
Some Papers on LLM

Date: March 4, 2026



Transformer

• Input Tokens
• ↓

• Token Embedding
• ↓
• + Positional Encoding

• ↓
• Hidden Representation
• ↓

• Transformer Block × N
• ├── Multi-Head Self Attention
• │        ↓

• │   Add & LayerNorm
• │
• ├── Feed Forward (MLP)

• │        ↓
• │   Add & LayerNorm
• ↓

• Final Hidden States
• ↓
• Linear Projection (LM Head)

• ↓
• Logits
• ↓

• Softmax
• ↓
• Next Token Probability



Attention



KV cache

• Autoregressive generation

• At step 𝑡, the model generates the next token using 
previous tokens.

• Without KV Cache

• Per-step computation: O(T^2)

• With KV Cache

• Per-step computation: O(T)





Motivation and Background 
(StreamingLLM)

• Streaming chat/agent workloads require continuous decoding; full 
attention makes KV cache grow with sequence length

• Window attention saves memory but perplexity degrades when early 
tokens are evicted

• Common belief says recent tokens are enough; this paper shows that 
assumption is incomplete



Problem Definition

• Goal: stable, low-cost, effectively unbounded streaming inference without 
changing model weights

• Constraint: cannot keep full historical KV; quality should stay close to full 
attention

• Question: why does pure window attention fail, and which historical 
tokens are truly critical?



Proposed Solution: How and Why

• Observation: initial tokens consistently absorb attention mass in many 
heads (attention sinks)

• Method: cache policy becomes initial sink tokens + recent window tokens

• Why it works: sink tokens provide a stable destination for softmax 
attention and avoid instability after eviction

• Extension: adding a dedicated sink token during pretraining can reduce 
sink-token requirements at inference





Why do LLMs break when removing 
initial tokens’ KV?









Two ways:
add zero tokens to the front (no change of models)
Train new model with a fixed sink from scratch





Motivation and Background

• Long-context bottlenecks include both compute and GPU-memory 
movement of KV cache

• Static/heuristic pruning often hurts complex retrieval-heavy tasks

• ANNS appears suitable for top-k attention retrieval, but naive usage 
performs poorly



Problem Definition

• Goal: training-free reduction of latency and memory footprint for long-
context attention

• Core challenge: strong OOD gap between Query and Key distributions 
breaks off-the-shelf ANNS indexing

• Requirement: preserve near-full-attention accuracy while drastically 
reducing KV access



Proposed Solution: How and Why

• How-1: offload most KV to CPU and build attention-aware vector indexes; 
keep a small static KV set on GPU

• How-2: guide index construction with prefill query signals to mitigate Q-K 
OOD mismatch

• How-3: run CPU dynamic retrieval and GPU static attention in parallel, 
then combine partial outputs

• Why: leverages CPU memory capacity and GPU parallelism while avoiding 
full scans and heavy transfers













Motivation and Background

• Context windows have expanded to 128K and beyond, making attention 
memory traffic a dominant bottleneck

• Many prior methods rely on static/history-based importance and can drop 
tokens that become critical later

• Key observation: the same token can switch from unimportant to critical 
under a different query



Problem Definition

• Goal: dynamically identify KV regions critical to the current query and 
avoid full loading

• Constraint: criticality estimation must be cheap enough to preserve net 
speedup

• Design choice: select at page granularity to balance accuracy and 
overhead



Proposed Solution: How and Why

• How-1: maintain per-page min/max key metadata

• How-2: estimate page criticality with current query using a lightweight 
upper-bound style scoring

• How-3: run regular attention only on Top-K selected pages

• Why: query-aware page-level selection captures dynamic relevance while 
reducing memory movement













Typo





Motivation and Background

• Keeping full KV for all heads is expensive and unnecessary for many heads

• Token-level pruning can damage long-range retrieval when important 
tokens are removed

• This work compresses at head level based on functional head roles



Problem Definition

• Goal: reduce decoding and prefilling memory/latency while preserving 
long-context quality

• Main difficulty: accurately detect non-compressible retrieval heads

• System requirement: work across MHA and GQA and remain compatible 
with existing inference stacks



Proposed Solution: How and Why

• How-1: partition heads into Retrieval Heads and Streaming Heads

• How-2: full KV for retrieval heads, constant-length KV (recent + sinks) for 
streaming heads

• How-3: identify retrieval heads via optimization on synthetic data rather 
than static pattern inspection

• Why: concentrates compression on heads less sensitive to long-range 
context, improving efficiency with low quality loss







Synthetic dataset

















Motivation and Background

• Most RL reasoning advances focus on short-context tasks; long-context 
multi-hop reasoning remains underexplored

• Long-context systems often retrieve evidence but fail to execute robust 
reasoning chains

• High-difficulty long-context RL data is scarce



Problem Definition

• Goal: learn reliable multi-step reasoning patterns over long contexts, not 
only retrieval

• Challenge 1: full 128K RL rollouts are prohibitively expensive

• Challenge 2: with outcome-only rewards, avoid reward hacking and learn 
generalizable reasoning behavior



Proposed Solution: How and Why

• How-1: KeyChain synthesis converts short multi-hop QA into hard long-
context tasks using UUID chains and distractors

• How-2: solving requires locating the true question, chain-tracing retrieval, 
multi-step reasoning, and re-checking

• How-3: GRPO-based multi-stage curriculum training introduces harder 
KeyChain data progressively

• Why: high-entropy non-semantic UUID chains force explicit stepwise 
reasoning instead of shortcut pattern matching












	Slide 1: Some Papers on LLM
	Slide 2: Transformer
	Slide 3: Attention
	Slide 4: KV cache
	Slide 5
	Slide 6: Motivation and Background (StreamingLLM)
	Slide 7: Problem Definition
	Slide 8: Proposed Solution: How and Why
	Slide 9
	Slide 10: Why do LLMs break when removing initial tokens’ KV?
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16: Motivation and Background
	Slide 17: Problem Definition
	Slide 18: Proposed Solution: How and Why
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24: Motivation and Background
	Slide 25: Problem Definition
	Slide 26: Proposed Solution: How and Why
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32: Typo
	Slide 33
	Slide 34: Motivation and Background
	Slide 35: Problem Definition
	Slide 36: Proposed Solution: How and Why
	Slide 37
	Slide 38
	Slide 39: Synthetic dataset
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47: Motivation and Background
	Slide 48: Problem Definition
	Slide 49: Proposed Solution: How and Why
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54

