
Modern LLM Recipe: 
Efficient Adaptation

EECS 183/283a: Natural Language Processing



Recipe So Far…

1. Pretraining

1. Collect training documents and preprocess them

2. Optimize language modeling objective

3. Outcome: really good language model, but:
1. Doesn’t have a useful (natural language) interface
2. Doesn’t necessarily exhibit desired behavior (alignment)



Recipe So Far…
2. Posttraining

1. Instruction-tuning to solve the interface problem
1. Collect examples of natural language instructions paired with 

demonstrations
2. Fine-tune base language model to generate response conditioned on 

instruction
2. Reinforcement learning from human feedback to solve the alignment 

problem
1. For some new instructions, sample candidate responses from the 

instruction-tuned model
2. Ask human annotators to rank the set of candidates
3. Train a reward model to, for a pair of candidates, assign a higher 

score to the candidate that the annotator ranked higher
4. Fine-tune the instruction-tuned model via RL, using reward model

3. Outcome: model that follows natural language instructions directly



Recipe So Far…
• What’s left?

• For complex tasks, model may not “know” the best way to solve it

• Model might be bad at some target task, for example:

• Really challenging math problems

• Very domain-specific problems, e.g., medical reasoning, new 
programming languages, etc.

• Running inference may be inefficient or impossible due to model size

• Can we solve these problems without respending all of the 
compute we used to get our instruction-tuned model?



Inference-Time Adaptation

• Too expensive to fine-tune a model?

• Too little (or no) data available for fine-tuning?

• No access to model weights?

• No access to output probabilities?

• No problem



Recall:
In-Context Learning

The cafeteria had 23 apples. If they used 20 to make lunch and 
bought 6 more, how many apples do they have? 

The restaurant had 15 oranges. If they used 2 to make dinner and 
bought 3 more, how many oranges do they have?

Zero-shot prompting (base LM)

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now? 

A: The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to make lunch 
and bought 6 more, how many apples do they have? 

A: The answer is 27. 

Few-shot prompting

Wei et al. 2022
prompt, task input, model output



Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of tennis 
balls. Each can has 3 tennis balls. How many tennis balls does 
he have now? 

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 
6 tennis balls. 5 + 6 = 11. The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to make lunch 
and bought 6 more, how many apples do they have? 

A: The cafeteria had 23 apples originally. They used 20 to make 
lunch. So they had 23 - 20 = 3. They bought 6 more apples, so 
they have 3 + 6 = 9. The answer is 9. 

Main idea: “prime” model to generate step-
by-step solution to input problem

Wei et al. 2022
prompt, task input, model output



Zero-Shot 
Chain-of-Thought

Q: The cafeteria had 23 apples. If they used 20 to make lunch 
and bought 6 more, how many apples do they have? 

A: Let’s think step by step. The cafeteria had 23 apples 
originally. They used 20 to make lunch. So they had 23 - 20 = 3. 
They bought 6 more apples, so they have 3 + 6 = 9. The answer is 
9. 

Main idea: format input to prime model to 
generate a step-by-step solution

Kojima et al. 2022
prompt, task input, model output



Zero-Shot 
Chain-of-Thought

Main idea: format input to prime model to 
generate a step-by-step solution

Kojima et al. 2022



Structured Prompting
Self-Consistency

Wang et al. 2023



Structured Prompting
Self-Consistency

Wang et al. 2023



Structured Prompting
• Why are we expecting the models to do arithmetic 

directly? Why not just give them a calculator?

• Main idea: prompt LMs to “call” tools, e.g., by interleaving 
language output with calls to a calculator:

Gao et al. 2022

A: The bakers started with 200 loaves. 
loaves_baked = 200 

They sold 93 in the morning and 39 in the afternoon. 
loaves_sold_morning = 93 
loaves_sold_afternoon = 39 

The grocery store returned 6 loaves. 
loaves_returned = 9 

The answer is 
answer = loaves_baked - loaves_sold_morning - 
         loaves_sold_afternoon + loaves_returned

prompt, model text output, model program output



Prompt Tuning

• Instead of designing a prompting method ourselves, why 
not train a model to do it?

• Training data: examples from our target task

• Goal: use the training data to find a prompt that, for some 
particular model, we perform as well as possible on held-
out task data



Discrete Prompt Tuning
• Space of prompts: sequences of wordtypes! 

• Goal during training: find a prompt that maximizes some 
reward (e.g., accuracy) over the training dataset
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Discrete Prompt Tuning
• Space of prompts: sequences of wordtypes! 

• Goal during training: find a prompt that maximizes some 
reward (e.g., accuracy) over the training dataset

• How to optimize?

• Reinforcement learning!

<latexit sha1_base64="xcakMmB5eShx061nL+6dOrzsIHo="></latexit>

arg max
p2V†

E
x2D

R(y ⇠ LLM(px))

<latexit sha1_base64="/phwIOecoQeH5VUZXxwBEmEJGS8=">AAAB+XicbVBNS8NAFNzUr1q/oh69LBbBU0mkqMeiF48VbC00sbxsNu3SzSbsbgol9J948aCIV/+JN/+NmzYHbR1YGGbe481OkHKmtON8W5W19Y3Nrep2bWd3b//APjzqqiSThHZIwhPZC0BRzgTtaKY57aWSQhxw+hiMbwv/cUKlYol40NOU+jEMBYsYAW2kgW17MegRAZ53Z09eCMOBXXcazhx4lbglqaMS7YH95YUJyWIqNOGgVN91Uu3nIDUjnM5qXqZoCmQMQ9o3VEBMlZ/Pk8/wmVFCHCXSPKHxXP29kUOs1DQOzGSRUy17hfif1890dO3nTKSZpoIsDkUZxzrBRQ04ZJISzaeGAJHMZMVkBBKINmXVTAnu8pdXSfei4V42mvfNeuumrKOKTtApOkcuukItdIfaqIMImqBn9IrerNx6sd6tj8VoxSp3jtEfWJ8/vwKTvg==</latexit>

V†



Discrete Prompt Tuning

Deng et al. 2022



Discrete Prompt Tuning

Deng et al. 2022



Continuous Prompt Tuning

• Task: summarization

• One possible (probably suboptimal) prompt: “summarize”

• What is this like for the network?

word embeddings

The last time we went

…

summarize



Continuous Prompt Tuning

• What if our “prompts” are just embeddings in the same 
space as all of the other wordtypes?

• Optimize:

• At inference time, always prepend embedding p to inputs

word embeddings

The last time we went

…

summarize

<latexit sha1_base64="hF8IDGWPTVfMDExUJTuRgBNC7xM="></latexit>
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Continuous Prompt Tuning

• Initialize prompt embeddings with pretrained embeddings 
corresponding to the task (e.g., “summarize”)

• Embeddings are very small, and we don’t need to finetune 
any model parameters, so easy to learn

• However, it could be slower to converge than fully 
finetuning a model (why?)

word embeddings

The last time we went

…



Prompt Sensitivity

Review: <negative review> 
Answer: Negative 
 
Review: <positive review> 
Answer: Positive

Prompt 1

Review: <positive review> 
Answer: Positive 
 
Review: <negative review> 
Answer: Negative

Prompt 2

Golen et al. 2022

88.5%

51.3%



Prompt Sensitivity
• Lots of possible features in prompt design…

• Formatting and wording

• Choices of few-shot examples, labels provided with 
examples, ordering of examples

Sclar et al. 2023



Prompt Sensitivity
• Models are more sensitive to prompt changes for controversial vs. 

non-controversial social questions

• Chat (instruction-tuned) models are more sensitive than base 
models!

Moore et al. 2024



Back to the 
Interface Problem…

• If post-trained models are optimized to follow user 
instructions, why do these methods work so much better 
than simple instruction?

• Chain-of-thought prompting

• Self-consistency

• Program-aided language models

• If models are so sensitive to trivial changes to prompt 
design… have we solved the interface problem? 



Fine-Tuning

• Main problem: model capabilities are bounded by their 
training data

• Pretraining data

• Instruction-tuning data

• Preference data

• If a particular task doesn’t have adequate support in the 
training data, the resulting model won’t have the target 
capability

• Instead, we should finetune the model directly



Full Fine-Tuning
• Yet another phase of fine-tuning, except this time we train on input/

output pairs from our target task

• Basic setup: allow all model parameters to be updated

• However, this can be expensive (why?)

• Instead, to speed up convergence, we can “freeze” a subset of 
parameters (“parameter-efficient fine-tuning”, PEFT)

• Keep their values fixed during fine-tuning (though allowing 
backpropagation through them)

• Which parameters to freeze? Some work proposes to just learn a 
second network from scratch whose parameters represent a “diff” of 
the original network, regularized to have values of mostly 0 
(DiffPruning, Guo et al. 2021)



Adapters

Multi-Head  
Attention

LayerNorm

FFN

LayerNorm

FFN



Adapters
• Modify the network directly by injecting 

additional parameters into transformer 
cells

• Initialize the adapter as an identity 
function

• Finetune only the adapter parameters, 
keeping everything else frozen

• Pretty fast to train (especially compared 
to full fine-tuning)

• But adding layers makes the model 
larger, and inference slower

Multi-Head  
Attention

LayerNorm

FFN

LayerNorm

FFN
Adapter

Adapter



Low-Rank Adaptation
(LoRA)

• Let’s say we want to fine-tune some weight matrix

• We can express the new value as

• In DiffPruning: we’d just learn          directly

• Can we learn even fewer parameters?
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r ⌧ min(d, k)Low-rank:

At the beginning of 
finetuning, initialize:
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A ⇠ N (0,�2)

(so that         behaves as  
identity function)
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Low-Rank Adaptation
(LoRA)

• Significantly fewer parameters to fine-tune than full fine-
tuning or adapters

• But still roughly approximates full fine-tuning, as long as r 
is the “intrinsic rank” of the original weight matrix

• No additional inference latency because we can 
precompute 

• In practice: adapt attention weights
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B 2 Rd⇥r

<latexit sha1_base64="uzTOA5S53YVE/oXF8sgi+1uk1R0=">AAACBnicbVBNS8NAEN34WetX1KMIi0XwVBIp6rHqxWMV+wFNLJvttl262YTdiVBCTl78K148KOLV3+DNf+Om7UFbHww83pthZl4QC67Bcb6thcWl5ZXVwlpxfWNza9ve2W3oKFGU1WkkItUKiGaCS1YHDoK1YsVIGAjWDIZXud98YErzSN7BKGZ+SPqS9zglYKSOfXCBPS6xFxIYBEF6m92nCnvAQ6bxMOvYJafsjIHniTslJTRFrWN/ed2IJiGTQAXRuu06MfgpUcCpYFnRSzSLCR2SPmsbKonZ46fjNzJ8ZJQu7kXKlAQ8Vn9PpCTUehQGpjM/V896ufif106gd+6nXMYJMEkni3qJwBDhPBPc5YpRECNDCFXc3IrpgChCwSRXNCG4sy/Pk8ZJ2T0tV24qperlNI4C2keH6Bi56AxV0TWqoTqi6BE9o1f0Zj1ZL9a79TFpXbCmM3voD6zPH4n7mI8=</latexit>

A 2 Rr⇥k

<latexit sha1_base64="SqhWNfvSP64zGFjlyOd/1N7O/2c=">AAAB+nicbVBNS8NAEJ34WetXqkcvi0WoICWRoh6LXjxWsB/QhLLZbNulm03Y3Sgl9qd48aCIV3+JN/+N2zYHbX0w8Hhvhpl5QcKZ0o7zba2srq1vbBa2its7u3v7dumgpeJUEtokMY9lJ8CKciZoUzPNaSeRFEcBp+1gdDP12w9UKhaLez1OqB/hgWB9RrA2Us8uSeRxjryICVQJz9DotGeXnaozA1ombk7KkKPRs7+8MCZpRIUmHCvVdZ1E+xmWmhFOJ0UvVTTBZIQHtGuowBFVfjY7fYJOjBKifixNCY1m6u+JDEdKjaPAdEZYD9WiNxX/87qp7l/5GRNJqqkg80X9lCMdo2kOKGSSEs3HhmAimbkVkSGWmGiTVtGE4C6+vExa51X3olq7q5Xr13kcBTiCY6iAC5dQh1toQBMIPMIzvMKb9WS9WO/Wx7x1xcpnDuEPrM8f1jqScA==</latexit>

r ⌧ min(d, k)Low-rank:

<latexit sha1_base64="yV1jQ2O9Tn2YDqMjUNHdn2mDoLI=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBZREEoiRb0ItV48VrBNIQ1ls920SzfZsDsRSujP8OJBEa/+Gm/+G7dtDtr6YODx3gwz84JEcA22/W0VVlbX1jeKm6Wt7Z3dvfL+QVvLVFHWolJI1QmIZoLHrAUcBOskipEoEMwNRndT331iSnMZP8I4YX5EBjEPOSVgJM89xTfYxee4cdsrV+yqPQNeJk5OKihHs1f+6vYlTSMWAxVEa8+xE/AzooBTwSalbqpZQuiIDJhnaEwipv1sdvIEnxilj0OpTMWAZ+rviYxEWo+jwHRGBIZ60ZuK/3leCuG1n/E4SYHFdL4oTAUGiaf/4z5XjIIYG0Ko4uZWTIdEEQompZIJwVl8eZm0L6rOZbX2UKvUG3kcRXSEjtEZctAVqqN71EQtRJFEz+gVvVlgvVjv1se8tWDlM4foD6zPHxk6jzE=</latexit>

W 0 = W +BA



Model Compression

• Main problem: model is too big!

• Inference takes too long

• Model doesn’t fit on the device (e.g., VRAM on GPU; 
CPU on a mobile device)

• Can we take a big model and make it smaller?



Pruning
• Not all model parameters are necessary to keep for some 

target task

• We could identify the important parameters using a 
binary mask:

• Which parameters to keep? 

<latexit sha1_base64="KPnwFWuMhl5apq4ZX/nbrcFVurE=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1gEF1ISKeqy6MZlBfuAJpbJdNoOnUzCzI1Q0uDGX3HjQhG3foU7/8bpY6GtBy4czrmXe+8JYsE1OM63lVtaXlldy68XNja3tnfs3b26jhJFWY1GIlLNgGgmuGQ14CBYM1aMhIFgjWBwPfYbD0xpHsk7GMbMD0lP8i6nBIzUtg8C7HGJvdQ5xa6X3acjD/oMyChr20Wn5EyAF4k7I0U0Q7Vtf3mdiCYhk0AF0brlOjH4KVHAqWBZwUs0iwkdkB5rGSpJyLSfTl7I8LFROrgbKVMS8ET9PZGSUOthGJjOkEBfz3tj8T+vlUD30k+5jBNgkk4XdROBIcLjPHCHK0ZBDA0hVHFzK6Z9oggFk1rBhODOv7xI6mcl97xUvi0XK1ezOPLoEB2hE+SiC1RBN6iKaoiiR/SMXtGb9WS9WO/Wx7Q1Z81m9tEfWJ8/FJGWoA==</latexit>

b 2 {0, 1}|✓|



Pruning
• Not all model parameters are necessary to keep for some 

target task

• We could identify the important parameters using a 
binary mask:

• Which parameters to keep? 

• Lottery ticket hypothesis: dense, randomly-initialized 
models contain subnetworks that, when trained in 
isolation, reach test accuracy comparable to the original 
network in a similar number of iterations

<latexit sha1_base64="KPnwFWuMhl5apq4ZX/nbrcFVurE=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1gEF1ISKeqy6MZlBfuAJpbJdNoOnUzCzI1Q0uDGX3HjQhG3foU7/8bpY6GtBy4czrmXe+8JYsE1OM63lVtaXlldy68XNja3tnfs3b26jhJFWY1GIlLNgGgmuGQ14CBYM1aMhIFgjWBwPfYbD0xpHsk7GMbMD0lP8i6nBIzUtg8C7HGJvdQ5xa6X3acjD/oMyChr20Wn5EyAF4k7I0U0Q7Vtf3mdiCYhk0AF0brlOjH4KVHAqWBZwUs0iwkdkB5rGSpJyLSfTl7I8LFROrgbKVMS8ET9PZGSUOthGJjOkEBfz3tj8T+vlUD30k+5jBNgkk4XdROBIcLjPHCHK0ZBDA0hVHFzK6Z9oggFk1rBhODOv7xI6mcl97xUvi0XK1ezOPLoEB2hE+SiC1RBN6iKaoiiR/SMXtGb9WS9WO/Wx7Q1Z81m9tEfWJ8/FJGWoA==</latexit>

b 2 {0, 1}|✓|

Frankle and Carbin 2019



Pruning

Frankle and Carbin 2019

• Remove lowest-magnitude weights (set values to 0)

• Re-train network (freezing removed weights)

• Iterate between pruning and re-training



Quantization
• Main principle: use lower-precision representations of 

network parameters during inference

• Reduces the space required to store the model during 
inference

• If your model has 65B parameters…

• float32 (single-precision) —> 260 GB 

• float16 (half-precision) —> 130 GB

• Usually doesn’t influence performance significantly!

• 1-byte precision —> 65 GB

• 1-bit precision —> 8.1 GB



Quantization-Aware
Training

• Why might training quantization at inference time cause 
degraded performance?

• Activations at input to each layer will be increasingly out-
of-distribution!

• Instead: train model to expect quantized inputs at each 
layer

• Forward pass: quantize

• Backward pass: don’t quantize



Distillation

• Main idea: just train a new network (possibly from 
scratch) on task-specific data sampled from a much larger 
model

• No need for access to larger model’s weights or output 
probabilities, just its outputs

• You can get a much smaller network that you have full 
control over and access to!

• Why not just train on “naturally-available” task-specific 
data?



Model Compression

• Quantization: no parameters are changed (via learning, 
only via lowering precision), can cut model size in half 
without significant performance drops!

• Pruning: set some parameters to zero

• Distillation: train a smaller model using data sampled 
from a larger model


