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Abstract

Large Language models have achieved remarkable performance across diverse tasks, but

face two critical deployment challenges: (1) the key-value (KV) cache memory bottleneck

that limits model deployment in resource-constrained environments, and (2) the sequential

autoregressive generation latency that reduces inference throughput and user experience.

This thesis presents two complementary contributions addressing these distinct chal-

lenges. First, CARE (Covariance-Aware and Rank-Enhanced) tackles the KV-cache memory

bottleneck by converting pretrained Grouped Query Attention (GQA) models into memory-

efficient Multi-Head Latent Attention (MLA) architectures. Unlike naive SVD approaches

that ignore activation patterns, CARE introduces activation-preserving factorization using

covariance-weighted SVD and adaptive rank allocation via water-filling algorithms. Second,

Infinigram-based speculative decoding addresses inference latency by leveraging large-scale

n-gram statistics to predict multiple tokens in parallel, achieving significant speedup through

CPU-optimized data structures and confidence-based acceptance strategies.

Experimental results on Llama-3.1-8B demonstrate that CARE achieves up to 331%

relative improvement in zero-shot accuracy over baseline conversion methods while main-

taining identical KV-cache footprint. Post-conversion healing fully recovers original model

performance with minimal fine-tuning. Infinigram delivers significant inference speedups

across various sequence lengths and batch sizes, with acceptance rates improving for longer

context matches and higher-frequency patterns.

This work contributes novel methodologies combining model design strategies and al-

gorithmic advancements for efficient large generative model deployment, providing practical

solutions to key memory and computational challenges without compromising model capabil-

ities.
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CHAPTER 1

Introduction

1.1 AI Generated Content and Large Language Models

In recent years, AI Generated Content (AIGC) has emerged as a transformative technology

that fundamentally reshapes how we create, process, and interact with information. AIGC

encompasses the use of artificial intelligence to generate human-like content across multiple

modalities, with large language models (LLMs) serving as the cornerstone of this revolution.

The remarkable capabilities of modern models such as ChatGPT [3, 4], GPT-4 [5], Claude [6],

and Llama [7, 8] demonstrate unprecedented proficiency in understanding complex queries

and generating coherent, contextually appropriate responses across diverse domains.

The impact of LLMs extends beyond text generation, influencing applications including

conversational systems [9], code generation [10], scientific writing [11], tutoring [12], and

professional content creation. These models exhibit emergent abilities such as few-shot

learning [13], chain-of-thought reasoning [14], and multi-step problem solving. With the

combination of transformer architectures [15] and massive training datasets, LLMs are capable

of zero-shot and few-shot generalization, enabling adaptation to novel tasks without explicit

retraining.

A variety of architectural paradigms exist, including encoder-only models such as BERT

[16], encoder–decoder frameworks like T5 [17], and decoder-only autoregressive models like

GPT [18]. Scaling trends across these architectures have resulted in exponential growth in

model size, from millions to hundreds of billions of parameters [19]. This scaling underpins

emergent capabilities [20] and has positioned LLMs as foundational components of modern
1
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AI systems, driving advances across industries ranging from automated assistants [21] to

scientific research acceleration [22].

Despite their successes, current LLMs face critical barriers to practical deployment. Their

massive parameter counts and reliance on large key-value (KV) caches impose prohibitive

memory requirements, particularly in resource-constrained environments [23]. Moreover, the

sequential nature of autoregressive text generation introduces inference latency that limits

throughput and user experience [24]. Addressing these challenges requires innovations

in both architectural compression and inference acceleration. This thesis contributes two

complementary approaches: CARE, a method for KV-cache–efficient attention conversion,

and Infinigram-based speculative decoding for parallelized inference. Together, these methods

highlight a path forward for improving memory efficiency and inference speed without

sacrificing model performance.



CHAPTER 2

Literature review

2.1 Transformer models

Transformer models represent a powerful class of deep learning models designed to process

and generate sequential data, such as text tokens [15] and image tokens [25]. Transformer ar-

chitecture tackles the shortcomings of earlier recurrent neural networks [26] and convolutional

networks [27] which had difficulty retaining information across large context windows. This

architecture excels in capturing long-range dependencies and contextual information [28],

making it particularly effective in tasks that require understanding and generating complex

sequences.

The attention mechanism [29], which works as a core algorithm for transformer models,

calculates the attention weights between each pairs of elements in the input sequence. It

achieves this by utilizing three representations of the input: query, key and a value, represented

by Q,K and V . The attention weights are calculated as follows:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V, (2.1)

Where dk denotes the dimension of the key vectors and serves as a scaling factor to prevent

excessive large value of the dot products. The computed attention values are then employed to

compute a weighted sum of the value vectors [15]. This allows transformers to concentrate on

the most important parts of the input sequence. The process is repeated for each attention head

in multi-head attention [30], with the final outputs passed to a feedforward neural network

[30].
3
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Transformer-based models can be broadly categorized into two approaches: autoregressive

(AR) [31] and non-autoregressive (NAR) [32] methods. Autoregressive text generation

is the most common approach used in large language models [13]. In this method, the

model generates text sequentially, predicting one token at a time with the information of

previously generated tokens. The probability of the entire sequence is defined as the product

of conditional probabilities:

p(x1, x2, . . . , xT ) =
T∏
t=1

p(xt|x1, x2, . . . , xt−1), (2.2)

where x1, x2, . . . , xT are the tokens in the generated sequence.

NAR models, including BERT [33] and its variants [34, 35], typically employ masking and

iterative refinement strategies [36] to generate entire sequences in parallel. Although this

paradigm yields substantial speedups over autoregressive approaches, NAR models often

struggle to maintain coherence and fluency in generated text [37]. This limitation stems from

the conditional independence assumption underlying NAR generation, which can introduce

inconsistencies across output positions [38].

2.2 Variation of Large Language Models

2.2.1 Llama Models

Meta AI’s Llama series, introduced in February 2023, has emerged as a pivotal force in

democratizing large-scale language modeling [7]. By making high-performance architectures

publicly accessible, the Llama family has substantially narrowed the capability gap between

open-source and proprietary systems [8].

The series has evolved considerably across multiple releases. Model capacities now span

from 1 billion to 2 trillion parameters, with recent iterations adopting mixture-of-experts

designs to improve computational efficiency. Whereas the original release offered only

pretrained foundation models, Llama 2 marked a strategic shift by simultaneously distributing

instruction-tuned variants optimized for downstream applications [8]. The most recent release,
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TABLE 2.1: Comparison of prominent large language models and vision
models. Models are organized by type and listed chronologically within
each category. The rapid growth in model parameters demonstrates the trend
toward larger architectures, though practical deployment constraints often
favor smaller, more efficient models.

Model Parameters Year Architecture Type
Vision Models
ViT [39] 86M–632M 2020 Vision Transformer
CLIP [40] 151M–428M 2021 Vision-Language Contrastive
Florence [41] 893M 2021 Vision-Language Contrastive
CoAtNet-7 [42] 2.4B 2021 Conv-Attention Hybrid
Encoder-only Language Models
BERT [16] 110M–340M 2018 Bidirectional Encoder
Encoder-Decoder Language Models
T5 [17] 60M–11B 2019 Text-to-Text Transformer
Megatron-LM [43] 8.3B 2020 Large-scale Transformer
Flan-T5 [44] 60M–11B 2022 Instruction-tuned T5
Decoder-only Language Models
GPT-3 [18] 125M–175B 2020 Autoregressive Decoder
OPT [45] 125M–175B 2022 Open GPT-3 Alternative
Llama Family Models
Llama 1 [7] 7B, 13B, 30B, 65B 2023 RMSNorm + SwiGLU
Llama 2 [8] 7B, 13B, 70B 2023 Improved Context Length
Llama 2-Chat [8] 7B, 13B, 70B 2023 RLHF Fine-tuned
Code Llama[46] 7B, 13B, 34B 2023 Code-specialized
Llama 3[47] 8B, 70B 2024 GQA + Enhanced Training
Llama 3.1[48] 8B, 70B, 405B 2024 Extended Context (128K)
Llama 3.2[48] 1B, 3B, 11B, 90B 2024 Multimodal Capabilities
DeepSeek Models
DeepSeek-LLM[49] 7B, 67B 2024 Base Language Model
DeepSeek-Coder[50] 1.3B–33B 2024 Code-specialized
DeepSeek-MoE[51] 16B (2.8B active) 2024 Mixture of Experts
DeepSeek-V2[52] 236B (21B active) 2024 MLA + DeepSeekMoE
DeepSeek-V3[53] 671B (37B active) 2024 MLA + DeepSeekMoE
Other Large-scale Models
Megatron-Turing NLG [54] 530B 2022 Largest Dense Model
GPT-4 [4] Undisclosed 2023 Multimodal

Llama 3 [47], continues this trajectory of iterative refinement—each generation extending

architectural innovations and broadening the practical scope of open-weight language models.
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2.2.1.1 Llama Architecture Development

The first model of this family, Llama 1, was built based on the encoder-decoder transformer

architecture developed by Vaswani et al. in 2017 [30]. Llama 1 introduced several enhance-

ments to the original Transformer architecture [7], combining it with several improvements

that would become the foundation for subsequent iterations.

Pre-Normalization: Inspired by the improvement of training stability implemented in the

architecture of GPT-3 [18], Llama 1 normalizes the input of each transformer sub-layer rather

than only the output [7]. This approach facilitates more efficient gradient flow during the

backpropagation process by allowing error gradients to flow directly from top to bottom layers

without passing through the normalization operations.

RMSNorm: They replaced the traditional LayerNorm function with RMSNorm (Root Mean

Square Norm) [55], which is more computationally efficient while preserving training stability

and increasing model convergence. RMSNorm retains the re-scaling invariance property

while simplifying the computation compared to LayerNorm [7].

SwiGLU Activation Function: Regarding the activation function, Llama 1 replaced the well-

known ReLU with the SwiGLU function [56], which has been shown to improve model

performance. SwiGLU combines Swish and GLU activations and uses a gating mechanism

that selectively activates neurons based on the received input [7].

Rotary Positional Embeddings (RoPE): Llama models employ Rotary Positional Embeddings

[57], which unify the advantages of absolute and relative positional encoding schemes. RoPE

encodes positional information by applying position-dependent rotations to paired dimensions

within query and key vectors, enabling the attention mechanism to capture token positions

implicitly through the resulting inner product structure [7].

Meta released Llama 2 in July 2023 in partnership with Microsoft, marking the second

generation of the Llama family [8]. While the core architecture remains largely consistent

with its predecessor, Llama 2 introduces notable enhancements in training data scale, context

length capacity, and attention mechanism design.
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Enhanced Training Data: The Llama 2 foundation models were trained on a corpus comprising

2 trillion tokens, representing a 40 percent increase over the original Llama dataset [8]. The

curation process filtered websites prone to disclosing personal information while up-sampling

sources deemed reliable.

Extended Context Length: Llama 2 doubles the maximum context window from 2048 to

4096 tokens [8], enabling the model to accommodate longer input sequences. This expansion

improves performance on tasks requiring extended textual reasoning, including question

answering for long context, summarization, and multi-turn dialogue.

Grouped Query Attention (GQA): The larger 34B and 70B variants employ Grouped Query

Attention [58], an interpolation between Multi-Head Attention and Multi-Query Attention.

Rather than maintaining independent key-value projections for each query head, GQA allows

multiple query heads to reference a shared set of key and value representations. This parameter

sharing substantially reduces KV cache memory requirements and accelerates inference

throughput—critical considerations for deploying models at scale—while incurring only

marginal degradation in output quality [8].

Reinforcement Learning from Human Feedback (RLHF): A notable departure from its

predecessor, Llama 2 incorporates reinforcement learning from human feedback into its

training pipeline [21]. By optimizing against human preference signals, the model exhibits

markedly improved conversational utility compared to the original Llama release [8].

Llama 3 features the transformer-based architecture[15] with parameter sizes from 8 billion

to 70 billion, while scaling its model size, it also utilizes enhanced attention mechanisms and

significantly improved training data [48].

Universal Grouped Query Attention: While Llama 3 preserves the broad architectural found-

ations of its predecessor, it extends Grouped Query Attention across all model sizes—a

technique previously limited to the larger 34B and 70B configurations [48]. By compress-

ing key and value representations within the attention mechanism, GQA yields substantial

reductions in KV cache memory consumption at inference time [58].
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Enhanced Context Window: Llama 3 extends the context window to 8,192 tokens, doubling

the 4,096-token limit of Llama 2 and quadrupling the original 2,048-token capacity of Llama

1 [48]. Although this remains modest compared to models such as GPT-4 [4], it represents a

continued progression within the Llama series.

Improved Tokenizer: Llama 3 introduced a more efficient tokenizer and expanded the vocabu-

lary size to 128,256 tokens [48], enhancing the model’s ability to process diverse text inputs

more effectively.

Massive Training Dataset: The training dataset size for Llama 3 variants has scaled dramatic-

ally to 15 trillion tokens, a substantial increase from the 2 trillion tokens used for Llama 2

[48], significantly improving the model’s performance under various content scenarios.

2.2.1.2 Llama Model Variants

The Llama family includes multiple model variants, each designed for specific use cases:

Llama 3.1: Released in 2024, Llama 3.1 extends the capabilities of Llama 3 with models

ranging from 8B to 405B parameters [47]. The flagship 405B model represents Meta’s largest

open-source model to date. Key improvements include an extended context window of 128K

tokens and enhanced multilingual support.

Llama 3.2: Also released in 2024, Llama 3.2 introduces lightweight models (1B and 3B

parameters) optimized for edge deployment and mobile devices [47]. Additionally, it includes

11B and 90B multimodal variants that can process both text and images, marking Meta’s

entry into open-source multimodal language models.

Code Llama: Released in 2023, Code Llama is a specialized variant fine-tuned on code

datasets, available in 7B, 13B, and 34B parameter sizes [46]. It supports code completion,

generation, and infilling capabilities with extended context length for handling longer code

snippets.
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Llama 2-Chat: The conversational variants of Llama 2 (7B, 13B, 70B) are fine-tuned using

RLHF for improved dialogue capabilities [8]. These models demonstrate significantly better

performance in multi-turn conversations compared to the base models.

2.2.2 Deepseek Model

DeepSeek-R1 represents a groundbreaking advancement in reasoning-focused large language

models, introducing the first-generation reasoning models DeepSeek-R1-Zero and DeepSeek-

R1 [59]. These models demonstrate that reasoning capabilities can be incentivized purely

through reinforcement learning without relying on supervised fine-tuning as a preliminary

step. The DeepSeek-R1 series achieves performance comparable to other state-of-the-art

generative models on reasoning tasks, marking a significant milestone in open-source AI

reasoning capabilities [59].

The development of DeepSeek-R1 follows the inference-time scaling paradigm pioneered

by OpenAI’s o1 series [60], which extends Chain-of-Thought reasoning traces to achieve

substantial gains on tasks requiring mathematical, programming, and scientific reasoning.

However, DeepSeek-R1 departs from prior methods that depend heavily on curated supervised

data. Instead, the work demonstrates that large-scale reinforcement learning alone can elicit

strong reasoning capabilities—bypassing the supervised fine-tuning stage typically used for

initialization [59].

2.2.2.1 Deepseek Base Architecture

DeepSeek-R1 and DeepSeek-R1-Zero are built upon the DeepSeek-V3-Base architecture,

which utilizes a Mixture of Experts (MoE) design [53]. DeepSeek-V3 is a strong Mixture-

of-Experts (MoE) language model with 671B total parameters with 37B activated for each

token [53]. This architecture enables these models to have a massive parameter count while

maintaining computational efficiency during inference.

The underlying architecture incorporates several key innovations: Mixture of Experts (MoE)

Framework: DeepSeek-R1 incorporates a cutting-edge Mixture of Experts (MoE) framework



10 2 LITERATURE REVIEW

that allows the model to have a large total parameter count (671B) while only activating

a small portion (37B) during each forward pass [53]. DeepSeekMoE improves upon the

standard MoE architecture by using a larger number of smaller experts (Fine-Grained Expert

Segmentation) and isolating some experts as shared ones [61].

Multi-Head Latent Attention (MLA): DeepSeek-V3 achieves efficient inference and low-cost

training by adopting Multi-Head Latent Attention alongside the DeepSeekMoE architecture,

both validated extensively in DeepSeek-V2 [52]. MLA introduces low-rank joint compression

of attention keys and values, substantially reducing memory overhead during inference while

preserving attention quality [53].

Advanced Transformer Components: DeepSeek-R1 builds upon enhanced transformer layers

that incorporate sparse attention mechanisms and optimized tokenization strategies to model

contextual dependencies more effectively [59]. Additionally, the architecture employs hybrid

attention schemes that dynamically modulate attention weight distributions, enabling strong

performance across both short-context and long-context regimes [53].

2.2.2.2 Deepseek Innovations

Load Balancing Strategy: DeepSeek-V3 introduces an auxiliary-loss-free approach to expert

load balancing, together with multi-token prediction training objective to strengthen overall

performance [53]. Rather than incorporating additional loss terms, this strategy adjusts a

per-expert bias during Top-K expert selection: the bias for each expert is incremented or

decremented by a fixed factor depending on whether that expert is currently underutilized or

overloaded [53].

Multi-Token Prediction (MTP): DeepSeek-V3 introduces the multi-token prediction objective

that enables the model to generate several tokens simultaneously during training [53]. Beyond

improving training efficiency, this formulation naturally supports speculative decoding[62] at

inference time, offering a pathway to accelerated generation [63].
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2.3 Optimization Techniques for Large Generative Models

The deployment of large language models in production environments faces significant

computational and memory constraints. While models with billions of parameters achieve

state-of-the-art performance, their practical application requires sophisticated optimization

techniques to reduce inference latency, memory footprint, and computational costs. This

section examines two fundamental approaches to model optimization: low-rank approximation

methods that compress model parameters while preserving performance, and speculative

decoding techniques that accelerate inference through parallel token generation.

2.3.1 Low-Rank Approximation and Parameter-Efficient Fine-Tuning

Low-rank approximation techniques exploit the observation that weight matrices in neural

networks often exhibit low intrinsic dimensionality [64]. This property enables significant

compression and efficient adaptation of large models through decomposition methods that

reduce the effective number of parameters while maintaining model expressiveness.

2.3.1.1 Singular Value Decomposition for Model Compression

Singular Value Decomposition (SVD) provides a foundational matrix factorization technique

widely applied in neural network compression [65]. Given a weight matrix W ∈ Rm×n, SVD

factorizes it into three components:

W = UΣV T (2.3)

Here, U ∈ Rm×m and V ∈ Rn×n are orthogonal matrices whose columns correspond to the

left and right singular vectors, respectively, while Σ ∈ Rm×n is a diagonal matrix containing

singular values in descending order.

The low-rank approximation is obtained by retaining only the top k singular values:
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Wk = UkΣkV
T
k (2.4)

where Uk ∈ Rm×k, Σk ∈ Rk×k, and Vk ∈ Rn×k represent truncated matrices. This approxim-

ation minimizes the Frobenius norm of the reconstruction error:

∥W −Wk∥2F =

min(m,n)∑
i=k+1

σ2
i (2.5)

The compression ratio achieved through SVD depends on the rank k and original dimensions,

with the compressed representation requiring k(m + n + 1) parameters compared to the

original mn parameters [66].

2.3.1.2 Low-Rank Adaptation (LoRA)

LoRA introduces a parameter-efficient fine-tuning paradigm that freezes the weights of the

base model and injects trainable rank decomposition matrices [67]. For a pre-trained weight

matrix W0 ∈ Rd×k in the base model, LoRA [67] represents the adapted weights as:

W = W0 +∆W = W0 +BA (2.6)

where B ∈ Rd×r and A ∈ Rr×k are low-rank matrices with rank r ≪ min(d, k). During

training, only A and B are updated while W0 remains frozen, reducing the number of trainable

parameters from dk to r(d+ k).

The forward pass with LoRA becomes:

h = W0x+
α

r
BAx (2.7)
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where α is a scaling factor that controls the magnitude of the low-rank adaptation. The

initialization scheme sets A with a random Gaussian distribution and B to zero, ensuring that

the weight difference ∆W is 0 at the start of training [67].

LoRA offers several advantages over full fine-tuning:

• Memory Efficiency: Reduces GPU memory requirements by maintaining only

small trainable matrices

• Storage Efficiency: Multiple task-specific adaptations can be finetuned and stored

as compact LoRA modules (typically <1% of model size)

• Inference Flexibility: LoRA weights can be merged into base weights for zero

additional inference latency

• Composition: Multiple LoRA modules can be combined for multi-task learning

[68]

2.3.1.3 Variants and Extensions

Recent work has extended the LoRA framework in several directions:

QLoRA combines quantization with LoRA, enabling fine-tuning of quantized models with

minimal memory overhead [69]. By storing the base model in 4-bit precision and computing

LoRA updates in higher precision, QLoRA reduces memory requirements by up to 75% while

maintaining comparable performance.

AdaLoRA introduces adaptive rank allocation across different weight matrices [70]. Rather

than using a fixed rank for all layers, AdaLoRA dynamically adjusts the rank based on the

importance of each weight matrix, measured through singular value decomposition during

training.

2.3.2 Key-Value Cache Compression

The key-value (KV) cache represents a critical memory bottleneck in transformer inference,

storing past attention states to avoid redundant computation during autoregressive generation
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[71]. For a model with L layers, H attention heads, sequence length n, and head dimension

dh, the KV cache requires O(L ·H · n · dh) memory per batch element, which grows linearly

with sequence length and can exceed the model parameters for long contexts.

2.3.2.1 KV Cache Fundamentals

During autoregressive generation, transformers cache key and value tensors from previous

time steps to compute attention scores efficiently. For each attention head at position t, the

attention computation becomes:

Attention(Qt, K1:t, V1:t) = softmax
(
QtK

T
1:t√

dk

)
V1:t (2.8)

where K1:t and V1:t represent cached keys and values from positions 1 to t. Without caching,

regenerating these tensors would require O(t2) operations for generating t tokens, compared

to O(t) with caching [71].

The memory footprint of the KV cache for a single sequence is:

MKV = 2 · L ·H · n · dh · sizeof(dtype) (2.9)

For modern large language models, this can reach several gigabytes per sequence. For

instance, a 70B parameter model with 80 layers, 64 attention heads, and 128-dimensional

heads requires approximately 5GB for a 32K context length in FP16 precision [72].

2.3.2.2 Compression Techniques

Multi-Query and Grouped-Query Attention Multi-Query Attention (MQA) shares a single

key-value head across all query heads, reducing the KV cache by a factor of H [73]:

MMQA =
2 · L · n · dh · sizeof(dtype)

H
(2.10)
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Grouped-Query Attention (GQA) provides a middle ground, sharing key-value heads among

groups of query heads [58]. With G groups, the cache reduction factor is H/G, balancing

memory efficiency with model quality.

Token Eviction and Pruning Several methods selectively retain important tokens in the

cache based on attention patterns:

H2O (Heavy-Hitter Oracle) identifies and retains tokens with consistently high attention

scores across layers and heads [74]. The algorithm maintains a priority queue of tokens based

on cumulative attention weights:

si =
L∑
l=1

H∑
h=1

∑
j>i

αl,h,j,i (2.11)

where αl,h,j,i represents the attention weight from position j to position i in layer l, head h.

StreamingLLM maintains attention sinks—initial tokens that accumulate high attention

scores—alongside a sliding window of recent tokens [75]. This approach enables stable

generation for arbitrarily long sequences with bounded memory:

Cache = {K1:s, V1:s} ∪ {Kt−w:t, Vt−w:t} (2.12)

where s represents attention sink tokens and w is the window size.

Quantization and Low-Rank Approximation KV cache quantization reduces memory

through lower-precision representations. KIVI demonstrates that 2-bit quantization of keys

and values achieves minimal quality degradation [76]:

K̃ = Qk(K), Ṽ = Qv(V ) (2.13)

where Qk and Qv are quantization functions mapping to 2-bit representations.

Low-rank decomposition approximates the KV cache through factorization [77]:
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K ≈ UKV
T
K , V ≈ UV V

T
V (2.14)

where UK , UV ∈ Rn×r and VK , VV ∈ Rdh×r with rank r ≪ min(n, dh).

Dynamic Sparse Attention Sparse attention mechanisms compute attention only for relevant

token pairs, implicitly compressing the effective cache [78]. Patterns include:

• Sliding Window: Attend to recent w tokens

• Global Tokens: Designated tokens attend to all positions

• Random Attention: Stochastic sampling of attention connections

• Learned Patterns: Data-driven sparse structures [79]

2.3.2.3 System-Level Optimizations

PagedAttention manages KV cache memory using virtual memory and paging techniques

[72]. By storing the cache in non-consecutive memory blocks and using a page table for

address translation, PagedAttention achieves:

• Near-zero memory waste through fine-grained allocation

• Efficient memory sharing across parallel requests

• Dynamic memory management without pre-allocation

Flash-Attention optimizes memory access patterns for KV cache operations [80]. By

partitioning computation across the sequence dimension and leveraging parallelism across

attention heads, Flash- achieves up to 8× speedup in long-context generation while maintaining

the full KV cache.

Cascade Inference uses a small model to generate and cache KV states, which are then refined

by a larger model [81]. This hierarchical approach reduces overall memory requirements

while maintaining generation quality.
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2.3.3 Speculative Decoding

The computational demands of autoregressive language model inference present significant

bottlenecks for practical deployment. Each token generation requires a complete forward

pass through the entire model, creating sequential dependencies that prevent parallel token

generation. This fundamental constraint has motivated the development of speculative decod-

ing [62, 82], a technique that leverages smaller auxiliary models to propose multiple tokens

simultaneously, which are then verified by the target model in a single evaluation step.

The theoretical elegance of speculative decoding lies in its distribution-preserving property:

the final output maintains identical statistical characteristics to direct sampling from the

target model. This guarantee enables acceleration without compromising generation quality,

distinguishing speculative decoding from approximation-based speedup methods that may

introduce distributional shifts [62, 82].

2.3.3.1 Mathematical Framework

Problem Formulation

Consider a target language model Mt with parameters θt that defines a probability distribution

over token sequences. For an input context x1:n, standard autoregressive generation produces

the next token by sampling from:

xn+1 ∼ pMt(xn+1|x1:n) (2.15)

The computational cost scales linearly with sequence length, as each token requires an

independent forward pass. Speculative decoding addresses this limitation by introducing a

draft model Md with parameters θd, where |θd| ≪ |θt|, enabling faster inference at the cost of

reduced accuracy [83].

Distribution Preservation Theorem
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The core theoretical contribution of speculative decoding establishes that the output distribu-

tion remains mathematically equivalent to direct target model sampling. This fundamental

property guarantees that speculative decoding produces identical outputs distribution to

autoregressive generation only with target models [83].

Theorem: For any distributions p(x) and q(x), tokens sampled via speculative sampling from

p(x) using q(x) as the draft distribution are distributed identically to those sampled from p(x)

alone [62, 82].

Proof: Let β be the acceptance probability for a token x′ sampled from q(x):

β = min

(
1,

p(x′)

q(x′)

)
(2.16)

The adjusted residual distribution p′(x) used when rejection occurs has normalizing constant:

p′(x) =
max(0, p(x)− q(x))

1−
∑

z min(p(z), q(z))
(2.17)

Since
∑

z min(p(z), q(z)) = β by the definition of acceptance probability, the normalizing

constant becomes 1− β.

The total probability of sampling token x′ through speculative decoding is [62]:

P (x = x′) = P (accepted, x = x′) + P (rejected, x = x′)

= q(x′)min

(
1,

p(x′)

q(x′)

)
+ (1− β)p′(x′)

= min(q(x′), p(x′)) +
p(x′)−min(q(x′), p(x′))

1− β
· (1− β)

= min(p(x′), q(x′)) + p(x′)−min(p(x′), q(x′))

= p(x′) (2.18)

Therefore, the final sampling distribution exactly matches the target distribution p(x), re-

gardless of the quality of the draft distribution q(x). This distribution preservation property
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ensures that speculative decoding maintains identical statistical characteristics to direct target

model sampling while potentially achieving significant speedup.

The fundamental speculative sampling procedure, detailed in Algorithm 1, operates through

three distinct phases: draft generation, parallel verification, and probabilistic acceptance. The

draft model generates k speculative tokens sequentially, creating a candidate continuation

of length k. The target model then evaluates all proposed tokens simultaneously, computing

probability distributions for each position.

The acceptance decision for each speculative token x̃i depends on the ratio ri = pt(x̃i)
pd(x̃i)

.

When ri ≥ 1, the target model assigns higher probability than the draft model, leading to

automatic acceptance. For ri < 1, acceptance occurs with probability ri, maintaining the

target distribution through rejection sampling.

Upon rejection at position i, the algorithm samples from a residual distribution that accounts

for the probability mass difference between target and draft models:

presidual(y) =
max(0, pt(y)− pd(y))∑
z max(0, pt(z)− pd(z))

(2.19)

This residual sampling ensures that the final token distribution matches the target model

exactly, even when speculation fails [83].

2.3.3.2 Neural Speculative Decoding Approaches

Modern speculative decoding predominantly relies on neural draft models that approximate the

target model’s behavior while requiring significantly less computation. Several state-of-the-art

approaches have emerged:

Tree-based Speculation: SpecInfer [84] extends speculative decoding to tree structures,

exploring multiple speculation paths simultaneously. These methods increase the likelihood

of finding acceptable token sequences but require more complex verification procedures and

memory management.
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Algorithm 1 Speculative Sampling Algorithm
Require: Draft model Md, Target model Mt, input sequence x1:n, speculation length k
Ensure: Next token(s) sampled from target distribution pMt

1: Draft Phase:
2: for i = 1 to k do
3: p

(i)
d ←Md(x1:n+i−1) {Draft model forward pass}

4: x̃n+i ∼ p
(i)
d {Sample speculative token}

5: end for
6: Verification Phase:
7: {p(1)t , p

(2)
t , . . . , p

(k+1)
t } ←Mt(x1:n, x̃n+1, . . . , x̃n+k) {Target model parallel evaluation}

8: Acceptance Phase:
9: for i = 1 to k do

10: αi ← min

(
1,

p
(i)
t (x̃n+i)

p
(i)
d (x̃n+i)

)
{Acceptance probability}

11: ui ∼ Uniform(0, 1)
12: if ui ≤ αi then
13: Accept x̃n+i, set xn+i = x̃n+i

14: else
15: Rejection Sampling:

16: p
(i)
resid(y)← max

(
0,

p
(i)
t (y)−p

(i)
d (y)∑

z max(0,p
(i)
t (z)−p

(i)
d (z))

)
17: xn+i ∼ p

(i)
resid {Sample from residual distribution}

18: return x1:n+i {Stop speculation, return sequence}
19: end if
20: end for
21: Final Token Generation:
22: if All k tokens accepted then
23: xn+k+1 ∼ p

(k+1)
t {Sample additional token from target}

24: return x1:n+k+1

25: end if

Architecture-Optimized Draft Models: Recent advances introduce draft models with

architectures tailored for efficient inference.

Medusa [85], which accelerates decoding by attaching a set of lightweight non-autoregressive

prediction heads to intermediate layers of the target model. Instead of training a separate draft

model, Medusa reuses the hidden states of the target model and equips each head with the

ability to predict tokens several steps ahead. During inference, these parallel heads generate

candidate continuations that can be verified in a single forward pass of the target model.

This design eliminates the need for an external speculator and tightly integrates speculative
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decoding within the base model itself, achieving speedups with minimal additional parameters

and training cost.

Eagle [86–88] exemplifies this trend through hidden-state conditioning with llama-based

lightweight autoregressive speculative, a design in which the draft model is trained to directly

predict the target model’s next hidden representations based on previous target model hidden

states rather than only token distributions. At training time, Eagle learns to map the current

hidden state of the target model, concatenated with the token embedding, to the next-step

hidden state and corresponding token. Compared to Medusa[85], Eagle model’s autoregressive

approach generate more accurate tokens that are highly aligned with early tokens and is able

to propose more candidate tokens. Besides, it also absorbs target model’s information to the

draft model and alleviates the train–inference mismatch that plagues earlier neural speculator,

enabling Eagle to propose longer token blocks with higher acceptance rates.

Limitations of Neural Approaches: Despite their effectiveness, neural draft models face

inherent challenges:

• Substantial training costs requiring GPU resources and large datasets, often taking

days converge

• Model-specific optimization limiting transferability across different target models

and domains

• Sequential token generation creating speculation bottlenecks even with optimized

architectures

• GPU memory requirements restricting deployment scenarios, particularly in edge

computing environments

• Difficulty in adapting to domain-specific patterns without extensive retraining

2.3.3.3 Non-Neural Speculative Decoding Approaches

N-gram models represent one of the earliest approaches to statistical language modeling

[89, 90]. Despite their simplicity, they remain remarkably effective for capturing local

dependencies in text [91]. An n-gram model estimates:
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P (wt|wt−n+1, . . . , wt−1) =
count(wt−n+1, . . . , wt−1, wt)

count(wt−n+1, . . . , wt−1)
(2.20)

This approach can generate full next-token distributions efficiently, making it suitable for

speculative decoding.

Infinigram [92] fundamentally reimagines n-gram language modeling by removing traditional

constraints on context length. Unlike classical n-gram models that are limited to fixed context

windows, Infinigram enables unbounded context matching through sophisticated indexing

structures.

Key innovations of the original Infinigram system include:

• Suffix Array Architecture: Infinigram employs suffix arrays and FM-index struc-

tures to enable O(log n) lookup time for arbitrary-length n-grams. This allows the

system to search through trillion-token corpora in microseconds, finding the longest

matching context without pre-specifying n-gram length.

• Dynamic Context Selection: Rather than using fixed n-gram orders, Infinigram

dynamically determines the optimal context length based on available matches in the

corpus. If a 50-token exact match exists in the training data, the system can leverage

this full context for prediction.

• Efficient Compression: The system uses sophisticated compression techniques

including run-length encoding and delta compression to store massive text corpora

efficiently. A 1.4 trillion token corpus can be indexed in approximately 7TB of

storage.

N-gram models face several limitations when applied for speculative decoding:

• Sparsity: As n increases, traditional n-grams appear rarely or never in training data

• Context limitation: Fixed context window cannot capture long-range dependencies

• Unexplored deployment Although Infinigram provides solutions to traditional

ngram limitations, it’s performance as a speculative decoding model remains unex-

plored.
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SuffixDecoding [93] eliminates the need for a separate draft model by leveraging efficient

suffix trees to cache token sequences from both prior outputs (global tree) and the current

request (per-request tree). Given a recently generated suffix, the algorithm rapidly locates

matching continuations in these trees and greedily expands a speculation tree, guided by

frequency-based statistics to prioritize likely tokens. To avoid wasted verification, the specula-

tion length is set adaptively: longer pattern matches trigger longer speculations, while shorter

matches result in more conservative drafts. Among multiple candidates, the speculation tree

with the highest expected acceptance score is selected for verification. Because suffix trees

operate entirely in CPU memory with negligible overhead, SuffixDecoding achieves draft

token generation on the order of tens of microseconds per token. Moreover, it supports a hy-

brid mode, dynamically falling back to model-based methods (e.g., Eagle-3) when repetition

is limited, thus combining the efficiency of model-free speculation with the robustness of

model-based approaches.

Despite its efficiency, SuffixDecoding faces scalability challenges.

• Memoroy Expensive: Constructing and maintaining large suffix trees can be

memory-intensive: although the data structure is linear in size, storing millions

of tokens across many requests can consume significant CPU memory, and its tree

structure makes it challenging to save to local disk with decent memory comsuption,

raising concerns for very large-scale deployments.

• Scalability: To mitigate unbounded growth, SuffixDecoding relies on token eviction

strategies, which prevent it from storing arbitrarily long histories.

2.4 Research Gaps and Opportunities

2.4.1 Limitations of Current Approaches

We summarize the limitations of above techniques into two main categories:
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2.4.1.1 Activation-Agnostic Model Compression

Existing low-rank approximation methods, particularly naive SVD approaches, primarily

focus on minimizing weight-space reconstruction error without considering how models

actually process input activations during inference. This fundamental limitation leads to:

• Uniform rank allocation: Current SVD compression methods apply uniform com-

pression across layers, ignoring heterogeneous spectral properties

• Suboptimal compression quality: Weight-space optimization fails to preserve

activation patterns that are crucial for model performance

• Poor zero-shot performance: Compression methods that ignore activation distribu-

tions suffer significant accuracy degradation

2.4.1.2 Inefficient Speculative Decoding Mechanisms

Current speculative decoding approaches rely heavily on neural draft models. Despite non-

neural models show promising research directions, they still have several inherent limitations

in practice. The key limitations of them include:

• Neural High computational overhead: Neural draft models require substantial

GPU resources and training time

• Neural Sequential generation bottleneck: Even small draft models must generate

tokens sequentially, limiting speedup potential

• Neural Limited domain adaptability: Neural approaches struggle to exploit

domain-specific patterns in structured tasks like code generation and capture common

repeated patterns

• Non-Neural Scalability: Complicated data structures like suffix trees[93] can

become memory-intensive and hard to manage at scale, other promising imple-

mentations like Infinigram[92] still lack statistical evaluation and deployment as a

speculator.
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• Non-Neural Limited context modeling: Performance degradation on speed when

searching on large corpus and long prefix context to retrieve full next-token distribu-

tions or next k tokens for verification

2.4.2 Identified Research Opportunities

These limitations reveal two complementary opportunities for advancing efficient large model

deployment:

2.4.2.1 Opportunity 1: Activation-Aware Model Conversion

The gap between weight-space and activation-space optimization presents an opportunity to

develop conversion methods that:

• Preserve activation patterns through covariance-weighted decomposition

• Adaptively allocate compression resources based on layer-specific spectral properties

• Maintain model capabilities while achieving aggressive memory reduction

This opportunity motivates our CARE method (Chapter 3), which introduces activation-

preserving factorization for converting GQA models to efficient MLA architectures.

2.4.2.2 Opportunity 2: Statistical Foundation for Speculative Decoding

The limitations of current neural and non-neural draft models suggest exploring alternative

approaches:

• Leverage classical statistical methods with negligible computational overhead even

with large datasets

• Be able to search on variable length prefix rather than fixed-length n-grams to capture

long-range dependencies

• Build memory-efficient and distributed large non-neural models to fully approximate

target model output on complicated text patterns

• Adapt to target model distributions through direct training of target model outputs



26 2 LITERATURE REVIEW

• Exploit domain-specific patterns for enhanced performance

This opportunity leads to our Infinigram-based speculative decoding (Chapter 4), which uses

n-gram statistics to achieve efficient speculation with CPU-only resources.

2.4.3 Transition to Proposed Solutions

The identified research gaps establish clear objectives for this thesis:

(1) Chapter 3 - CARE: Address the KV-cache memory bottleneck through activation-

aware model conversion that preserves performance while reducing memory footprint

(2) Chapter 4 - Infinigram Speculator: Tackle inference latency through statistical

speculative decoding that achieves significant speedup without neural overhead

These complementary approaches target distinct aspects of the deployment challenge—memory

efficiency and computational speed—providing a comprehensive solution for practical large

model deployment. By addressing both the structural (model architecture) and algorithmic

(inference strategy) dimensions, this work contributes to making large generative models

more accessible and deployable across diverse computational environments.
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Covariance-Aware and Rank-Enhanced Decomposition for Latent

Attention

This chapter presents CARE (Covariance-Aware and Rank-Enhanced), a post-hoc conversion

method for transforming pretrained Grouped Query Attention (GQA) models into Multi-Head

Latent Attention (MLA) under fixed KV-cache budgets. CARE addresses key limitations

of naive SVD approaches by introducing activation-preserving factorization and adjusted-

rank allocation across layers, achieving superior performance while maintaining KV-cache

efficiency.

3.1 Introduction and Motivation

Large Language Models (LLMs) deliver impressive capabilities but at high inference cost,

with the key-value (KV) cache in self-attention emerging as a primary memory and bandwidth

bottleneck [24]. While Grouped Query Attention (GQA) [58] reduces KV cache size by

sharing keys/values within head groups, Multi-Head Latent Attention (MLA) [94] offers a

more efficient approach by compressing keys and values into low-dimensional latent vectors,

dramatically reducing KV size while preserving or improving task accuracy.

However, the ecosystem is dominated by pretrained GQA checkpoints, and retraining from

scratch under MLA is expensive. Recent conversion methods demonstrate feasibility but

typically apply naive singular value decomposition (SVD) that focuses on minimizing weight-

space error rather than activation-space error or enforces uniform rank across layers [95].

Activation-aware variants such as ASVD [96] partially mitigate this by rescaling weights

by per-channel activation magnitudes before SVD, but they still optimize a weight-space
27
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objective and do not address layer-wise rank heterogeneity. CARE addresses these limitations

by introducing a covariance-aware factorization pipeline that aligns approximation with actual

input activations and adaptively allocates ranks across layers based on spectral complexity.

3.2 Theoretical Foundation

3.2.1 Problem Formulation: GQA to MLA Conversion

Converting pretrained Grouped Query Attention (GQA) into Multi-Head Latent Attention

(MLA) involves reparameterizing the key and value projections while maintaining equivalent

KV-cache size. Given a GQA layer with nh heads of size dh split into gh groups, we have

grouped weight matrices W (g)
K ,W

(g)
V ∈ RD×(ghdh) where D = nhdh.

MLA reparameterizes these as:

K = (XWK
a )WK

b , V = (XW V
a )W V

b (3.1)

W {K,V }
a ∈ RD×r, W

{K,V }
b ∈ Rr×(nhdh) (3.2)

where only the latent XW
{K,V }
a ∈ RT×r is cached. To maintain KV-parity with the original

GQA model, we enforce r = ghdh.

3.2.2 Limitations of Naive SVD

Direct SVD initialization minimizes weight-space error ∥W − Ŵ∥F rather than activation-

space error ∥XW − XŴ∥F , ignoring how the projection operates during inference. This

fundamental mismatch creates several critical issues that undermine the effectiveness of naive

conversion approaches.

Figure 3.1(a)(b) demonstrates the heterogeneous sensitivity of different layers to rank re-

duction, where randomly reducing each layer’s rank by 50% shows that some layers suffer

significant accuracy drops while others remain near baseline performance. This layer-wise
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variation highlights the suboptimality of uniform rank allocation. Furthermore, Figure 3.1(c)

reveals that SVD’s singular values serve as imperfect proxies for MLA conversion import-

ance—smaller singular value groups do not always correspond to smaller performance impacts,

exhibiting non-monotonic sensitivity patterns that challenge the fundamental assumption of

spectral truncation methods.

(a) (b) (c)

FIGURE 3.1: Sensitivity analysis of neural network layers to rank compres-
sion. Panels (a)(b) illustrate the performance impact when layer ranks are
halved in the deepseek-v2-lite model, measuring ARC Challenge (25-shot)
and MMLU accuracy against layer position. Baseline performance levels are
indicated by dotted reference lines (ARC: 54.09%, MMLU: 58.16%). Results
reveal non-uniform degradation patterns across the network depth, with certain
layers exhibiting substantial performance drops while others maintain near-
baseline accuracy. Panel (c) demonstrates systematic singular value group
analysis on Llama-3-8B MLA components (layers 30–32), measuring Wiki-
Text perplexity changes. Singular values are organized into ten descending
magnitude clusters, with each cluster’s impact assessed through controlled
truncation experiments averaged across the three target layers. The ideal mono-
tonic relationship between singular value magnitude and performance impact
(dotted trend) contrasts with observed behavior, where mid-range clusters
(8–9) produce less degradation than expected, challenging the assumption that
smaller singular values have proportionally smaller influence on MLA archi-
tectures.

3.2.2.1 Activation-Weight Mismatch

The core limitation of naive SVD lies in its focus on weight approximation rather than

activation preservation. When decomposing W ≈ UV T , standard SVD minimizes ∥W −

UV T∥2F , but the actual inference objective requires minimizing ∥XW −XUV T∥2F for input

activations X . This discrepancy becomes problematic when:

• Input activations have non-uniform variance across dimensions
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• Weight matrices exhibit different spectral properties than their activation-weighted

counterparts

• The approximation quality varies significantly across different input patterns

This mismatch induces attention-logit drift even when weight approximation appears accurate,

leading to degraded downstream performance despite seemingly good reconstruction metrics.

3.2.2.2 Uniform Rank Allocation Problems

Enforcing uniform rank allocation across layers ignores the heterogeneous spectral complexity

of different transformer components. This leads to:

• Over-compression of complex layers: Deep layers with rich spectral structure are

allocated insufficient rank, causing significant information loss

• Under-compression of simple layers: Early layers with intrinsically low-rank

structure receive excessive capacity allocation

• Suboptimal resource utilization: Limited rank budget is distributed inefficiently,

failing to maximize overall approximation quality

The uniform approach treats all layers equivalently despite their varying roles in the model’s

representational hierarchy, resulting in conversion quality that scales poorly with compression

aggressiveness.

3.2.3 Activation-Preserving Factorization

To address the activation-weight mismatch, CARE minimizes empirical activation error rather

than weight error. Given activation batches {Xb}Nb=1 from a calibration set, we define the

covariance matrix:

C =
1

N

N∑
b=1

XT
b Xb (3.3)
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The activation-preserving objective becomes:

min
rank(Ŵ )≤r

1

N

N∑
b=1

∥Xb(W − Ŵ )∥2F (3.4)

This can be rewritten as ∥
√
C(W − Ŵ )∥2F . The optimal rank-r solution is obtained by SVD

on the covariance-weighted matrix:

√
CW = UΣV T , then Ŵ =

√
C

−1
UrΣrV

T
r , (3.5)

where Ur,Σr, Vr retain the top-r components of U,Σ, V . In practice we use the shrinkage-

regularized
√
Cλ = (1−α)

√
C +αλI to ensure invertibility. This covariance-weighted SVD

preserves dominant activation directions more faithfully than naive weight-space SVD [97].

3.2.4 Adjusted-Rank Allocation

Due to heterogeneous spectral properties across attention layers, CARE adaptively distributes

a fixed total rank budget Rtotal to maximize retained energy. For each layer ℓ, we compute the

covariance-weighted singular values {σℓ,K,m} and {σℓ,V,m} of
√
C(ℓ) W

(ℓ)
K and

√
C(ℓ)W

(ℓ)
V

respectively (the same activation-weighted matrices factored in Sec. 3.2.3).

The optimal rank allocation solves:

max
{rℓ,K ,rℓ,V }

L∑
ℓ=1

(
rℓ,K∑
m=1

σℓ,K,m +

rℓ,V∑
m=1

σℓ,V,m

)
(3.6)

subject to
∑L

ℓ=1(rℓ,K + rℓ,V ) = Rtotal and rℓ,V ≤ Rℓ,V , rℓ,K ≤ Rℓ,K .

This is solved greedily using a water-filling algorithm [98]: repeatedly increment the rank

of the matrix that yields the largest increase in singular value sum. This approach allocates

higher ranks to spectrally complex matrices while reclaiming capacity from intrinsically

low-rank ones.
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FIGURE 3.2: Overview of the CARE methodology for converting Group
Query Attention models to Multi-Head Latent Attention architectures. The
transformation pipeline consists of three sequential phases: first, statistical
estimation of activation covariance matrices from representative calibration
samples; second, spectral decomposition of key and value projection matrices
using covariance-informed SVD; and third, optimal rank distribution via water-
filling optimization that accounts for layer-specific spectral characteristics.
This systematic approach maintains computational efficiency in the key-value
cache while preserving the fidelity of neural activations throughout the conver-
sion process.

3.3 CARE Implementation Pipeline

The CARE conversion process follows a systematic four-stage pipeline that transforms

pretrained GQA models into efficient MLA architectures while preserving activation patterns

and optimizing rank distribution. Each stage addresses specific challenges in the conversion

process.

Design rationale. The order of the stages is not incidental but reflects a chain of dependencies

between the empirical and algorithmic components of CARE. Stage 1 collects calibration

activations because the inference-relevant objective is activation-space error ∥XW −XŴ∥2F ,

not weight-space error—this objective cannot be evaluated, let alone minimized, without first

observing how the model actually exercises each layer. Stage 2 condenses those activations

into per-layer covariance matrices C(ℓ) with shrinkage regularization; the covariance is the

minimal sufficient statistic for the activation objective and the regularization keeps
√
C(ℓ)

invertible for the subsequent steps. Stage 3 then reduces to a covariance-weighted SVD

on
√
C(ℓ) W

(ℓ)
{K,V }, which yields singular values that already encode activation importance—

making them directly comparable across layers and across K/V projections. Only with
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comparable spectra in hand does Stage 4’s water-filling allocation become well-posed: it can

assign each additional rank to the projection where the next singular value contributes most to

retained energy, rather than distributing budget uniformly. Finally, Stage 5 (initialization) and

Stage 6 (healing) close the residual gap between the rank-truncated reparameterization and

the original GQA layer, with the activation-preserving initialization guaranteeing that healing

starts from a strong starting point and converges in a small number of steps. Reordering or

skipping any stage breaks this chain: skipping calibration regresses to weight-space SVD,

skipping covariance weighting leaves Stage 4’s spectra incomparable, and skipping healing

leaves a small but non-trivial residual that compounds across layers at low ranks.

3.3.1 Stage 1: Calibration Data Collection and Activation Capture

The first stage establishes the empirical foundation for activation-preserving factorization:

3.3.1.1 Calibration Dataset Preparation

CARE requires a representative calibration dataset to capture the input activation statistics of

the target model. The calibration process involves:

• Dataset Selection: Choose 256 sequences from diverse sources (C4, WikiText2,

PTB, Alpaca) to ensure representative coverage

• Sequence Length: The pipeline supports arbitrary lengths up to the host-memory

limit of the covariance accumulator (about 512 tokens on H100 80GB; longer

sequences trigger OOM during covariance estimation, see Sec. 3.4.5). Our ex-

perimental defaults are 32 tokens for zero-shot evaluation and 256 tokens when

calibration is paired with healing; the sample-size and sequence-length sensitivity

sweep is shown in Fig. 3.4

• Domain Balance: Include both general text and domain-specific content to match

expected deployment scenarios

• Preprocessing: Apply the same tokenization and normalization as the original model

training
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3.3.1.2 Forward Pass Execution

For each calibration sequence, we perform forward passes through the original GQA model

to collect layer-wise activations:

• Activation Extraction: Capture input activations X(ℓ) ∈ RT×D before each attention

layer ℓ

• Memory Management: Store activations efficiently using mixed-precision (FP16)

to reduce memory overhead

• Batch Processing: Process calibration data in batches to balance memory usage and

computational efficiency

• Gradient Computation: Disable gradient computation during calibration to minim-

ize memory requirements

3.3.2 Stage 2: Covariance Matrix Estimation and Regularization

The second stage computes activation covariance matrices and applies regularization for

numerical stability:

3.3.2.1 Empirical Covariance Computation

For each layer ℓ, we compute the empirical covariance matrix:

C(ℓ) =
1

N

N∑
b=1

(X
(ℓ)
b )TX

(ℓ)
b (3.7)

where N is the number of calibration batches and X
(ℓ)
b represents the activations for batch b

at layer ℓ.

3.3.2.2 Numerical Stabilization

To ensure numerical stability and invertibility, CARE applies shrinkage regularization [99]:
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C
(ℓ)
λ = (1− α)C(ℓ) + αλI (3.8)

where α ∈ [0.01, 0.1] controls the shrinkage strength and λ is chosen as a small fraction of

the largest eigenvalue of C(ℓ). This prevents ill-conditioning while preserving the dominant

covariance structure.

3.3.2.3 Covariance Matrix Properties

The regularized covariance matrices exhibit several important properties:

• Positive Definiteness: Guaranteed invertibility for downstream computations

• Spectral Structure: Preserves the relative magnitudes of principal components

• Numerical Stability: Condition numbers remain within acceptable ranges (< 1012)

• Computational Efficiency: Sparse storage when appropriate for high-dimensional

cases

3.3.3 Stage 3: Covariance-Weighted SVD Decomposition

The third stage performs the core factorization using activation-preserving SVD:

3.3.3.1 Matrix Preparation

For each layer ℓ and projection type {K,V }, we compute the covariance-weighted matrix:

M
(ℓ)
{K,V } =

√
C

(ℓ)
λ W

(ℓ)
{K,V } (3.9)

This weighting ensures that the SVD decomposition prioritizes directions with high activation

variance, and using the shrinkage-regularized
√
C

(ℓ)
λ keeps the subsequent inverse

√
C

(ℓ)
λ

−1

well-conditioned.
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3.3.3.2 Randomized SVD Implementation

To handle large matrices efficiently, CARE employs randomized SVD [97] with the following

optimizations:

• Sketching: Use Gaussian random matrices of size D × (r + p) where p ≈ 10 is the

oversampling parameter

• Power Iteration: Apply 2-3 power iterations to improve accuracy for matrices with

slow spectral decay

• Block Processing: Process matrices in blocks to reduce peak memory usage

• Numerical Precision: Use FP32 precision for SVD computations to maintain

accuracy

The decomposition yields:

M
(ℓ)
{K,V } = U

(ℓ)
{K,V }Σ

(ℓ)
{K,V }(V

(ℓ)
{K,V })

T (3.10)

where Σ
(ℓ)
{K,V } contains the covariance-weighted singular values sorted in descending order.

3.3.4 Stage 4: Water-Filling Rank Allocation Algorithm

Algorithm 2 Water-Filling Rank Allocation

Require: Covariance matrices {C(ℓ)}Lℓ=1, weight matrices {W (ℓ)
K ,W

(ℓ)
V }Lℓ=1, total budget Rtot

Ensure: Optimal rank assignments {rℓ,K , rℓ,V }Lℓ=1

1: Compute covariance-weighted SVD:
√

C
(ℓ)
λ W

(ℓ)
{K,V } = UΣV T for all layers

2: Initialize all ranks to 1
3: Compute remaining budget: B = Rtot − 2L
4: while B > 0 do
5: Find matrix (ℓ, {K,V }) with largest next singular value
6: Increment corresponding rank: rℓ,{K,V } ← rℓ,{K,V } + 1
7: Decrement budget: B ← B − 1
8: end while
9: return {rℓ,K , rℓ,V }Lℓ=1
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3.3.5 Stage 5: MLA Parameter Initialization

After determining optimal ranks, we initialize the MLA parameters using the covariance-

weighted SVD factors with careful attention to numerical stability and initialization quality.

3.3.5.1 Low-Rank Factor Construction

For each layer ℓ and projection type {K,V }, we construct the MLA parameters:

W (ℓ),{K,V }
a ←

√
C

(ℓ)
λ

−1

U (ℓ),{K,V }
rℓ,{K,V }

Σ(ℓ),{K,V }
rℓ,{K,V }

(3.11)

W
(ℓ),{K,V }
b ← (V (ℓ),{K,V }

rℓ,{K,V }
)T (3.12)

where rℓ,{K,V } is the allocated rank from the water-filling algorithm.

3.3.5.2 Initialization Quality Verification

To ensure high-quality initialization, CARE performs several verification steps:

• Reconstruction Error Check: Verify that ∥W (ℓ)
{K,V } −W

(ℓ),{K,V }
a W

(ℓ),{K,V }
b ∥F < ϵ

for appropriate tolerance ϵ

• Activation Preservation: Validate that ∥
√
C(ℓ)(W

(ℓ)
{K,V } −W

(ℓ),{K,V }
a W

(ℓ),{K,V }
b )∥F

is minimized

• Numerical Stability: Check condition numbers of the resulting matrices to ensure

stable training

• Parameter Scaling: Apply appropriate initialization scaling to match the original

parameter magnitudes

3.3.5.3 Memory Layout Optimization

The MLA parameters are organized for efficient inference:
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• Contiguous Storage: Store Wa and Wb matrices in contiguous memory blocks

• Cache-Friendly Layout: Optimize data layout for efficient matrix multiplications

during inference

• Precision Selection: Use mixed precision (FP16/BF16) where appropriate without

compromising accuracy

• Quantization Compatibility: Ensure parameters are amenable to post-training

quantization if required

3.3.6 Stage 6: Post-Conversion Healing

After initialization, CARE applies brief "healing" fine-tuning to close residual gaps between

the original and converted models. This stage is crucial for recovering performance losses

from the low-rank approximation.

Compatibility with 100% MLA restoration. The healing recipe described below operates

on the latent K/V factors W a,W b produced by Stage 5 and is agnostic to whether positional

information is supplied by re-using the original RoPE on the recovered keys or by adding

a small decoupled RoPE channel for full 100% MLA restoration as in TransMLA [100] to

match DeepSeek architecture [53]. In the latter case, CARE simply replaces TransMLA’s

weight-space SVD initialization with the covariance-weighted
√
CW SVD of Sec. 3.2.3 with

rank scheduling, while keeping TransMLA’s restoration and healing pipeline unchanged.

3.3.6.1 Healing Objective and Loss Functions

The healing process employs a multi-component loss function that combines cross-entropy

and knowledge distillation [101]:
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LCE = − 1

T

T∑
t=1

log pS(xt+1|x≤t) (3.13)

LKD =
1

T

T∑
t=1

KL(softmax(zTt /τ)∥softmax(zSt /τ)) (3.14)

L = LCE + βτ 2LKD (3.15)

where zTt and zSt are teacher (original) and student (converted) logits, τ = 4.0 is the distillation

temperature [101], and β = 0.5 balances the loss components.

3.3.6.2 Training Configuration and Hyperparameters

The healing fine-tuning uses carefully tuned hyperparameters to ensure stable and efficient

recovery:

• Learning Rate: Start with 2× 10−5 and use cosine annealing with warmup

• Batch Size: Use gradient accumulation to achieve effective batch size of 64 se-

quences

• Optimizer: AdamW with β1 = 0.9, β2 = 0.95, weight decay = 0.1, monitored via

validation perplexity

• Gradient Clipping: Apply gradient norm clipping with threshold 1.0

3.3.6.3 Convergence Monitoring

The healing process includes comprehensive monitoring to ensure quality recovery:

• Perplexity Tracking: Monitor validation perplexity on held-out calibration data

• KV-Cache Validation: Verify that KV-cache outputs remain numerically consistent

• Attention Pattern Analysis: Compare attention patterns between original and

converted models
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3.3.7 Implementation Considerations and Computational Complexity

3.3.7.1 Computational Complexity Analysis

CARE’s conversion process involves several computational stages with distinct complexity

characteristics:

• Calibration Data Processing: O(NTD) for forward passes through N sequences

of length T with hidden dimension D

• Covariance Estimation: O(N ·T ·D2) for computing empirical covariance matrices

across layers

• Covariance-Weighted SVD: O(D · nhdh · r) per layer using randomized SVD with

rank r

• Water-Filling Allocation: O(L ·Rtot · log(Rtot)) for optimal rank distribution across

L layers

• Parameter Initialization: O(L ·D · r) for constructing MLA factors

• Healing Fine-tuning: O(S · T ·D · r) for S training steps with reduced parameter

count

The total conversion time scales approximately as O(L ·D2 ·N +L ·R2
tot), making it practical

for large models.

3.3.7.2 Memory Requirements

Memory usage during conversion involves several components:

• Activation Storage: O(N · T ·D) for calibration activations (can be processed in

batches)

• Covariance Matrices: O(L ·D2) for storing layer-wise covariance matrices

• SVD Intermediates: O(D · r) for SVD computation workspace (temporary)

• Original + Converted Parameters: 2×O(L ·D · nhdh) during transition period
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3.3.7.3 Inference Complexity and Benefits

At inference time, MLA provides significant advantages:

• KV-Cache Reduction: Width reduces from ghdh (GQA) to r = ghdh (maintaining

KV-parity)

• Memory Bandwidth: Substantially reduced due to smaller KV-cache footprint

• Net Effect: Memory bandwidth reduction typically outweighs FLOP increase for

large models

3.3.7.4 Practical Implementation Tips

For successful CARE deployment, several practical considerations are important:

• Calibration Data Quality: Ensure calibration data matches the expected inference

distribution

• Numerical Stability: Monitor condition numbers and apply appropriate regulariza-

tion

• Checkpointing: Save intermediate results (covariance matrices, SVD factors) for

debugging

• Validation: Always validate converted models on representative tasks before deploy-

ment

• Hardware Optimization: Leverage tensor cores and optimized BLAS libraries for

matrix operations

3.4 Experimental Results

3.4.1 Experimental Setup

We evaluate CARE on Llama-3.1-8B conversion from GQA to MLA under KV-parity con-

straints. Our experimental configuration includes:



42 3 COVARIANCE-AWARE AND RANK-ENHANCED DECOMPOSITION FOR LATENT ATTENTION

• Model: Llama-3.1-8B with GQA architecture (cross-model results on Qwen3-4B-

Instruct-2507 are reported in Sec. 3.4.3)

• Baselines: Direct-SVD, Activation-aware SVD(ASVD) [96], TransMLA [100](MLA

restoration healing comparison)

• Tasks: WikiText2 (perplexity), ARC-Challenge, ARC-Easy, HellaSwag, PIQA,

MMLU, OpenBookQA, RACE, WinoGrande

• Metrics: Zero-shot accuracy (higher better) and perplexity (lower better)

• Calibration: 256 sequences from C4, WikiText2, PTB, and Alpaca datasets

Hardware, environment, and reproducibility. CARE has two phases with different resource

profiles. Covariance computation, SVD factorisation, and all pre-healing experiments run on

a single NVIDIA H100 80GB GPU paired with 2 TB of system RAM, with SVD/covariance

routines kept in FP32 to preserve numerical accuracy. Post-conversion healing fine-tuning

uses 8×H100 80GB GPUs with the Axolotl distributed training framework [102] in mixed

precision (BF16). Zero-shot evaluation uses 256 calibration samples at sequence length 32

by default; healing uses 256 samples at sequence length 256. Healing token budgets sweep

{1B, 3B} to characterise recovery under matched supervision, with a per-step effective batch

size of 64 sequences via gradient accumulation (Sec. 3.4.5).

3.4.2 Zero-Shot Performance Analysis

Table 3.1 shows zero-shot performance of CARE variants against baselines across different

KV-cache compression ratios. We compare against naive weight-space SVD and the activation-

aware ASVD baseline [96], which scales weights by per-channel activation magnitudes before

SVD. CARE consistently outperforms both baselines, with improvements most pronounced

at aggressive compression ratios.
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Rank KV Save Method Wiki(↓) ARC(↑) ARE(↑) HS(↑) PIQA(↑) MMLU(↑) OBQA(↑) RA(↑) WG(↑) AVG(↑)
64 93.75 GQA (Original) 6.82 50.34 80.18 60.15 79.65 48.05 34.80 40.10 72.69 58.25

SVD 1943.91 20.31 27.95 14.13 55.98 24.17 12.40 20.96 51.38 28.41
ASVD [96] 2525.33 23.81 26.68 26.68 52.18 22.97 27.80 20.86 50.99 31.50
CARE-E (Ours) 576.21 19.45 32.95 26.35 57.02 23.60 27.40 21.53 50.20 32.31

128 87.50 SVD 1486.43 20.48 27.36 16.07 54.19 21.53 14.00 21.34 50.36 28.17
ASVD [96] 1675.54 25.00 27.99 26.61 52.39 23.04 26.60 21.82 48.46 31.49
CARE-E (Ours) 214.17 20.90 42.30 28.57 61.70 23.75 28.20 24.31 52.41 35.27

256 75.00 SVD 626.93 18.94 30.77 15.54 56.04 23.38 12.40 22.39 49.64 28.64
ASVD [96] 312.86 21.76 32.03 29.52 55.22 23.05 25.20 24.59 52.64 33.00
CARE-E (Ours) 39.57 30.29 60.14 39.05 71.16 34.61 33.60 30.53 61.17 45.07

512 50.00 SVD 131.05 23.55 45.45 22.13 61.21 23.59 17.40 26.03 53.04 34.05
ASVD [96] 12.02 46.33 69.11 70.75 76.17 41.80 36.60 33.97 66.85 55.20
CARE-E (Ours) 9.45 42.24 74.16 68.96 77.53 44.33 37.00 38.66 71.03 56.74

TABLE 3.1: Zero-shot performance comparison on Llama-3.1-8B against na-
ive weight-space SVD and the activation-aware ASVD [96] baseline. CARE-E
delivers consistent improvements over both baselines at aggressive compres-
sion (rank 64/128/256). At rank 512, ASVD becomes competitive on some
metrics, but CARE-E retains the lowest perplexity and the best aggregate
ranking on most tasks.

3.4.3 Cross-Model Generalization on Qwen3-4B-Instruct-2507

To evaluate whether CARE’s covariance-aware factorization and water-filling rank allocation

generalize beyond Llama, we apply the same conversion pipeline to Qwen3-4B-Instruct-

2507, using identical calibration settings (256 Alpaca samples, sequence length 32) and the

same KV-parity rank budgets. Table 3.2 reports zero-shot performance against the unmodified

Qwen3-4B GQA baseline, the naive weight-space SVD initialization, and the activation-aware

ASVD [96] baseline, mirroring the comparison structure used for Llama-3.1-8B.

Rank KV Save Method PPL(↓) ARC(↑) ARE(↑) HS(↑) PIQA(↑) MMLU(↑) OBQA(↑) RA(↑) WG(↑) AVG(↑)
– – GQA (Original) 10.04 55.89 83.12 52.65 76.01 73.37 32.00 41.24 68.11 60.30

64 93.75
SVD 56922.11 25.34 26.77 25.73 50.44 24.31 28.40 22.11 50.91 31.75
ASVD [96] 6683.95 27.39 25.00 25.71 50.38 24.08 26.60 22.11 50.43 31.46
CARE-E (Ours) 730.93 23.29 30.77 28.33 55.22 22.95 24.80 22.78 51.54 32.46

128 87.50
SVD 22048.79 26.02 26.18 26.29 51.09 24.49 25.40 21.05 49.72 31.28
ASVD [96] 1682.84 22.95 30.01 29.29 52.34 23.42 27.00 23.54 50.12 32.33
CARE-E (Ours) 102.38 30.29 44.82 42.54 63.76 30.52 29.40 28.71 54.54 40.57

256 75.00
SVD 2561.97 26.11 29.46 29.92 52.88 24.48 28.40 23.64 51.70 33.32
ASVD [96] 63.15 32.76 46.84 47.45 63.93 26.38 30.80 30.05 52.01 41.28
CARE-E (Ours) 28.84 41.30 59.22 56.53 69.37 53.50 35.20 32.82 61.88 51.23

512 50.00
SVD 33.97 35.58 47.64 50.44 65.18 27.85 32.80 30.24 52.64 42.80
ASVD [96] 15.49 47.61 66.54 67.49 73.01 56.56 35.60 35.22 62.75 55.60
CARE-E (Ours) 15.91 49.23 70.88 64.13 72.80 64.16 36.20 36.56 64.56 57.31

TABLE 3.2: Zero-shot performance on Qwen3-4B-Instruct-2507 under
matched KV-parity rank budgets.CARE-E substantially outperforms naive
SVD at every rank budget and dominates ASVD at the more aggressive ranks
(64/128/256); at rank 512, ASVD matches CARE-E on a couple of individual
metrics, but CARE-E retains the strongest aggregate accuracy.
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The Qwen3-4B results mirror the Llama-3.1-8B trends in Table 3.1: naive weight-space SVD

fails catastrophically at low ranks (perplexity in the tens of thousands), and the activation-

aware ASVD [96] variant only partially closes the gap, while CARE-E retains coherent

perplexity and recovers a substantial fraction of the GQA accuracy across all eight evaluation

tasks. The gap widens with rank: at rank 512, CARE-E reaches 57.31 average accuracy

versus 42.80 for SVD and 55.60 for ASVD, recovering 95% of the unmodified GQA average

(60.30) under the same KV-parity constraint. This consistency across two architectures of

different scale (∼4B and 8B parameters), tokenizers, and pretraining recipes indicates that

the covariance-weighted SVD and adjusted-rank scheduling are properties of GQA decoder

layers rather than artifacts of the Llama family.

3.4.4 Rank Distribution Analysis

Figure 3.3 shows the covariance-aware rank profiles across different calibration corpora.

Both WK and WV exhibit a depth-dependent trend: ranks are smallest in early layers, grow

steadily through middle blocks, and remain elevated thereafter. The growth is markedly

stronger for WV , while WK increases more moderately. This pattern is consistent across dif-

ferent calibration datasets (Alpaca, WikiText2, PTB, C4), indicating model-intrinsic spectral

properties.

3.4.5 Post-Healing Recovery Results

To assess fairness across baselines, we compare CARE against naive SVD [95] and TransMLA [100]

under matched token budgets at MLA rank 512 on Llama-3.1-8B-Instruct (Table 3.3). Both

TransMLA and our hybrid TransMLA + CARE(E) Init use TransMLA’s full 100%

MLA restoration framework (decoupled-RoPE channel and the same healing recipe); The

naive SVD [95] baseline is also healed under the same per-step recipe but does not perform

full MLA restoration. Calibration uses alpaca-256-256 (256 samples, sequence length

256) for CARE-based methods and wiki-256-256 for TransMLA; SVD [95] requires no
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(a) Alpaca
(1) 64 (2) 512

(c) Wikitext2
(1) 64 (2) 512 (1) 64

(2) 512
(a) Ptb

(d) C4

(1) 64

(2) 512

FIGURE 3.3: Visualization of adaptive rank distribution in Llama architecture
achieved through CARE’s water-filling optimization. The plot demonstrates
how rank assignments vary across network depth according to spectral analysis,
revealing that deeper layers tend to receive increased rank allocation for
value transformation matrices (WV ) relative to key transformation matrices
(WK). This heterogeneous distribution pattern emerges from the algorithm’s
response to varying spectral characteristics across different layer positions and
projection matrix types, ensuring efficient utilization of the constrained rank
budget while maximizing preservation of model capabilities.

calibration corpus. We report healed checkpoints after 1B and 3B tokens on the LM Harness

suite.

TABLE 3.3: Healed Llama-3.1-8B-Instruct comparison at MLA rank 512
across matched token budgets. TransMLA and CARE(E) Init share the
same 100% MLA restoration and healing pipeline, so the gap between them
isolates the contribution of CARE’s activation-preserving initialization. Our
CARE(E) Init rows are highlighted in bold.

Rank Method Calibration Tokens ARC(↑) ARE(↑) HS(↑) PIQA(↑) MMLU(↑) OBQA(↑) RA(↑) WG(↑) AVG(↑)
– GQA (Original) N/A N/A 50.34 80.18 60.15 79.65 48.05 34.80 40.10 72.69 58.24

512

SVD [95] N/A 1B 33.45 62.38 45.55 72.34 50.57 23.00 31.54 61.78 47.58
SVD [95] N/A 3B 44.56 74.96 52.20 76.63 61.08 30.40 45.15 65.42 56.30
TransMLA wiki-256-256 1B 53.04 81.07 58.75 81.04 69.13 32.00 44.09 71.74 61.36
TransMLA wiki-256-256 3B 53.77 82.34 56.44 80.70 70.23 33.30 45.61 72.47 61.86
CARE(E) Init (Ours) alpaca-256-256 1B 52.25 82.33 62.47 80.21 70.31 32.90 45.11 75.13 62.59
CARE(E) Init (Ours) alpaca-256-256 3B 51.75 80.73 64.45 83.23 71.57 34.00 46.33 74.09 63.27

The healed comparison resolves two fairness questions in a single table. First, against naive

SVD [95] under the same per-step healing recipe, the gap remains substantial even after 3B

tokens (56.30 vs. 63.27 average accuracy), confirming that no amount of healing can fully

compensate for a poor weight-space initialization. Second, isolating CARE’s contribution

within the same 100% MLA restoration framework as TransMLA: both methods share the
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decoupled-RoPE channel and identical healing recipe, so the gap between them directly

attributes to the initial KV factorization. CARE(E) Init reaches 62.59 and 63.27 average

accuracy at matched 1B and 3B token budgets, versus 61.36 and 61.86 for TransMLA —

a +0.7 to +1.2 point lift attributable purely to the activation-preserving and rank-aware

initialization.

3.4.6 Ablation Studies

3.4.6.1 Impact of Calibration Dataset

We evaluate how different calibration corpora affect zero-shot accuracy. Table 3.4 reports

the three corpora used in the deployed defaults (Alpaca, C4, WikiText2). Despite noticeable

perplexity differences, accuracy effects are small and consistent: per-task scores vary by

1-10% points across corpora, while average scores shift by only 1-2% points.

TABLE 3.4: Calibration Dataset Impact on CARE-E Performance

Rank Calibration Wiki(↓) ARC(↑) MMLU(↑) WG(↑) AVG(↑)
128 ALPACA 214.17 20.90 23.75 52.41 33.54

C4 126.94 18.60 23.46 52.72 33.21
WikiText2 40.37 17.92 23.46 52.01 31.26

512 ALPACA 9.45 42.24 44.33 71.03 54.17
C4 9.09 43.26 40.18 71.03 53.93
WikiText2 7.91 41.81 36.97 71.19 52.22

Across Alpaca, C4, WikiText2, and PTB, average accuracy changes are modest, though

task-aligned corpora can give local gains, indicating that CARE’s covariance estimate is

robust to moderate domain mismatch in the calibration set.

Sensitivity to calibration sample count and sequence length. Beyond the choice of corpus,

two further calibration knobs matter for reproducibility: how many sequences are observed

and how long each sequence is. Figure 3.4 sweeps both knobs across the eight LM Harness

benchmarks under fixed CARE-E settings. Zero-shot accuracy saturates beyond approximately

512 calibration samples on every benchmark, and longer sequences begin to overfit the limited

calibration set rather than improve generalization—we observe out-of-memory failures during
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covariance estimation past sequence length 512. We therefore use 256 samples at sequence

length 32 as the default for zero-shot reporting, and sequence length 256 only when calibration

is paired with healing (Sec. 3.4.5).

Covariance Calculation OOM

FIGURE 3.4: Zero-shot accuracy versus calibration sample count (varying
samples at fixed sequence length 256) and sequence length (red curve, fixed
256 samples) across eight LM Harness benchmarks for Llama-3.1-8B-Instruct.
CARE saturates beyond∼512 samples and longer sequences overfit the limited
calibration set; OOM occurs beyond sequence length 512 during covariance
computation.

3.4.6.2 Uniform vs. Energy-Based Rank Allocation

We compare CARE’s energy-based rank allocation (CARE-E) against uniform allocation

(CARE-U). Energy-based allocation consistently outperforms uniform allocation, with larger

improvements at aggressive compression ratios where rank allocation becomes more critical.

3.4.7 Analysis and Key Findings

3.4.7.1 Performance Characteristics

CARE demonstrates several key advantages over baseline methods:
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TABLE 3.5: Rank Allocation Strategy Comparison

Rank Strategy Wiki(↓) ARC(↑) PIQA(↑) AVG(↑)
64 CARE-U 693.82 18.00 55.50 29.90

CARE-E 576.21 19.45 57.02 30.64
256 CARE-U 63.23 24.49 67.41 38.78

CARE-E 39.57 30.29 71.16 43.34
512 CARE-U 12.15 41.30 76.66 52.23

CARE-E 9.45 42.24 77.53 54.17

• Superior zero-shot performance: Up to 331% relative improvement over naive

weight-space SVD at aggressive compression (rank 64), and consistent gains over

the activation-aware ASVD [96] baseline across rank 64/128/256

• Consistent improvements: Performance gains across all compression ratios and

tasks

• Efficient recovery: Faster convergence during healing with restricted SFT budgets

• Robust rank allocation: Energy-based allocation outperforms uniform allocation,

especially at low ranks

3.4.7.2 Computational Considerations

CARE’s conversion costs are front-loaded during initialization:

• Covariance estimation requires modest calibration data (256 sequences)

• Water-filling allocation is computationally efficient O(L ·Rtot)

• Post-conversion healing requires fewer training steps than baselines

• Inference maintains MLA’s efficiency advantages with identical KV-cache footprint

3.5 Discussion

3.5.1 Key Contributions and Insights

Our experimental evaluation reveals several critical insights about MLA conversion:
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(1) Activation-Awareness Matters: Covariance-weighted SVD substantially outper-

forms naive weight-space SVD, with perplexity improvements of 5-50x across

compression ratios

(2) Adaptive Rank Allocation: Energy-based rank distribution consistently outperforms

uniform allocation, with larger gains at aggressive compression where allocation

becomes critical

(3) Layer Heterogeneity: Different layers exhibit distinct spectral properties, with

value projections requiring higher ranks than key projections in deeper layers

(4) Robust Recovery: CARE provides superior initialization for post-conversion heal-

ing, requiring fewer SFT steps to recover original performance

3.5.2 Comparison with Existing Methods

CARE advances MLA conversion by addressing fundamental limitations of existing ap-

proaches:

• vs. naive SVD: In the zero-shot comparison (Table 3.1), CARE-E delivers 15–90%

relative per-task improvements at rank 128/256/512 while maintaining identical KV-

cache footprint; activation-preserving factorization reduces attention drift, leading to

more stable conversion

• vs. ASVD [96]: Both methods are activation-aware, but ASVD only rescales

weights by per-channel activation magnitudes before standard SVD, whereas CARE

solves the full activation-space objective ∥
√
C(W − Ŵ )∥2F via covariance-weighted

SVD. CARE dominates at aggressive compression (rank 64/128/256) where the

per-channel approximation breaks down; the gap narrows at rank 512 where most of

the spectrum is preserved

• vs. TransMLA (100% MLA restoration): Within the same restoration framework

and matched 1B/3B-token healing budgets, swapping TransMLA’s weight-space

SVD initialization for CARE’s covariance-weighted SVD lifts average accuracy by

+0.7 to +1.2 points (Table 3.3), isolating the contribution of activation-preserving

initialization
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• vs. Energy-based baselines: Water-filling allocation optimally distributes limited

rank budget across layers

3.5.3 Practical Deployment Insights

CARE offers practical advantages for deploying efficient attention mechanisms:

• KV-Cache Efficiency: Maintains identical memory footprint to original GQA while

improving expressivity through latent compression

• Conversion Simplicity: One-time conversion process with minimal calibration data

requirements (256 sequences)

• Model Agnostic: Principles apply to any GQA architecture, demonstrated on Llama

family

• Scalable Implementation: Conversion costs scale linearly with model size, enabling

application to larger models

3.6 Conclusion

CARE introduces a principled approach to converting pretrained GQA models into efficient

MLA architectures under fixed KV-cache budgets. By addressing fundamental limitations of

naive SVD through activation-preserving factorization and adaptive rank allocation, CARE

achieves superior conversion quality while maintaining the memory and bandwidth advantages

of MLA.

The experimental results demonstrate that activation-awareness is crucial for preserving

attention fidelity during architectural conversion. CARE’s covariance-weighted SVD substan-

tially reduces attention drift compared to weight-only approaches, while water-filling rank

allocation optimally distributes limited capacity across layers with heterogeneous spectral

properties.
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Key achievements include up to 331% relative improvement in zero-shot accuracy over

baseline methods before finetune, consistent performance gains across compression ratios,

and efficient recovery through brief healing fine-tuning. The method’s model-agnostic design

and scalable implementation make it applicable to various transformer architectures and

model scales.

Future directions include extending CARE to full MHA-to-MLA conversion [53], investigat-

ing dynamic rank adjustment during inference, and combining covariance-aware techniques

with other architectural optimizations. CARE’s success suggests that activation-aware com-

pression principles could benefit other model conversion tasks, potentially enabling more

efficient deployment of large language models in resource-constrained environments.



CHAPTER 4

Infinigram-Based Speculative Decoding for Accelerated Inference

This chapter presents a novel approach to accelerating large language model inference through

Infinigram-based speculative decoding [92]. By leveraging massive n-gram statistics com-

puted from large text corpora, this method achieves significant speedup in autoregressive

generation while maintaining the exact output distribution of the target model. Our approach

considers training the Infinigram speculator with a large number of target model outputs,

which provides additional performance gains by ensuring distribution alignment between

the draft mechanism and target model behavior. We detail the theoretical foundations, im-

plementation methodology, and comprehensive experimental evaluation comparing different

approaches to building and utilizing n-gram indices for speculation.

4.1 Introduction and Motivation

The autoregressive nature of large language model generation presents a fundamental bot-

tleneck for inference speed. Each token must be generated sequentially, with the model

processing the entire context to produce a single token at each step. This sequential depend-

ency limits parallelization opportunities and results in significant latency, particularly for

longer sequences.

Speculative decoding [62, 82] addresses this challenge by generating multiple tokens in

parallel using a faster approximation method, then verifying these tokens with the target

model. Traditional approaches employ smaller neural networks as draft models [82], but these

still require substantial computation and careful training to match the target distribution.
52
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4.1.1 Infinigram for Speculative Decoding

We adapt the Infinigram architecture [92] as a speculative decoder for large language model

inference. While the original Infinigram system focuses on standalone language modeling,

our contribution lies in integrating its unbounded n-gram capabilities into the speculative

decoding framework. This adaptation replaces computationally expensive neural draft models

with statistical lookups, achieving several key advantages:

• Unbounded n-gram prediction: Supports dynamic lengths and extremely long

context matches beyond traditional n-gram limits

• Lightning-fast prediction: Instantly generates lookahead tokens without any neural

network forward passes - achieving microsecond-level speculation latency

• Training-free deployment: No complex training procedures, gradient descent, or

hyperparameter tuning required - simple statistical counting suffices

• CPU-optimized efficiency: Fully utilizes available CPU resources with minimal

GPU dependency, enabling deployment in resource-constrained environments

• Scalability: Results of Infinigram models are additive, which enables the deployment

of extremely large models by sharding the n-gram index across multiple CPU nodes

• Perfect recall on familiar patterns: Excels when questions or contexts have been

encountered before, leveraging exact pattern matching

• Interpretability: Retrieval of statistical results including match length and frequency

provides insights into model behavior, enable us to compare performance differences

between various training data sources and target model
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4.2 Theoretical Foundations of Infinigram-Based

Speculation

4.2.1 From Unbounded N-grams to Speculative Decoding

The theoretical foundation of our approach rests on the observation that many token sequences

in natural language and especially in structured domains like code exhibit strong local patterns

that can be captured through n-gram statistics. While neural language models excel at

understanding complex semantic relationships, a significant portion of their predictions

involve recovering common patterns that appear frequently in training data.

Infinigram’s unbounded context matching provides a unique advantage: when the model

encounters a sequence it has seen before, it can leverage the full historical context to make

near-perfect predictions. This property is particularly valuable for:

• Code generation: Programming languages have highly regular syntax with fre-

quently repeated patterns

• Technical writing: Scientific and technical text often contains formulaic expressions

and domain-specific terminology

• Structured data: JSON, XML, and other structured formats follow rigid patterns

• Conversational patterns: Common dialogue patterns and responses appear fre-

quently across conversations

4.2.2 Statistical Foundations and Probability Estimation

Our adaptation of Infinigram for speculative decoding involves sophisticated probability

estimation beyond simple frequency counting. Given a context c = (w1, w2, ..., wn), we

estimate the probability of the next token wn+1 through:



4.3 INFINIGRAM ARCHITECTURE AND IMPLEMENTATION 55

Pinfinigram(wn+1|c) =


count(c,wn+1)

count(c) if match found

backoff(wn+1|cshorter) otherwise
(4.1)

where c[1 :] denotes the context with the first token removed. This recursive backoff ensures

valid probability distributions by progressively shortening the context until a match is found,

ultimately falling back to unigram probabilities when no context matches exist.

Smoothing. Within a matched context, we use the raw maximum-likelihood frequency of

the next token—no Kneser–Ney, Witten–Bell, or interpolated smoothing is applied. The

only smoothing mechanism is the strict length backoff above, which progressively shortens

the suffix to the longest one that still matches the index. This choice is deliberate: classical

n-gram smoothing methods are designed to assign mass to truly unseen (n−1)-gram contexts,

but the suffix-array index already exposes the longest matched suffix in O(L logN) time, so

unseen-context handling is delegated to the backoff length rather than to a smoothing prior.

4.3 Infinigram Architecture and Implementation

4.3.1 N-gram Index Construction

The foundation of Infinigram-based speculative decoding is a comprehensive n-gram index

built from text corpora. The construction process involves:

4.3.1.1 Data Processing Pipeline

(1) Tokenization: Convert raw text to token sequences using the target model’s tokenizer,

save with u32 to ensure 128K vocabulary compatibility

(2) Index Building: Construct suffix array for microsecond-level lookup performance

Computational Advantages: This process requires only ∼840 seconds for 5 million ex-

amples on standard CPU hardware, demonstrating exceptional data efficiency compared to

neural training that typically requires thousands of GPU hours for comparable datasets.
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4.3.1.2 Storage and Retrieval Optimization

The index employs several optimizations for efficient storage and retrieval:

• Suffix Arrays: Given corpus size N tokens, prefix length L, and speculation depth k:

lookup complexity is O(L·logN) for finding matches, plus O(min(K,max_support)·

k) for extracting the next k tokens from K matching positions [92]

• Compressed Storage: Variable-length encoding for counts [103] - efficient memory

utilization

• Distributed CPU Processing: Sharding enables parallel processing across multiple

CPU cores without GPU dependencies

• Memory Efficiency: Index fits in standard RAM with consistent memory, eliminat-

ing need for expensive GPU memory

4.3.2 Speculative Token Generation Process

4.3.2.1 Optimized Multi-Token Retrieval

A critical optimization in our Infinigram implementation is the inf_nkt function, which

retrieves k tokens in a single operation instead of making k sequential calls to infgram_ntd

to predict the next k tokens’ distributions. This optimization reduces the time complexity from

O(L · k · log n) to O(L · log n+ max_support · k), where the log n term typically dominates.

L is the length of the prefix and max_support is the downsampling factor limiting the number

of matched sequences considered.

Key Insight: When calling infgram_ntd sequentially, each call extends the suffix by

exactly one token. The inf_nkt function simulates this behavior efficiently by:

(1) Finding the optimal suffix length with length L using binary search: O(L · log n)

(2) Retrieving all matches for the initial suffix: O(1) index access

(3) Extracting all k-token sequences from matches: O(max_support · k)

(4) Simulating sequential token selection through filtering: O(max_support · k)
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This reduces the number of index lookups from k to 1, providing a 25x speedup (25ms→

1ms) while maintaining identical output distributions.

The max_support hyperparameter. The constant max_support in the complexity ex-

pressions above is a downsampling threshold in the C++ backend of the suffix-array engine:

when a matched suffix has more than max_support occurrences in the corpus, the engine

uniformly subsamples down to max_support matches before extracting next-token statistics.

We use the engine default max_support = 1000 throughout this work. This value provides

sufficient statistical support for next-token distribution estimation on high-frequency suffixes

(where additional matches yield diminishing information) while keeping the per-extraction

cost O(max_support · k) bounded and predictable. Increasing max_support admits more

matched sequences per lookup, marginally improving statistics on highly frequent suffixes at

the cost of longer extraction; decreasing it only marginally reduces extraction time but can

introduce noise on low-frequency tails.

Implementation Details: The inf_nkt function implements a sophisticated simulation

strategy. After finding the optimal suffix and retrieving all matching sequences, it iterates

through each token position (0 to k-1), counts token frequencies at that position across all

active sequences, selects the most frequent token (maintaining nkt() tie-breaking behavior),

and filters out sequences that don’t contain the selected token. This perfectly replicates

the sequential behavior of calling infgram_ntd multiple times, but with dramatically

improved performance.

Algorithm 3 Optimized Infinigram Speculative Decoding

Require: Context tokens c = (t1, . . . , tk), target model Mtarget, speculation depth d
Ensure: Generated tokens with acceptance decisions

1: Single optimized call: {t1, t2, . . . , td}, {P1, P2, . . . , Pd} =
inf_nkt(c, d,max_support)

2: Initialize speculation buffer with max conditional probabilities S = [t1, t2, . . . , td]
3: Store n-gram probabilities {Png(ti)} = {P1, P2, . . . , Pd}
4: Compute target model probabilities for all speculated tokens
5: return Accepted tokens and rejection point
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4.3.3 Token Evaluation Mechanism

4.3.3.1 Acceptance Rate Metric

To evaluate the quality of Infinigram’s predictions on next-token distribution, we employ an

acceptance rate metric based on the statistical distance between probability distributions[83].

The acceptance rate is computed as:

Acceptance Rate = 1− 1

2
||Ptarget − Pinfinigram||1 (4.2)

where || · ||1 denotes the L1 (total variation) distance between the target model’s probability

distribution Ptarget and Infinigram’s predicted distribution Pinfinigram over the vocabulary.

This metric measures the similarity between the two distributions: a value of 1 indicates perfect

alignment (identical distributions), while 0 indicates complete disagreement. Intuitively, it

quantifies how closely Infinigram’s predictions match the target model’s token preferences,

directly correlating with the likelihood of acceptance during speculative decoding. The

acceptance rate effectively captures the expected probability that a token sampled from

Infinigram would be accepted by the target model.

4.3.3.2 Token-Level Acceptance Criterion

During actual speculative decoding, we use greedy rejection sampling to not only ensure the

target distribution is exactly preserved, but also make sure the generated output aligns for

each run. We measure accepted length during speculative decoding, which is averaged over

all decoding steps.
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4.4 Experimental Methodology

4.4.1 Comparative Evaluation Design

Our experimental evaluation employs a novel comparative approach to assess the impact of

training data distribution on speculative decoding performance. We construct two distinct

Infinigram indices to understand how data source affects acceptance rates and overall speedup.

4.4.1.1 Approach 1: SFT Response-Based Speculation (Original Dataset)

This approach uses GPT [4] responses from supervised fine-tuning datasets:

• Data Source: 5 million SFT examples with gpt-generated responses

• Index Construction: Build n-gram statistics from original SFT responses

• Hypothesis: GPT [4] text patterns provide baseline speculation capability

• Testing Protocol: Evaluate against both SFT responses and target model outputs

• Practical Relevance: Represents scenarios where only training data is available

4.4.1.2 Approach 2: Target Model Response-Based Speculation

This approach uses responses generated by the target model itself:

• Data Generation: 5 million SFT prompts generated by Llama 3.2-8B-Instruct [8]

(one-time cost).

• Index Construction: Build n-gram statistics from model-generated responses

• Hypothesis: Target model generated patterns should better match inference behavior

• Testing Protocol: Evaluate against target model outputs for distribution alignment

• Resource Efficiency: One-time CPU-based index construction enables unlimited

fast predictions

4.4.1.3 Confidence-Based Filtering

Both approaches are evaluated with probability threshold filtering:
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• Threshold Values: [0.5, 1.0], [0.6, 1.0], [0.7, 1.0] for top-1 token probability

• Purpose: Analyze performance when model confidence is high vs. uniform distribu-

tions

• Hypothesis: Higher confidence tokens should yield better acceptance rates

4.4.1.4 Domain-Specific Evaluation

• Python Coding Subset: Extract Python programming questions from evaluation set

• Purpose: Assess domain-specific performance vs. general conversation

• Hypothesis: Structured code patterns should improve speculation accuracy [104]

4.4.1.5 Comparison with Neural Speculative Decoding

To establish Infinigram’s competitive position, we conduct comprehensive comparisons with

state-of-the-art neural speculative decoding models:

• Baseline Models: Llama-3.1-8B-Instruct (target model without speculation), Eagle-

3 [105] (leading neural speculative decoding approach), and Infinigram Target-5M

(our approach using target model-based n-gram index)

• Evaluation Benchmarks:

– HumanEval [10]: Industry-standard coding benchmark with 164 programming

problems, each with function signature, docstring, and solution. Tests practical

coding ability across diverse algorithmic challenges.

– SFT Python Coding: Python programming questions filtered from our SFT

dataset, representing more conversational coding interactions

• Evaluation Protocol: Single-batch inference (batch size = 1) for fair comparison of

speculation effectiveness

• Metrics: Acceptance length, inference speed (tokens/second), and speedup factor

relative to baseline

• Hardware Configuration: Consistent evaluation environment to ensure comparable

timing measurements
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4.4.1.6 Cross-Model Scalability

To assess whether Infinigram-based speculative decoding transfers beyond the Llama-3.1-8B-

Instruct target used in the preceding evaluations, we re-run the full pipeline end-to-end on

two Qwen3 targets [106] that span a 4× change in parameter count:

• Target Models: Qwen3-8B and Qwen3-32B, evaluated against the corresponding

non-speculative baseline on the same hardware (Sec. 4.4.2)

• Per-Target Index Construction: for each target, we regenerate 5M responses from

that target model using the same data-generation procedure as for Llama-3.1-8B,

then build a fresh target-aligned suffix-array index.

• Held Constant Across Targets: the data-generation and index-building procedure,

the inf_nkt retrieval (Sec. 4.3.2.1), and the rejection-sampling acceptance rule

• Evaluation Benchmarks: Math500 (mathematical reasoning), HumanEval [10]

(code generation), and Alpaca [107] (instruction following), chosen to span three

distinct task styles

• Metrics: speculation throughput (tokens/second), end-to-end speedup over the

non-speculative baseline, and average accepted length

• Hypothesis: Infinigram model can learn the distribution from all kinds of target

models. Speedup ratio is also consistent across models benefiting from the negalible

speculation latency from infinigram index retrieval.

4.4.2 Hardware, Environment, and Build-vs-Training Cost

Hardware and environment. The Infinigram pipeline has three phases with different

resource profiles. (i) Target-output generation: we generate 5M responses from the target

model with max new tokens set to 512 (Llama-3.1-8B-Instruct, and additionally Qwen3-8B

and Qwen3-32B for the cross-model evaluation in Sec. 4.5.6) on 8×H100 80GB GPUs, taking

approximately 34 hours of total GPU time for the 5M-prompt sweep at the per-target level(48

hours for Qwen3-32B). (ii) Index construction: suffix-array building runs entirely on an Intel

Xeon Platinum 8468V CPU; the full 5M-example index builds in ∼840 s wall-clock with
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no GPU involvement. (iii) Speculative inference: the inf_nkt retrieval and the rejection-

sampling acceptance loop run on the same Intel Xeon Platinum 8468V CPU against the

memory-mapped 33 GB index, while the target-model forward passes during decoding run on

a single H100 80GB GPU.

Build cost vs. neural-draft training cost. Infinigram speculative deocoding and neural

draft models shared the same data regeneration phase: state-of-the-art neural drafts such as

Eagle-3[88] also require generating target-model outputs to align the draft distribution with

the target’s actual generation behavior, exactly as we do for the target-aligned Infinigram

index discussed in Sec. 4.6.4. The two pipelines diverge only in what happens after that data is

collected. Eagle-3-style approaches must additionally train a small neural draft model on the

regenerated outputs. This neural-draft training stage is the dominant marginal cost of adopting

Eagle-3 per new target model, which takes days for model to converge [108]. Infinigram

replaces this entire neural-training stage with an ∼840 s single-CPU suffix-array construction

— two to three orders of magnitude shorter wall-clock and with no GPU dependency.

4.5 Experimental Results

4.5.1 Acceptance Rate Analysis

The core determinant of speculative decoding effectiveness is the acceptance rate of speculated

tokens. Our comparative analysis reveals significant differences between the two approaches.

TABLE 4.1: SFT-Based Infinigram Acceptance Rates by Training Data Size
(Original Approach)

Model Acceptance Rate by Minimum Match Length (Tested on SFT Responses)
0 2 4 6 8 10 12 14 16 Build

Infini-50k 32.85% 35.00% 45.37% 56.11% 64.45% - - - - -
Infini-100k 34.41% 36.22% 44.91% 55.31% 62.63% - - - - -
Infini-500k 39.56% 40.80% 47.87% 56.51% 64.13% - - - - -
Infini-1M 41.17% 42.19% 48.14% 56.41% 64.05% - - - - -
Infini-2.5M 43.43% 42.19% 48.14% 56.45% 63.52% 68.14% 71.53% 73.41% 75.01% -
Infini-5M 44.89% 45.61% 50.07% 56.97% 63.52% 67.93% 71.02% 73.35% 74.87% 840s

Note: This table shows the original results using SFT-based indices evaluated on SFT

responses, representing the baseline approach without target model adaptation. We leave
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some results blank as small infinigram models do not provide enough tokens for evaluating

those match lengths.

FIGURE 4.1: Three-dimensional visualization of Infinigram SFT-5M perform-
ance characteristics. The plot shows the relationship between effective n-gram
length (0-32), token frequency (logarithmic scale), and acceptance rate (0.0-
1.0, color-coded). The surface reveals how acceptance rate increases with both
longer context matches and higher frequency patterns, with peak performance
(green regions) achieved when both factors align. The exponential decay in
frequency at longer n-gram lengths illustrates the sparsity challenge in n-gram
modeling.

The visualization in Figure 4.1 provides crucial insights into Infinigram’s operational charac-

teristics:

• Frequency-Performance Correlation: High-frequency patterns (peaks in the sur-

face) consistently achieve better acceptance rates, validating the n-gram approach

for common sequences.

• Context Length Impact: The gradual elevation from n=0 to n=16 demonstrates

how longer context matches improve prediction accuracy, though with diminishing

returns.
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• Sparsity at Scale: The dramatic frequency drop-off at longer n-gram lengths (visible

as the narrowing pyramid shape) highlights why even 5M training examples struggle

to provide coverage for long contexts.

• Optimal Operating Region: The green-yellow band (0.6-0.8 acceptance rate)

concentrated in the mid-range contexts (n=8-16) with moderate frequencies identifies

the sweet spot for practical deployment.

4.5.1.1 Comparative Analysis: SFT vs Target Model Approaches

The comprehensive evaluation reveals significant differences between approaches and testing

conditions:

TABLE 4.2: Comparative Acceptance Rates: SFT-Based vs Target Model-
Based Infinigram

Configuration ML 0 ML 2 ML 4 ML 6 ML 8 ML 10 ML 12 ML 14 ML 16
General Prompts (All Domains)

SFT-5M 39.72% 40.06% 43.76% 49.47% 57.05% 64.02% 69.27% 71.72% 74.85%
Target-5M 45.75% 46.16% 50.26% 55.82% 61.98% 66.77% 71.92% 74.55% 76.84%

Python Coding Prompts (Domain-Specific)
SFT-5M (Python) 56.01% 56.49% 60.52% 65.74% 70.33% 74.18% 77.30% 79.70% 82.08%
Target-5M (Python) 62.54% 63.04% 67.20% 71.99% 75.95% 79.38% 81.94% 83.84% 85.38%

4.5.1.2 Key Finding 1: Training Data Distribution Overfitting

The comparative evaluation reveals a critical insight about distribution alignment in speculative

decoding:

Overfitting to Training Distribution: When the SFT-based Infinigram model (trained on

original responses) is tested on target model outputs instead of SFT responses, performance

degrades significantly. This indicates that the SFT-based index has overfit to teacher models

(e.g., GPT-4) that have fundamentally different generation patterns than the deployed target

models.

Target Model Alignment: Conversely, the target model-based Infinigram (trained on target

model outputs) achieves consistently higher acceptance rates when tested on target model

outputs, demonstrating better distribution alignment. This suggests that for optimal speculative



4.5 EXPERIMENTAL RESULTS 65

decoding performance, the draft mechanism should be trained on data that matches the target

model’s distribution.

4.5.1.3 Key Finding 2: Domain-Specific Performance Gains

Python Coding Excellence - Leveraging Familiar Patterns: Both approaches show dramat-

ically improved performance on Python coding tasks, demonstrating Infinigram’s strength in

recognizing previously seen patterns:

• SFT-based: 56.01% → 82.08% average acceptance

• Target-based: 62.54% → 85.38% average acceptance

• Pattern Familiarity Effect: Infinigram excels when coding patterns have been

encountered during index construction

• Instant Recognition: Previously seen code snippets, function patterns, and syntax

structures are recognized immediately without computation delay

Code Structure Benefits: The superior performance on coding tasks demonstrates Infini-

gram’s core advantages:

(1) Deterministic Patterns: Programming languages have more rigid syntactic patterns

that are perfectly suited for n-gram matching

(2) Repetitive Structures: Function calls, variable assignments, and control structures

are highly predictable and frequently repeated

(3) Scalable Recognition: Domain-specific indices built with just 5M examples achieve

performance comparable to much larger neural models

4.5.2 Inference Speed Analysis

4.5.2.1 Confidence Threshold Analysis

A critical finding emerges from analyzing performance across different confidence thresholds:
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TABLE 4.3: Acceptance Rate vs Confidence Threshold Across All Minimum
Match Lengths

Configuration Threshold ML 0 ML 2 ML 4 ML 6 ML 8 ML 10 ML 12 ML 14 ML 16
General Prompts (All Domains)

Target-5M

All Tokens 45.75% 46.16% 50.26% 55.82% 61.98% 66.77% 71.92% 74.55% 76.84%
Conf > 0.5 60.65% 60.64% 62.02% 64.85% 68.56% 71.81% 75.89% 77.77% 80.09%
Conf > 0.6 62.20% 62.19% 63.20% 65.82% 69.28% 72.43% 76.33% 78.19% 80.59%
Conf > 0.7 64.46% 64.44% 65.24% 67.47% 70.48% 73.49% 77.33% 79.11% 81.13%

Python Coding Prompts (Domain-Specific)

Target-5M (Python)

All Tokens 62.54% 63.04% 67.20% 71.99% 75.95% 79.38% 81.94% 83.84% 85.38%
Conf > 0.5 73.94% 73.99% 75.59% 78.41% 80.63% 82.73% 84.58% 86.09% 87.24%
Conf > 0.6 75.39% 75.42% 76.76% 79.36% 81.36% 83.29% 84.98% 86.42% 87.60%
Conf > 0.7 77.55% 77.55% 78.65% 80.92% 82.66% 84.43% 85.81% 87.19% 88.15%

Confidence Threshold Filtering Consistently Improves Performance: The comprehensive

analysis across all minimum match lengths demonstrates that filtering prefix matches based

on confidence thresholds consistently improves acceptance rates. Key findings include:

• Universal Improvement: Confidence filtering improves performance at every min-

imum match length, from ML 0 through ML 16, indicating that high-confidence

tokens are more reliably predicted across all context scenarios

• Domain-Specific Advantages: Python coding shows even stronger improvements,

with Target-5M (Python) advancing from 62.54% to 77.55% at ML 0 (15 percentage

points) and maintaining consistent gains across longer match lengths

• Threshold Sensitivity: Higher confidence thresholds (>0.7) provide the largest

improvements, suggesting that very high-confidence predictions are indeed more

reliable for speculation

• Computational Efficiency: Confidence-based filtering adds no computational over-

head - it requires only a simple probability threshold comparison during n-gram

lookup

4.5.2.2 Inference Speed Measurements: Negligible Speculation Overhead

Our empirical measurements reveal Infinigram’s extraordinary speed advantage that funda-

mentally changes the economics of speculative decoding:

Core Performance Metrics:
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• Index Size: 33GB for 5M training examples (memory-mapped for efficient access)

• Speculation Latency: 1ms total for generating ALL 16 lookahead tokens simul-

taneously

• Target Model Comparison: Llama-3.1-8B-Instruct requires 80-150ms per token

(single forward pass)

Revolutionary Speed Implications:

The 1ms speculation time for ALL 16 tokens reveals Infinigram’s transformative advantage

over autoregressive neural models:

(1) Faster than Neural Draft Models: Neural models like Llama-3.2-1B (640-960ms)

and Eagle-3 (∼16ms for 16 tokens) require sequential processing - Infinigram

generates all 16 tokens in just 1ms

(2) Parallel vs Sequential Generation: Neural models must generate tokens one-by-

one; Infinigram retrieves entire sequences instantly from its index using optimized

inf_nkt function

(3) CPU-Only Achievement: This performance uses only CPU resources, leaving GPU

fully available for Llama-3.1-8B target model

(4) Scales with Speculation Depth: The inf_nkt optimization ensures retrieval time

remains constant regardless of speculation depth

This measurement definitively establishes that Infinigram speculative decoding, with the

inf_nkt optimization, achieves sub-millisecond speculation times that are orders of mag-

nitude faster than neural draft models while using only CPU resources, making it an ideal

complement to large target models.

4.5.2.3 Average Acceptance Length Analysis

For evaluating acceptance lengths, we employ greedy decoding where tokens are selected

deterministically by choosing the highest probability token at each step. This provides a
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consistent and reproducible evaluation of the expected acceptance lengths under deterministic

conditions.

TABLE 4.4: Average Accepted Tokens Per Speculation Sequence - All Prompts

Configuration ML 0 ML 2 ML 4 ML 6 ML 8 ML 10 ML 12 ML 14 ML 16
SFT-5M 0.75 0.76 0.87 1.06 1.31 1.53 1.65 1.62 1.56
SFT-5M Target 0.97 0.97 1.13 1.36 1.66 1.84 2.16 2.17 2.12

TABLE 4.5: Average Accepted Tokens Per Speculation Sequence - Python Coding

Config ML 0 ML 2 ML 4 ML 6 ML 8 ML 10 ML 12 ML 14 ML 16
SFT-5M 1.6 1.61 1.75 2 2.28 2.61 2.74 3.22 3.22
SFT-5M Target 2.85 2.86 3.03 3.35 3.58 3.81 4.16 4.51 4.72
SFT-5M Tgt (C>0.5) 3.24 3.24 3.47 3.62 3.82 4.00 4.35 4.67 4.86

Sequence Length Benefits: Target model-based training demonstrates significant improve-

ments across all match lengths. For Python coding tasks, SFT-5M Target achieves 2.85-4.72

tokens compared to SFT-5M’s 1.60 tokens (only available at match length 0). General prompts

show similar patterns with SFT-5M Target ranging from 0.97-2.12 tokens versus SFT-5M’s

0.75 tokens. The confidence-filtered approach further improves Python coding performance

to 3.24-4.86 tokens.

Training Data Availability Impact: The stark difference in available match lengths highlights

how SFT-only training produces insufficient n-gram coverage, limiting speculation to short

contexts. Target model-based training provides consistent performance improvements across

all speculation depths.

4.5.2.4 Match Hit Rate Analysis: Pattern Density Insights

The match hit rate reveals fundamental differences in pattern predictability across domains:

Key Insights from Match Hit Rates:

(1) Domain Structure Impact: Python coding maintains 4-5x higher pattern retention

at length 16 compared to general conversation, explaining the superior acceptance

rates
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TABLE 4.6: Match Hit Rate: Pattern Availability Across Domains and Approaches

Configuration Length 0 Length 4 Length 8 Length 16 Retention Rate
General Prompts

SFT-5M 100% 78.45% 25.01% 4.51% 4.5%
Target-5M 100% 81.51% 35.23% 7.98% 8.0%

Python Coding
SFT-5M (Python) 100% 86.67% 52.97% 20.19% 20.2%
Target-5M (Python) 100% 88.34% 60.46% 31.47% 31.5%

(2) Target Model Advantage: Target model-based indices show consistently higher

match hit rates, indicating better pattern coverage

(3) Pattern Scarcity in Natural Language: The rapid falloff in general conversation

(100% → 4.5%) reveals why longer speculation sequences have diminishing returns

(4) Code Predictability: Programming syntax and common patterns maintain high hit

rates even at length 16, making code generation an ideal use case for Infinigram

speculation

4.5.3 Context Length Sensitivity

The effectiveness of n-gram speculation varies with context length. Based on our Infini-5M

results:

4.5.3.1 Performance Characteristics by Match Length Range

The effectiveness of n-gram speculation scales with the minimum guaranteed match length

between context and n-gram patterns. Our analysis reveals distinct performance characteristics

across different match length ranges:

• Short minimum match lengths (ML 0-4): Acceptance rates range from 45.75% to

50.26% for Target-5M. At ML 0, the system accepts any n-gram match regardless

of context overlap, capturing basic token-level patterns. Performance improves

modestly as minimum match requirements increase, indicating that even short context

matches provide valuable predictive signal.
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• Medium minimum match lengths (ML 6-10): This range shows the steepest

improvement, with acceptance rates climbing from 55.82% to 66.77%. This demon-

strates the sweet spot where longer context requirements begin capturing meaningful

conversational and structural patterns while maintaining sufficient n-gram coverage.

• Long minimum match lengths (ML 12-16): Performance reaches peak levels

between 71.92% and 76.84%, but with diminishing returns. These high match length

requirements ensure very strong context alignment, though the pool of matching n-

grams becomes increasingly sparse, limiting the frequency of successful speculation.

Key Insight: Match length represents the minimum required overlap between the current

context and stored n-gram patterns. Higher match lengths demand stronger contextual

alignment, leading to more reliable predictions but reduced coverage due to n-gram sparsity.

4.5.4 Domain Transfer Analysis

Our comprehensive evaluation reveals fundamental insights about domain-specific perform-

ance and transferability:

4.5.4.1 Domain-Specific Performance Advantages

The stark performance differences between general conversation and Python coding domains

demonstrate Infinigram’s adaptability:

• General Conversation: Target-model Infinigram achieves 45.75% average accept-

ance across at minimum match length 0

• Python Coding: Performance jumps to 62.54% average acceptance - a 16.79%

relative improvement

• Confidence-Filtered Python: With confidence > 0.7, acceptance reaches 77.55% at

minimum match length 0
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4.5.4.2 Key Domain Transfer Insights

(1) Training Distribution Criticality: SFT-based models show severe performance

degradation when tested on target model outputs, revealing that the training distribu-

tion fundamentally determines speculation effectiveness. This distribution mismatch

cannot be overcome through larger indices alone.

(2) Structured vs Unstructured Domains: Python coding’s superior performance

(38% better than general conversation) demonstrates that structured domains with

deterministic syntax patterns are ideal for n-gram speculation. The high match hit

rates (31.5% at length 16 vs 8.0% for general) confirm greater pattern predictability.

(3) Instant Domain Adaptation: Unlike neural models requiring extensive retrain-

ing, Infinigram achieves domain specialization only with index building from 5M

examples. This enables rapid deployment for new domains without GPU resources.

(4) Zero-Shot Transfer Limitations: Our results show that indices trained on one

distribution (SFT) cannot effectively transfer to another (target model outputs). This

suggests domain-specific indices are essential for optimal performance rather than

attempting cross-domain generalization.

4.5.4.3 Practical Implications for Multi-Domain Deployment

Based on our findings, we recommend:

• Build separate indices for each target domain rather than attempting universal cover-

age

• Prioritize structured domains (code, math, technical writing) for maximum perform-

ance gains

• Use target model outputs for training data collection to ensure distribution alignment

• Implement confidence thresholds to improve performance even without context

matching
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4.5.5 Comparison with State-of-the-Art Neural Speculative Decoding

To position Infinigram within the broader speculative decoding landscape, we conduct compre-

hensive comparisons with leading neural approaches on coding benchmarks. This evaluation

demonstrates Infinigram’s competitive performance while highlighting its unique advantages

in deployment efficiency.

4.5.5.1 Comparative Performance Results

Table 4.7 presents comprehensive performance metrics across two coding benchmarks:

TABLE 4.7: Comparison with State-of-the-Art Neural Speculative Decoding
(Batch Size = 1)

Method Acceptance Acceptance Speed Speed SFT Speedup Speedup SFT Speculation
Length Length HumanEval Coding HumanEval Coding Latency

HumanEval SFT Coding (tok/s) (tok/s)
Llama-3.1-8B (Baseline) 1.0 1.0 27.33 27.33 1.0× 1.0× N/A
Eagle-3 (Neural) 3.5 3.03 68.63 61.4 2.51× 2.24× ∼1ms/token
Infinigram Target-5M 3.11 2.85 81.13 66.08 2.96× 2.42× ∼1ms/16 tokens

4.5.5.2 Key Performance Insights

Competitive Acceptance Performance: Infinigram achieves comparable acceptance lengths

to Eagle-3[86] (3.11 vs 3.5 on HumanEval, 2.85 vs 3.03 on SFT coding), demonstrating that

n-gram approaches can match neural model prediction quality in structured domains.

Superior Inference Speed: Infinigram delivers higher inference throughput (81.13 tok/s vs

68.63 tok/s on HumanEval), achieving 2.96× speedup compared to Eagle-3’s 2.51× speedup.

This advantage stems from the dramatically faster speculation process.

Speculation Latency Advantage: The most striking difference lies in speculation overhead:

Infinigram generates 16 tokens in 1ms total, while Eagle-3 requires ∼1ms per token. This

16× speculation speed advantage enables higher overall throughput despite slightly lower

acceptance lengths.

Resource Efficiency: Infinigram achieves these results using only CPU resources, while

Eagle-3 requires GPU computation for draft model execution. This fundamental difference
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makes Infinigram deployable in resource-constrained environments where neural approaches

are impractical.

4.5.5.3 Domain-Specific Advantages

The results reveal Infinigram’s particular strength in coding domains:

• HumanEval Performance: 2.96× speedup demonstrates effectiveness on algorith-

mically diverse programming challenges

• Conversational Coding: 2.42× speedup on SFT dataset shows robustness across

different coding interaction styles

• Pattern Matching Excellence: High performance stems from coding’s repetitive

structures and common patterns that n-gram models capture effectively

4.5.6 Cross-Model and Scale Generalization

Following the methodology of Sec. 4.4.1.6, each Qwen3 target uses its own freshly-built 5M-

example target-aligned index. Table 4.8 reports speculation throughput, end-to-end speedup,

and average accepted length for Qwen3-8B and Qwen3-32B across the three benchmarks.

TABLE 4.8: Inference speed of Infinigram-based speculative decoding across
Qwen3 target models and benchmarks. Spec TPS reports tokens/second under
speculation; Speedup is relative to non-speculative decoding of the same target.

Target Benchmark Mode Spec TPS Speedup Accept. Len.
Qwen3-8B math500 INFGRAM 61.9 2.02× 2.17
Qwen3-8B HumanEval INFGRAM 68.7 2.30× 2.49
Qwen3-8B Alpaca INFGRAM 59.1 1.96× 2.08
Qwen3-32B math500 INFGRAM 35.8 2.04× 2.04
Qwen3-32B HumanEval INFGRAM 33.7 1.99× 1.98
Qwen3-32B Alpaca INFGRAM 31.2 1.76× 1.76

Both model shows good acceptance length in the 1.76–2.49 range. End-to-end speedups

remain in the 1.76×–2.30× range across both targets and across all three task styles, and

the speedup factor does not erode as the target scales from 8B to 32B parameters. This is
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consistent with the design hypothesis in Sec. 4.4.1.6: Infinigram-based speculative decoding

remains effective among different model sizes and architectures.

4.6 Analysis and Discussion

4.6.1 Key Findings: Infinigram’s Transformative Advantages

Our experimental evaluation reveals several revolutionary insights that position Infinigram as

a game-changing approach to speculative decoding:

(1) Instant Prediction with Zero Training: Infinigram achieves microsecond-level

token prediction without any neural network training, gradient computation, or

hyperparameter tuning - requiring only index building from 5M examples processed

in ∼840 seconds

(2) CPU-First Architecture: Unlike GPU-dependent neural approaches, Infinigram

fully utilizes CPU resources, making it deployable in standard computing environ-

ments without expensive hardware requirements

(3) Perfect Recall on Familiar Patterns: When input patterns match training data,

Infinigram provides instantaneous prediction with near-perfect accuracy, especially

evident in coding tasks (66.24% average acceptance) where repetitive structures

dominate

(4) Data Efficiency Breakthrough: Strong performance with only 5M examples demon-

strates orders of magnitude better data efficiency compared to neural draft models

requiring billions of parameters and extensive training

(5) Real-Time Adaptability: Confidence-based filtering and dynamic depth selection

operate with zero computational overhead, enabling real-time optimization without

performance penalties



4.6 ANALYSIS AND DISCUSSION 75

4.6.2 Infinigram’s Deployment Advantages

4.6.2.1 Computational Efficiency Transformation

Infinigram fundamentally transforms the economics and practicality of speculative decoding

deployment:

• Microsecond Latency: Token prediction occurs in microseconds using simple array

lookups, compared to milliseconds for neural forward passes

• Zero Training Infrastructure: No GPU clusters, distributed training, or specialized

ML infrastructure required - standard CPU servers suffice

• Instant Deployment: Index construction completes in minutes, enabling rapid

prototyping and production deployment

• Minimal Resource Requirements: Operates efficiently on commodity hardware

with standard RAM, eliminating GPU memory constraints

• Linear Scalability: Performance scales linearly with available CPU cores, not

constrained by GPU parallelization limits

4.6.2.2 Operational Excellence

• Maintenance-Free Operation: No model retraining, checkpoint management, or

hyperparameter monitoring required

• Deterministic Performance: Consistent prediction latency and accuracy, unlike

neural models with variable computation costs

• Pattern Specialization: Excels in domains with familiar patterns (coding, structured

text) where exact matches provide perfect predictions

• Cost Efficiency: Orders of magnitude lower computational cost compared to training

and running neural draft models
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4.6.3 Practical Deployment Considerations

4.6.3.1 Distribution Alignment Strategy

The overfitting findings fundamentally change deployment recommendations:

• Target Model Alignment Critical: Always build indices from target model outputs,

not training data responses

• One-Time Cost Justified: The initial inference cost to generate target model re-

sponses is offset by 9.7% performance improvement

• Avoid SFT-Based Shortcuts: SFT-based indices appear effective when tested on

SFT data but fail to generalize to actual model behavior

• Domain-Specific Indices: Specialized indices for structured domains (code, math)

can achieve >70% acceptance rates

4.6.3.2 Confidence-Aware Deployment

• Adaptive Speculation: Implement probability threshold filtering (>0.5) for 3-6%

acceptance improvement

• Sequence Length Optimization: High-confidence scenarios enable longer specula-

tion sequences (4.86 vs 2.85 average tokens)

• Dynamic Depth Selection: Adjust speculation depth based on domain and model

confidence

4.6.4 Overfitting Analysis: A Critical Discovery

4.6.4.1 The Distribution Mismatch Problem

One of the most significant findings of this research is the discovery of systematic overfitting

in SFT-based Infinigram indices. This finding has profound implications for the field of

speculative decoding:
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Overfitting Manifestation: When SFT-based indices (trained on teacher model responses)

are evaluated on target model outputs instead of SFT responses, we observe:

• 5-10% drop in acceptance rates across all match lengths

• Reduced average accepted sequence length (1.6 vs 2.85 tokens)

• Poor generalization to the actual inference distribution

Root Cause Analysis: The distribution mismatch occurs because:

(1) Teacher-Student Divergence: SFT data is typically generated by teacher models

(e.g., GPT-4) for training student models. The student model develops its own

generation patterns during training that diverge from the teacher’s outputs [109]

(2) Model-Specific Generation Patterns: Each model develops unique statistical

patterns, vocabulary preferences, and structural biases during training. An n-gram

index built from GPT-4 outputs will not match the patterns of a Llama-3 or Mistral

model deploying the speculator [21]

(3) Training-Inference Gap: Even when fine-tuned on the same SFT data, the target

model’s actual generation behavior differs from the training distribution due to

sampling strategies, temperature settings, and autoregressive accumulation of subtle

biases [110]

4.6.4.2 Implications for Speculative Decoding Research

This discovery challenges fundamental assumptions in the field:

• Evaluation Methodology: Previous studies may have overestimated performance

by testing on matched distributions [111]

• Training Data Selection: The source of training data for draft mechanisms is more

critical than previously understood [112]

• Generalization Requirements: Draft models must be designed to match target

model distributions, not training data distributions [113]
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4.6.5 Comparison with Alternative Approaches

4.6.5.1 vs. Neural Draft Models

Advantages of Infinigram:

• No neural training: Index construction requires only ∼840 seconds of CPU time

• Batch generation: Generates 16 tokens in 1ms total, compared to 16ms for sequen-

tial neural generation

• Competitive performance: 2.96× speedup on HumanEval (vs. Eagle-3’s 2.51×)

using only CPU resources

• Domain adaptation: New domains require only index rebuilding, not model retrain-

ing

• Model-agnostic speed: Speculation latency remains constant regardless of target

model size

Disadvantages:

• Limited to patterns seen in training data

• Reduced effectiveness for creative/novel text

• Larger memory footprint for comprehensive coverage

4.6.5.2 vs. Tree-based Speculation

Infinigram offers linear speculation paths while tree-based methods explore multiple branches.

Our approach is memory efficient but potentially less helpful for high-entropy continuations.

4.6.6 Limitations and Future Work

4.6.6.1 Current Limitations

(1) Novel Pattern Generation: N-gram models struggle with truly novel combinations

(2) Index Update Cost: Incorporating new data requires index reconstruction
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(3) Memory Scaling: Index size grows linearly with training data

4.6.6.2 Future Research Directions

• Hybrid Approaches: Combine n-gram and neural speculation for optimal coverage

• Dynamic Index Updates: Online learning for adapting to new patterns

• Compression Techniques: Advanced encoding to reduce index size

• Adaptive Depth Selection: Context-aware speculation depth adjustment
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Conclusion

This thesis has presented two novel approaches to optimizing large language model efficiency:

CARE for parameter-efficient fine-tuning and Infinigram-based speculative decoding for

accelerated inference. Both methods address critical bottlenecks in practical LLM deployment

while maintaining model quality through principled statistical approaches.

5.1 Summary of Contributions

5.1.1 CARE: Revolutionizing GQA-to-MLA Conversion for KV-Cache

Compression

The CARE (Covariance-Aware and Rank-Enhanced) method represents a significant ad-

vancement in GQA-to-MLA conversion for KV-cache compression by introducing dynamic,

layer-specific rank allocation based on statistical analysis of weight matrices. Unlike existing

SVD approaches that apply uniform rank decomposition across all layers, CARE recog-

nizes the heterogeneous contribution patterns of different network components and adapts

accordingly.

Key Technical Achievements:

• Activation-Preserving Factorization: Covariance-weighted SVD on
√
CW min-

imizes activation-space error rather than weight-space Frobenius error, substantially

reducing attention drift relative to naive SVD initialization
80
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• Water-Filling Rank Allocation: Adjusted rank distribution across layers and

between K/V projections under fixed KV-parity, prioritizing spectrally complex

layers and reclaiming budget from intrinsically low-rank ones

• Full MLA Restoration via Partial RoPE: A small decoupled-RoPE channel paired

with the latent K/V factorization enables 100% MLA conversion while preserving

the original KV-cache footprint

• Matched-Budget Healing: Brief distillation-based fine-tuning under matched

1B/3B-token budgets recovers and exceeds the original GQA accuracy, requiring

fewer steps than baseline initializations

5.1.2 Infinigram: Transforming LLM Inference Speed

The Infinigram-based speculative decoding system[92] demonstrates that n-gram modeling

can achieve revolutionary speedups in modern neural language generation. By replacing

computationally expensive neural draft models with ultra-fast statistical lookups, this approach

fundamentally insights the future of LLM deployment.

Breakthrough Performance Metrics:

• Lightning-Fast Speculation: 1ms to generate ALL 16 lookahead tokens simultan-

eously, compared to 1ms per token for small neural drafts[88]

• High Acceptance Rates: With target model-aligned indices, acceptance climbs

from 45.75% (ML 0) to 76.84% (ML 16) on general prompts, and from 62.54%

to 85.38% on Python coding; confidence-filtered speculation (>0.7) further raises

Python acceptance to 88.15%

• Minimal Training Requirements: Index construction completed in ∼840 seconds

using only statistical counting, eliminating complex neural training procedures

• Distribution Preservation: Guaranteed exact output distribution matching through

rigorous acceptance mechanisms

Critical Research Discovery: Our investigation revealed systematic overfitting in SFT-based

speculation indices, where models trained on human collected responses showed 5-10%
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performance degradation when applied to target model outputs. This finding challenges fun-

damental assumptions in speculative decoding research and establishes that draft mechanisms

must align with target model distributions rather than training data distributions.

5.2 Limitations and Areas for Improvement

5.2.1 CARE Method Limitations

While CARE demonstrates significant improvements over uniform rank allocation, several

limitations warrant future investigation:

• Initial SVD Overhead: The one-time computational cost of SVD analysis may be

prohibitive for very large models or frequent re-ranking scenarios

• Static Rank Allocation: Current implementation determines ranks during initializa-

tion; dynamic adaptation during training could yield further improvements

• Task Generalization: Performance evaluation focused on specific fine-tuning scen-

arios; broader task coverage would strengthen generalization claims

5.2.2 Infinigram System Constraints

The Infinigram approach, while revolutionary in speed, faces inherent limitations of n-gram

modeling:

• Pattern Sparsity: Rapid performance degradation for unseen patterns limits effect-

iveness in novel domains

• Context Length Limits: Diminishing returns beyond 16-gram contexts restrict

applicability to very long-range dependencies

• Domain Dependence: Superior performance on structured domains may not trans-

late to all application areas
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5.3 Future Research Directions

Three concrete research directions emerge:

• Unified framework: Combining CARE’s training efficiency with Infinigram’s

inference acceleration and other optimization techniques in a single optimization

pipeline

• Dynamic adaptation: Online rank adjustment during inference based on task

complexity

• Hybrid speculation: Combining n-gram statistics with lightweight neural models to

handle both familiar and novel patterns

5.4 Final Reflection

This thesis validates that principled statistical analysis and classical optimization techniques

remain highly effective for modern LLM challenges. The success of CARE’s activation-

aware rank allocation and Infinigram’s statistical speculation demonstrates that understanding

fundamental mathematical algorithms and LLM systems can yield practical efficiency gains

comparable to or exceeding complex neural innovations. Most critically, our discovery

of distribution mismatch in speculative decoding underscores the importance of empirical

validation over theoretical assumptions in optimization research.
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