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Known prefixes allow parallel training; generation needs feedback

A causal transformer mixes allowed context, then transforms each token’s features.

With observed inputs, one pass predicts all shifted targets; the causal mask prevents future access.

A sequence probability multiplies next-token conditionals; generation must choose each new token.

Today: choose and feed back tokens, then account for inference time and memory.
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Teacher forcing uses the true prefix—even when the model is wrong

TRAINING: teacher forcing GENERATION: sample and append
Distribution at “please send the”

report 10%

slides 80%

agenda 10%

Same model

please send the report

Next training prefix

Distribution at “please send the”

report 10%

slides 80%

agenda 10%

Same model

please send the slides

Next generation prefix

Data: report
Loss uses p(report) = .10

Sample: slides

Training prefixes are all known in advance → a causal transformer can process them together.

TRAINING: teacher forcing GENERATION: sample and append
Distribution at “please send the”

report 10%

slides 80%

agenda 10%

Same model

please send the next token?

Distribution at “please send the”

report 10%

slides 80%

agenda 10%

Same model

please send the next token?

Data: report
Loss uses p(report) = .10

Sample: slides

Advance: append the observed token in training, or the sampled token in generation.
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Greedy choice takes the largest bar; sampling uses all the bars

report slides agenda
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draw = 0.64
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Greedy: choose . Categorical sampling: choose token  with probability .argmax𝑗 𝑝𝑗 𝑗 𝑝𝑗
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Temperature changes how concentrated the choices are

For the vocabulary-logit column  and temperature :

report slides agenda
0.0

0.5

0.66

0.24
0.11

T = 0.5

report slides agenda

0.50

0.30
0.20

T = 1

report slides agenda

0.42
0.32 0.26

T = 2

Same model and prefix. Different sampling distribution.

𝒛 𝑇 > 0

𝑝𝑇 ,𝑗 =
exp(𝑧𝑗/𝑇 )

∑𝑣
𝑘=1 exp(𝑧𝑘/𝑇 )

.
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Top-k fixes the count; top-p sets a mass threshold

Top-k: retain k = 2 tokens Top-p: retain ≥ 0.75 probability

Concentrated

0.80

A

0.10

B

0.06

C

0.04

D
Keep 2 tokens; mass = 0.90

0.80

A

0.10

B

0.06

C

0.04

D
Keep 1 tokens; mass = 0.80

Spread out 0.30

A

0.28

B

0.24

C

0.18

D
Keep 2 tokens; mass = 0.58

0.30

A

0.28

B

0.24

C

0.18

D
Keep 3 tokens; mass = 0.82

Keep the selected tokens → renormalize their probabilities → sample.

Top-p (nucleus sampling) keeps the smallest highest-probability set reaching the threshold.
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Generation samples, appends, and runs the model again

Sample EOS → stop

EOS 85%

please 10%

now 5%

Same model • fixed weights

please send the slides today

Sample: EOS

Stop; EOS is not displayed

One prefix in one place: it grows only by adding the sampled token at the right.

Stop on EOS, a new-token cap, or the model’s context limit.

Predict from the prompt

report 10%

slides 80%

agenda 10%

Same model • fixed weights

please send the

One prefix in one place: it grows only by adding the sampled token at the right.
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Can we change how a trained model generates?

We switch a trained model from greedy decoding to top-p sampling.

What must change?

A. The model’s learned weights

B. The rule for choosing the next token

C. The causal attention mask

B. No retraining needed. We sample from the retained tokens instead of always taking the largest

probability.
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The same trained model supports different generation choices

Choice How it chooses the next token Main control

Greedy Take the largest probability Deterministic local choice

Categorical sampling Draw from the full distribution Random variation

Temperature sampling Rescale logits by , then sample Concentration

Top-k sampling Keep  highest-probability tokens,

renormalize, sample

Fixed candidate count

Top-p sampling Keep the smallest set reaching mass

, renormalize, sample

Adaptive candidate count

Inference choices: same weights and training; different generated outputs.

Evaluate the model + decoding rule for the task. Temperature and filters can be combined.

1/𝑇

𝑘

𝑝
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Serving a model means managing user latency and request memory

Prefill and decode → why K/V can be reused → memory → context growth.

Then: data movement, throughput and inference diagnosis.

First serve the trained model; afterward, consider training it.
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Prefill reads the prompt; decode extends it one token at a time

PREFILL
Select: report

Model

please send the

DECODE
Select: today

Model

report

DECODE
Select: EOS

Model

today
Sequence of passes: prefill → decode → decode (synthetic tokens, not timing)

Work Inputs already known User-facing measure

Prefill All prompt tokens Time to first token

Decode One new input token per step Time per subsequent token

Prefill saves per-layer keys and values; each decode step reuses and extends them.
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Earlier tokens stay fixed; attention needs only their keys and values

Earlier tokens
no forward rerun

Saved K and V
at this layer

already computed

New token's state
from the preceding layer

Compute new Q, K and V
append new K/V

Attention output
for the new token

read cached K/V new Q

ONE LAYER · repeat at every layer

Causal masking: appending a token cannot change earlier token states.

Attention mixes tokens; MLPs, normalization and residual paths act within each token.

Keep old K/V at every layer; discard old queries and other intermediate states.
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Inference keeps weights and K/V, plus temporary workspace

Memory term Why it stays or grows

Model weights Shared across requests; size depends on parameters

and precision

K/V at every layer Retained for later tokens; grows with prefix length and

active requests

Temporary activations/workspace Needed for current computations; reused or freed

afterward

We cache the history attention will read—not every activation produced for that history.
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A longer context grows both the cache and the attention work

Quantity being counted If context length doubles: 

Compute: dense attention over a full prompt About 4× as many query–key pairs

Compute: cached attention for one new token About 2× as many query–key pairs

Memory: persistent K/V cache 2× as many stored K/V entries

Fixed model, precision and request count. Operation counts are not measured latency.

Conventional multi-head cache bytes .

Synthetic example:  layers, , , ,  bytes → 24 MiB.

𝐿→ 2𝐿

≈ 2𝑁𝐵𝐿𝑑𝑏

𝑁 = 12 𝐵 = 1 𝐿 = 1024 𝑑 = 512 𝑏 = 2
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Fewer memory transfers can make the same attention faster

GPU main memory (HBM): Q, K, V

On-chip compute
scores → softmax → weighted sum

load

HBM: full L × L
scores / weights

write read

Large intermediate arrays make round trips
Materialize the full attention array

GPU main memory (HBM): Q, K, V

On-chip SRAM
small score tile

+ running softmax/output

load Q/K/V blocks

HBM: final attention output

No full score array written to HBM
FlashAttention: finish work in tiles

Same dense attention; fewer large memory round trips.

Tiling reduces intermediate storage and traffic; the pairwise arithmetic remains quadratic.
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Higher throughput need not mean a faster response for each user

Measure Main dependencies—and why

Time to first token Queue/load + prompt length: wait for service, then

prefill the prompt

Time per subsequent token Model size + context + active batch: each step reads

weights/K/V and computes the new token

Aggregate output tokens/sec Batch size + hardware utilization: process several

requests together to share weight access and parallel

work

Larger batches can raise throughput while adding queueing, cache memory and per-step work.

More output tokens mean more sequential decode steps—and a longer total response time.
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Which memory grows when the prompt grows?

Fixed weights and request count; cached inference now runs out of

memory on longer prompts.

What should we inspect first?

A. Parameter gradients and optimizer state

B. KV cache and temporary activations

C. The number of learned weights

B. Prefix-dependent memory grows even though the model’s weights do not.

Compare task quality, user latency, throughput and peak memory before choosing a fix.
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Training adds backward computation and parameter updates

Memory ledger → precision and recomputation → sharing state across GPUs.

Serving keeps weights fixed. Training must also compute gradients and update them.
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Full fine-tuning can need far more memory than serving

Qwen3-8B: approximately 8.2 billion parameters. Illustrative full-parameter AdamW setup:

Stored arrays Bytes / parameter Approximate memory

16-bit weights used for computation 2 16.4 GB

FP32 master weights for updates 4 32.8 GB

FP32 gradients 4 32.8 GB

Two FP32 Adam moment arrays 8 65.6 GB

Training state subtotal 18 147.6 GB

Inference: 16.4 GB weights + K/V + workspace.

Training: 147.6 GB state + saved activations + workspace.
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Training can save memory by changing precision or recomputing activations

Choice What changes What to check

Mixed precision Use lower precision for suitable

operations; retain higher precision

where needed

Numerical stability, quality and

runtime

Activation checkpointing Save fewer intermediates;

recompute them during backward

Peak memory versus extra

computation

Neither removes weights, gradients, optimizer state, and activations all at once.

Choose the technique for the memory term that is limiting the run.
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ZeRO reduces duplicated training state across GPUs

Ordinary data parallelism trains on different examples with a model replica on each GPU.

ZeRO (Zero Redundancy Optimizer) partitions state among those GPUs:

Stage State partitioned across GPUs, cumulatively

1 Optimizer state

2 Optimizer state + gradients

3 Optimizer state + gradients + parameters

Less state stored per GPU; communication supplies the pieces when needed.
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Serving and training optimize different system outcomes

Serving an LLM Training / fine-tuning an LLM

Goal Useful responses at acceptable

latency, throughput and cost

Reach useful model quality within a

compute/time budget

Memory Weights + per-request K/V +

workspace

Weights + gradients + optimizer

state + saved activations

Levers Cache K/V; manage context and

batching; reduce attention traffic

Mixed precision; recompute

activations; shard state with ZeRO

Identify the limiting resource, change the relevant term, then recheck quality and performance.
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On short email prefixes, both models improve on the bigram

Return to email completion: same grouped split, 4,000-token vocabulary and 64-token cap.

Model Test loss ↓ (nats/token) Exact next-token accuracy ↑

Bigram 4.840 18.9%

Simple RNN 4.454 23.3%

Small causal transformer 4.445 22.8%

For “please send the”, both rank “attached” first; this is a diagnostic, not a quality score.

One seed, eight epochs each; no decisive architecture winner from this experiment.
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The smaller parameter count did not give the smaller training-memory peak

Measured CPU probe: FP32 Adam, batch 64, length 64, vocabulary 4,000; five training steps.

Quantity Simple RNN Small transformer

Parameters 659,552 620,192

FP32 parameter storage 2.52 MiB 2.37 MiB

Peak process memory 548 MiB 630 MiB

Process memory includes activations, optimizer state, runtime and allocator overhead—not just

weights.

This is CPU process memory, not GPU VRAM or a universal architecture ranking.
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Learning to Reconstruct and Restore Images
Arc 7 · Image generation and evaluation

Vanilla autoencoders and denoising autoencoders
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