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Code generation in 2024

Figure 1: https://www.youtube.com/watch?v=SSnsmqIj1MI
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Adaptability

Adapt to:

• New code
• New repositories
• New libraries
• New languages
• ...
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Adaptability

pθ(y|x, C)

Example contexts C :

• Preceding file contents
• Repository
• New code developed after training
• Documentation, examples, tutorials, etc...
• Discuss: any others?
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Adaptability

pθ(y|x, C)

Example contexts C :

• Preceding file contents
• E.g. HuggingFace modeling_utils.py : ≈ 48k tokens

• Repository
• E.g. three.js: ≈ 800k tokens

• New code developed after training
• Which data is relevant?

• Documentation, examples, tutorials, etc...
• Which data is relevant?
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Today’s lecture

1. Part I: long-context generation
2. Part II: intro to retrieval-augmented generation

• Case study: retrieving documentation

Next week: Student discussion on repository-level generation,
retrieval augmented generation for code

5



Today’s lecture

1. Part I: long-context generation
2. Part II: intro to retrieval-augmented generation

• Case study: retrieving documentation

Next week: Student discussion on repository-level generation,
retrieval augmented generation for code

5



I. Long-context generation



Long-context generation

• Standard transformers→ 2048 tokens
• Efficient attention→ millions of tokens

• Example recipe: Long-context fine-tuning→ 100k tokens
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Standard transformers

Key problem in standard transformers:

• Memory bottlenecks (e.g., in attention)
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Standard transformers | recap

A transformer contains a sequence of ‘transformer blocks’.

• Each block has an attention layer and a feedforward layer
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Standard transformers | recap

Figure 2: Transformer block from minGPT
https://github.com/karpathy/minGPT/blob/master/mingpt/model.py 9

https://github.com/karpathy/minGPT/blob/master/mingpt/model.py


Standard transformers | Problem : quadratic attention

• Let Q, K, V ∈ Rs×d, s is sequence length

Attention(Q, K, V) = softmax
(
QK⊤√
d

)
V

For a single query q, write as Attention(q, k1, . . . , ks, v1, . . . , vs)

Attention(q) =
s∑
i=1

viwi

where wi =
exp(w′

i)∑s
j=1 exp(w′

j)
,

w′
i = dot(q, ki)

Intuition: weighted sum of values v, with weights determined by similarity of query and keys
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Standard transformers | Problem : quadratic attention

• Let Q, K, V ∈ Rs×d, s is sequence length

Attention(Q, K, V)︸ ︷︷ ︸
Rs×d

= softmax


QK⊤︸︷︷︸
Rs×s√
d︸︷︷︸

R


︸ ︷︷ ︸

Rs×s

V

Rs×s:

• memory requirement grows quadratically in sequence length s
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Standard transformers | Problem : quadratic attention

Accelerators (e.g., CUDA GPU) have limited memory capacity and bandwidth:

Figure 3: From FlashAttention [2]

Rs×s memory requirement: many slow SRAM↔ HBM transfers

• ∴ memory requirement is the practical bottleneck!
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Standard transformers | Problem : quadratic attention

Implications:

• Expensive to (pre-)train with a long context length.
• Example: Code Llama: used 4,096 tokens during pre-training

• Expensive to generate (inference-time)

Expensive can mean:

• Slow: bandwidth leads to transfers
• Infeasible: simply run out of memory

• Example: Inference with batch size 1, hidden size 1024, 100M tokens
=⇒ 1000GB memory [8]
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Efficient attention

• Standard transformers→ 2048 tokens
• Efficient attention→ millions of tokens

• Example: Long-context fine-tuning→ 100k tokens
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Efficient attention

Memory-efficient attention [Rabe & Staats arXiv 2021] [10]:

• Compute attention in chunks via clever softmax trick
• Avoids full Rs×s matrix: better memory requirement!
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Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

For a single query q, write as Attention(q, k1, . . . , ks, v1, . . . , vs)

Attention(q) =
s∑
i=1

viwi

where wi =
exp(w′

i)∑s
j=1 exp(w′

j)
,

w′
i = dot(q, ki)

Requires storing s values of w′
i , implying O(s2) for s queries.

Insight 1:

Attention(q) ≡
∑s

i=1 vi exp(w′
i)∑s

j=1 exp(w′
j)

Insight 2:

• Compute by iteratively adding to a vector v∗ ∈ Rd and w∗ ∈ R.
Less memory!

16



Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

For a single query q, write as Attention(q, k1, . . . , ks, v1, . . . , vs)

Attention(q) =
s∑
i=1

viwi

where wi =
exp(w′

i)∑s
j=1 exp(w′

j)
,

w′
i = dot(q, ki)

Requires storing s values of w′
i , implying O(s2) for s queries.

Insight 1:

Attention(q) ≡
∑s

i=1 vi exp(w′
i)∑s

j=1 exp(w′
j)

Insight 2:

• Compute by iteratively adding to a vector v∗ ∈ Rd and w∗ ∈ R.
Less memory!

16



Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

For a single query q, write as Attention(q, k1, . . . , ks, v1, . . . , vs)

Attention(q) =
s∑
i=1

viwi

where wi =
exp(w′

i)∑s
j=1 exp(w′

j)
,

w′
i = dot(q, ki)

Requires storing s values of w′
i , implying O(s2) for s queries.

Insight 1:

Attention(q) ≡
∑s

i=1 vi exp(w′
i)∑s

j=1 exp(w′
j)

Insight 2:

• Compute by iteratively adding to a vector v∗ ∈ Rd and w∗ ∈ R.
Less memory!

16



Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

For a single query q, write as Attention(q, k1, . . . , ks, v1, . . . , vs)

Attention(q) =
s∑
i=1

viwi

where wi =
exp(w′

i)∑s
j=1 exp(w′

j)
,

w′
i = dot(q, ki)

Requires storing s values of w′
i , implying O(s2) for s queries.

Insight 1:

Attention(q) ≡
∑s

i=1 vi exp(w′
i)∑s

j=1 exp(w′
j)

Insight 2:

• Compute by iteratively adding to a vector v∗ ∈ Rd and w∗ ∈ R.
Less memory!

16



Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

Specifically, compute softmax normalization online [9]:

For each query q:
For i = 1, . . . , s:1

w′
i = dot(q, ki)
v∗ ← v∗ + vi exp(w′

i)

s∗ ← s∗ + exp(w′
i)

At the end, Attention(q) = v∗/s∗.

1In general, segment into “chunks” (aka “blocks” / “tiles”). See paper for full version.
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Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

Figure 4: Inference benchmarking
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Efficient attention | Memory-efficient attention [Rabe & Staats 2021] [10]

Figure 5: Differentiation (proxy for training) benchmarking
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Memory-efficient attention | extensions

Memory-efficient attention [Rabe & Staats 2021 [10]]:

• FlashAttention: Analogy via new CUDA kernel [Dao et al 2022 [2]]
• Blockwise Transformers: also chunk feedforward layer
[Liu et al 2023 [7]]

• Ring Attention: Distribute chunks across devices [Liu et al 2023 [8]]

19



Efficient attention | Ring Attention [Liu, Zaharia, Abbeel arXiv 2023] [8]

Figure 6: From [8]: each host holds one query block, and key-value blocks
traverse through a ring of hosts in a block-by-block fashion.
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Efficient attention | Ring Attention [Liu, Zaharia, Abbeel arXiv 2023] [8]

Figure 7: From [8]. Maximum training context size on TPUv4-1024 with vanilla,
efficient attention variants, and Ring Attention.
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Efficient attention | Ring Attention [Liu, Zaharia, Abbeel arXiv 2023] [8]

Figure 8: Long-range line retrieval task
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Long-context generation

• Standard transformers→ 2048 tokens
• Efficient attention→ millions of tokens

• Example adaptation recipe: → 100k tokens
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Long-context generation

Effective Long-Context Scaling of Foundation Models (Meta 2023)

• Llama / analysis
• + ideas used in CodeLlama (Meta 2023)
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Long context fine-tuning of [code-]llama

Pretrain with short context (e.g. 4,096), adapt to long contexts

• Positional embeddings
• Data
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Long context fine-tuning | positional embeddings

RoPe embeddings map inputs to a sphere, with a periodic structure

Figure 9: Vanilla RoPE naturally
decays as s increases

Figure 10: Solution: increase
frequency (RoPE ABF)
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Long context fine-tuning Llama | positional embeddings

Figure 11: Fixes degradation on diagnostic task
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Long context fine-tuning Llama | data

Data:

• Continue pretraining on special mix of 400B tokens
• Finetune on long instruction-tuning data
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Long context fine-tuning Llama | data

Special mix: “new long text data” and up-weight long data samples
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Long context fine-tuning Llama | data

Synthetic long + concatenated short instruction data:
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Long context fine-tuning CodeLlama

Mixed result for CodeLlama:
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Other methods

Long sequence modeling and generation is an active research area:

• Alternative models: state-space models, ...
• Proprietary approaches
• ...
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Black box models

Figure 12: https://github.com/gkamradt/LLMTest_NeedleInAHaystack

31

https://github.com/gkamradt/LLMTest_NeedleInAHaystack


Black box models

Figure 13: OpenAI’s GPT-4-128K (Run 11/8/2023); from
https://github.com/gkamradt/LLMTest_NeedleInAHaystack
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Black box models

Figure 14: Claude 3 (March 4 2024); from
https://www.anthropic.com/news/claude-3-family
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Black box models

Figure 15: Gemini 1.5 (Feb 2024)
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Black box models

Figure 16: Gemini 1.5 (Feb 2024)
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Black box models

Figure 17: Gemini 1.5 (Feb 2024)
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Recap

p(y|x, C)

• Approach 1: place a long context C in the input of a LM
• Use techniques to extend the context size of transformers

Observation: how do we select a context?
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II. Retrieval-augmented
generation



Retrieval-augmented generation

• x: input (e.g. query), y: output (e.g. code)
• Z : data store of items (e.g. code snippets)

p(y|x) =
∑
Zk⊂Z

p(y|x, Zk)p(Zk|x)

≈ argmax
Zk

p(y|x, Zk)p(Zk|x)

≈ p(y|x, Ẑk)p(Ẑk|x),

where

Ẑk = topkzi∈Zsϕ(x, zi)

is a set of retrieved items using scorer sϕ(x, z).
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Retrieval-augmented generation

Concretely:

1. Specify a datastore Z of items to retrieve z
2. Retriever: map a query x to ranked list z1, z2, z3, . . .
3. Generator: use top-ranked items, pθ(y|x, {zk}Kk=1)

Key feature: Z can have new code, relevant documents, etc...
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Retrieval-augmented generation | retrievers

Example retriever: BM-25

• Score text based on term (n-gram) frequencies and length
• Doesn’t use a neural model

40



Retrieval-augmented generation | retrievers

Figure 18: Usage example from https://github.com/dorianbrown/rank_bm25 41
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Retrieval-augmented generation | retrievers

Example retriever: dense passage retriever (DPR) [6]

• Encoder
sϕ(x)→ Rd

• Score
s(x, zi) = sϕ(x)⊤sϕ(zi) ∈ R

• Retrieval

top-K(s(x, z1), s(x, z2), . . . , s(x, z|Z|))

In practice, precompute all s(zi)′s and use a fast maximum inner-product search (MIPS) library

(e.g., faiss (https://github.com/facebookresearch/faiss)).
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Retrieval-augmented generation | retrievers

Example retriever: dense passage retriever (DPR)

• Neural encoder sϕ(x)→ Rd (e.g., BERT)

• Train with InfoNCE loss [11]

L(x, z+, Z−) = − log
exp(s(x, z+))

exp(s(x, z+)) +
∑

z−∈Z− exp(s(x, z−))

As negatives, use other examples in the current minibatch [4, 3]
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Retrieval-augmented generation | retrievers

Task-aware retrieval with instructions (TART) [1]:

• Single task retriever→ instruction-tuned retriever
• Condition on a task-relevant instruction: sϕ : (x, I)→ ze

Figure 19: Task Aware Retrieval with Instructions, Asai et al. ACL 2023
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Retrieval-augmented generation | retrievers

LLM-based retrieval with instructions:

• Adapt LLM (e.g. Mistral 7b) to produce embeddings ze ∈ Rd

• Condition on a task-relevant instruction sϕ : (x, I)→ ze
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Retrieval-augmented generation | retrievers

Example: Retrieval with embeddings from SFR-Embedding-Mistral
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Retrieval-augmented generation | retrievers

Example: Retrieval with embeddings from SFR-Embedding-Mistral
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Retrieval-augmented generation for code | DocPrompting

Case study: retrieving documentation for code generation

Figure 20: DocPrompting: Generating Code by Retrieving the Docs, Zhou et al. ICLR 2023
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Retrieval-augmented generation | DocPrompting

• Retriever:
• Dense (CodeT5 encoder, InfoNCE loss + in-batch negatives)

• Generator:
• Finetune CodeT5 with fusion-in-decoder [5]

• Attends over k encoded retrieved docs

• Task:
• StackOverflow questions→ Python (CoNaLa dataset)
• Split data so that test problems have at least 1 unseen function

• Datastore:
• Docs for all Python functions on devdocs.io

48
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Retrieval-augmented generation for code | DocPrompting

Figure 21: Pass@k on CoNaLa
49



Retrieval-augmented generation for code | DocPrompting

Figure 22: Qualitative example
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Retrieval-augmented generation for code | DocPrompting

Figure 23: Analysis: why does reading docs help generate code (with these models)?
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Retrieval-augmented generation for code | Blackbox Models

Figure 24: RAG with Blackbox API models (Feb 2024) a

ahttps://cloud.google.com/blog/products/ai-machine-learning/context-aware-code-generation-
rag-and-vertex-ai-codey-apis
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Retrieval-augmented generation for code | Blackbox Models

Figure 25: RAG with Blackbox API models (Feb 2024) a

ahttps://cloud.google.com/blog/products/ai-machine-learning/context-aware-code-generation-
rag-and-vertex-ai-codey-apis

50

https://cloud.google.com/blog/products/ai-machine-learning/context-aware-code-generation-rag-and-vertex-ai-codey-apis


Retrieval-augmented generation for code | Blackbox Models

Figure 26: RAG with Blackbox API models (Feb 2024) a

ahttps://cloud.google.com/blog/products/ai-machine-learning/context-aware-code-generation-
rag-and-vertex-ai-codey-apis
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Recap

p(y|x, C)

• Approach 1: place a long context C in the input of a LM
• Use techniques to expand the context size of transformers

• Approach 2: retrieve relevant contexts, place in the input of a LM
• Define a datastore and retriever
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