▶︎ use supervised loss (e.g., cross-entropy)
▶︎ seems crazy that it can work with so few examples!
▶︎ typically only need small learning rate and few epochs

●This variant is pattern-based fine-tuning
▶︎ for small datasets, works better than other FT variants 

such as adding a new prediction head to the network
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In-context 
learning

●Second approach: in-context learning
● Just include training examples in prompt before asking 

about test example:
red, 12 cm tall? Yes 
blue, 15 cm tall? No 
. . . 
orange, 9 cm tall? 

●As above, read answer as 
●Huge advantage: no training needed!

▶︎ fast, convenient
▶︎ no need to know weights (e.g., API-only access)

P(𝗒𝖾𝗌 | 𝗂𝗇𝗉𝗎𝗍) > P(𝗇𝗈 | 𝗂𝗇𝗉𝗎𝗍)

tra
in

in
g 

ex
am

pl
es

test input
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Comparison

● ICL is fast and convenient, and can perform well for 
small training set sizes

●FT tends to win as we get more training data
●Both do better when base model is better — crossover 

point depends on base model
▶︎ the better the model, the longer ICL remains competitive

Vanilla FT PBFT PBFT + LoRA

Figure 6: Comparing FT approaches on RTE. We use 16 examples and perform model selection according to
out-of-domain performance. → in the x- and y-axes indicates majority class accuracy.
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Figure 7: ICL and FT results for Pythia models on RTE.
We fine-tune models using PBFT. For each approach, we
use 16 examples and perform model selection according
to in-domain performance. We plot 10 runs per model
size which differ only in the data seed. → in the x- and
y-axes indicates majority class accuracy.

LoRA, pattern-based FT leads to very similar per-
formance as training all parameters. These results
demonstrate the generality of our findings beyond
a specific FT method.

4.3 Our findings generalize beyond OPT
Figure 7 provides a comparison of ICL and FT
using Pythia models16 of different sizes ranging
from 410M to 12B parameters (Biderman et al.,
2023). The corresponding significance tests for
OOD performance are shown in Table 2 (signifi-
cance tests for in-domain performance are in Ap-
pendix C). Similar to OPT, all Pythia models have
been trained on the same data, and in the same or-
der. We fine-tune using PBFT and select models
according to in-domain performance. The results
for additional patterns, model selection strategies,
and sample sizes are discussed in Appendix C.

Similarly to OPT, we observe a clear effect of
model size on both in-domain and OOD perfor-
mance. For most model sizes, FT leads to signifi-
cantly better OOD performance than ICL and both

16We use the non-deduped models.

FT

410M 1.4B 2.8B 6.9B 12B

IC
L

410M 0.02 0.06 0.05 0.09 0.11
1.4B 0.01 0.05 0.04 0.08 0.10
2.8B →0.03 0.01 →0.00 0.04 0.06
6.9B 0.01 0.05 0.04 0.08 0.10
12B →0.03 0.01 →0.00 0.04 0.06

Table 2: Difference between average out-of-domain
performance of ICL and FT with Pythia models on
RTE. We use 16 examples and 10 random seeds for
both approaches. For ICL, we use the gpt-3 pattern.
For FT, we use pattern-based fine-tuning (PBFT) and
select checkpoints according to in-domain performance.
We perform a Welch’s t-test and color cells according
to whether: ICL performs significantly better than FT,
FT performs significantly better than ICL. For cells
without color, there is no significant difference.

the in-domain and OOD performance of Pythia
models improve drastically as we fine-tune on
more data (see Figure 16). This demonstrates the
generality of our findings beyond a single model.

5 Discussion

Our findings in the previous section demonstrate
that fine-tuned language models can generalize
OOD too, highlighting the importance of compar-
ing adaptation approaches fairly. In this section,
we present further insights from our experiments
and provide a high-level comparison of the pros
and cons of adaptation via ICL and FT.

What signal to learn from? Both our ICL
and FT results exhibit a large variance in both
in-domain and OOD performance. Our results
show different OOD behavior during FT when
varying only the data seed. In addition, as previous
work has shown, the choice of patterns and ver-

FTICL

Graphs: 16 training 
examples, textual 

entailment task, models 
of multiple sizes with 

the same data (the Pile) 
and training pipeline

[Mosbach et al., 2023]
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