Inference

BAft GPU (memory + compute) FIFZE FEH throughput FIFE(E latency.

I. Token Generation
Bt
1. L37E prompt X B4 Y tokens, B)%&1d forward model 3% 17 #1 token B9
logits.
2. 1RIEH token B9 logits IR 7, i@id K4¥ (sampling) EEX 14 token id.

sampling (standard)
TE logits R . B AEE | S8
1. greedy (argmax): token id with largest logit.
2. top k: select from the top k token id with largest logits.
3. top p: select the top n tokens with cumulative probability >= p.
4. temperature: the denominator factor (T) of logits before softmax(); T++
-> random.

pseudocode

# forward LM to get next token
logits = model(prompt_tokens)
logits = logits[-1] # dim: (T, V) —> (, V)

# apply temperature
logits /= temperature

# apply top_k
if top_k:

v, _ = torch.topk(logits, top_k)

logits = torch.where(logits < v[[-1], -float("inf"),
logits)

# calculate probability
probs = torch.softmax(logits, dim=-1)

# apply top_p
if top_p:

sorted_probs, sorted_idx = torch.sort(probs,
descending=True)

cumulative_probs = torch.cumsum(sorted_probs, dim=-1)



sorted_idx_discard = cumulative_probs > top_p
probs[sorted_idx[sorted_idx_discard]] = 0.0

# sample new token
new_token = torch.multinomial(probs, num_samples=1)

pseudocode for token generation

Il. Infra for Model Serving

a. prerequisites
prefill + decode
inference == 1 prefill step + n decode steps
— prefill: 18#E prompt £ 528 1/ token; compute-bound.
— decode: iR1F prompt 1 B4 AT tokens AL T 11> token; memory-
bound.

KV cache
3% {prompt + generated tokens} FEf&#! attention /2 BY K, V vectors 7% GPU ->
next decode step AJIINEZEM; trade memory (-) for compute (+).
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Figure 1: prefill and decode; KV cache

GPU memory allocation
model + KV cache + activation (intermediate output during the forward pass)

metrics [ observability
- time-to-first-token (prefill)
- time-per-output-token (decode)

infra [RE1Z5E

1. scheduler: plan and allocate available GPU (memory) for {prefill, decode}
requests.
2. workers: execute {prefill, decode} task on GPU.



Scheduler

KV Cache Manager

Block tables

b. infra optimization
MUBE: 1) BEEGEEREE, 2) GPU &RIFE, 3) tradeoff between memory &

compute

batching

- request-level: synchronous
- pre-allocate GPU memory for each sequence -> memory waste
- wait for the longest sequence to finish -> compute waste

- lteration-level: asynchronous
- schedule sequences to max out GPU capacity.
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Figure 2: overview of infra (from vLLM paper)

[ ] decode

request-level

Figure 3: request- and iteration-level batching
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KV caching (trade memory for compute)
— naive: allocate a chunk of contiguous memory for each sequence.
- PagedAttention (vLLM): divide cache into blocks -> reduce memory
fragmentation.
- prefix caching: hash block with token prefix as key -> accelerate prefill
with sys pmt.

scheduling
— VLLM: prefill-prioritizing, execute both the prefill and decode request as
single step.
— chunked prefill: split prefill request into chunks & interleave with decode
steps.

- prefill decode disaggregation: assign dedicated GPU for prefill and
decode requests.

speculative decoding
— steps: 1) rollout n tokens using a small (fast) model 2) verify each token
with the base model in parallel through reject sampling 3) accept the first
k tokens.
- k>1 -> reduced latency.

c. frameworks
- vLLM
- SGLang
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