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Transformer Architecture
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Transformer Architecture: Overview

Encoder Stack:

o N identical layers (N=6 in original paper)
e Each layer has two sub-layers:
e Multi-head self-attention mechanism

e Position-wise fully connected feed-forward network

e Residual connection around each sub-layer

e Layer normalization after each residual connection

Decoder Stack:

o N identical layers (N=6 in original paper)

e Each layer has three sub-layers:

OQutput
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Inputs

e Masked multi-head self-attention

e Multi-head attention over encoder output

e Position-wise feed-forward network

e Residual connections and layer normalization

Outputs
(shifted right)



Key Components of Transformer

—0——0——0—

Embedding Layers Positional Encoding Multi-Head Attention

. pos
Convert tokens to dense vector PEipos2iy = sin (100002i/dm.m) Allows model to jointly attend to
representations of dimension PE |y 2:+1) = €08 (1000%%) information from different
dmodel (512 in original) « pos: The position of the token in the sequence. representation subspaces

¢ i: The dimension index (from 0 t0 dneder/2 — 1).

¢ d,.q: The dimension of the embedding.
Feed-Forward Networks Residual Connections & Layer Normalization

FFN(m) = mam({), IEWl + bl)WQ + bg
x + Sublayer(x) Layer Norm(x + Sublayer(z))



Scaled Dot-Product Attention

The basic attention mechanism in Transformers:

T
Attention(Q, K, V') = softmax C\?/I;_k v

e Q: Query matrix of shape. Represents the current element being processed.

Where:

e K:Keys matrix of shape. Represents all elements in the sequence that the query might attend to.
e V:Values matrix of shape. Contains the actual information associated with each key.

e di: Model dimension (the dimension of the keys). Used for scaling to prevent the dot products from becoming too large
and pushing the softmax into regions with extremely small gradients.

queries keys values outputs
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Self-Attention: Step-by-Step

Input Embeddings

For a sentence with
tokens x,.xs. ... 2,
each token is
embedded into a
vector of dimension

I!':\irln'-\:.'l'.lll" II

T
Attention(Q, K, V') = softmax (?/Ii_k ) |74

Linear Projections Attention Scores Attention Weights

Project each Compute attention Apply softmax to get

embedding to create scores with scaling to attention weights:

queries, keys, and prevent vanishing

values: gradients: A= E.thmax(s }
Q=XW¢ S:QKT
K=XW*~ Vi

V=Xxw"

Weighted Values

Compute weighted
sum of values:

4 =AV
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Multi-Head Attention

Instead of performing a single attention function, the Transformer uses multiple
attention heads in parallel: Linear

MultiHead(Q, K,V) = Concat(heady, ..., head,)W° Concat

i

where head; = Attention(QmQ, KWE, VWY) [_I_ I I )
Scaled Dot-Product
. h
Where: Attention

o WZ WK WYV: Linear projections for queries, keys, and values

e  WO: Output projection matrix

In the original paper: h =8, d,,,p4e1 = 912, dj, = d,, = %= 64
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Example

Input embedding

Original sentence
itokens)
Input IDs (position in

the vocabulary)

Embedding
ivector of siza 512)

We define d__ .., = 512, which represents the size of the embedding vector of each word
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Example

Positional encoding

Original sentence

Embedding
ivector of size 512)

Position Embedding
ivector of size 5312).
Only computed once
and reused for every
sentence during
training and inferenca.

Encoder Input
ivector of size 512)

.l.+- I

.I.+. I
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Example

Positional encoding

Sentence 1
0s
PE(pos,2i) = sin P T
10000%modet
0S
PE(pos,2i + 1) = cos B .

100009model Santance 2

We only need to compute the positional encodings once and
then reuse them for every sentence, no matter if it is training or
inference.
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Example

Self-Attention

Self-Attention allows the model to relate words to each other.

In this simple case we consider the sequence length seq = 6 and d

The matrices Q, K and V are just the input sentence.

Q ¥ KT

softmax
{5 512) (512, &)

v512

* for simplicity | considered only one head, which makes d ;4. = d..

a=d,=512.

D248

0124

014a7

0214

014s

DARE

niie

D27E

013z

0128

n1sE

nii4
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* all walues are random.
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Example

Self-Attention

0.24E

0.
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G229

v

(6, 512)

Attention(, K, V) = softmax

Attention

(6, 512)

T

Q
Vi

V

Each row im this matrix capturas nat only the
meaning (given by the embedding) ar the positicn
in the sentence (representad by the positional
encodings) but also each word’s interaction with
other words.
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Example

-
Multi-head Attention Faa
QKT -
mftmu(m) =
(g, ] Allention Visualization
s{ i B TP
' . UPTOR N 1 P ITTE A N HTHRITETIT
¥ -
TUTERATETIPETERERECICEINR f14100
Attemiun(q,ﬁ,ﬂ=sufhnax(3,;:)v E EE g i E E- '
head; = Attention(QW,, KW/ VW)
[ entieg | RN
g W -
zeq = sequence length = d.:-. !
dnadal = size of the embedding vector MultiHead(Q, K, V) = Concat(head, .. head,)W?
h = number of heads
di.d, =d.odai/ h
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Summary: Transformer Architecture

Feed-forward network:
after taking information from
other tokens, take a moment to

3
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Linear

& Y
"" Add & Norm h/
¥

Feed
Forward

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

T

Decoder-encoder attention:
/ target token looks at the source

MU“I*Head f"
p L : By Feed Attention
think and process this information | Forward O Nix
T LA
~ Y Add & Norm
. p-ul Add & Norm | .
= . Masked
EnCOder Self attentlon . \‘..__’ Multi-Head Multl-Head <
tokens look at each other Attention Attention
| O |
queries, keys, values \—] ) L —
are comp uted from Positional ) Positional
encoder states Encoding ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

queries — from decoder states; keys

and values from encoder states

T

Decoder self-attention (masked):

tokens look at the previous tokens
queries, keys, values are computed
from decoder states

27

18



Part ll: LLaMA Architecture
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Evolution: Llama1 = Llama2 = Llama 3

Llama1(2023) Llama 2 (2023) Llama 3 (2024)

e Base transformer with RMSNorm o Grouped-query attention (GQA) e Advanced tokenizer (128K vocab)

e SwiGLU activations e Improved pretraining mixture « 8B, 70B, 405B parameters

« Rotary positional embeddings (RoPE) e 7B to 70B parameters *  Context length: up to 8K tokens (for released
e /B to 65B parameters e Context length: 4096 tokens models)

e High-quality pretraining data (15T tokens)

e Context length: 2048 tokens e Reinforcement Learning from Human - . , ,
) e  Post-training: Supervised Finetuning +
Feedback alignment Reinforcement Learning from Human Feedback

alignment

Architectural Innovations Training Methodology
Consistent transformer core (RMSNorm, SwiGLU, RoPE). Llama-2 adds Al gfaneratlo.ns use' causal nex:—token pretralnlr?g. Llama-2 and Llama-3
GQA (notably at 70B). Llama-3 focuses on tokenization efficiency and el Insilnuieition dhlig) &) [preieienee-Rrese Elgmei (2., RHF.

. .. Llama-3 scales pretraining to ~15T tokens and introduces a more
training-data scale for better parameter efficiency. P 9

efficient 128K-vocab tokenizer.

Dubey, Abhimanyu, et al. "The llama 3 herd of models." arXiv e-prints (2024): arXiv-2407.

29
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LLaMA: Architecture Evolution
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Llama: Architecture Evolution

Key Architectural Modifications

Meta's Llama models advance the transformer architecture with these key modifications:

Grouped Multi-Query Attention Rotary Position Embeddings (RoPE)
(GQA)

Encodes absolute positional information with relative
A hybrid attention mechanism balancing attention bias:
Multi-Head Attention's quality with Multi-

Query Attention's speed by grouping Rg n2i(T) = xp; cos(mb;) — T, sin(mé;)

heads for shared Key/Value projections, i
. . . Re moii1(z) = z2i sin(mb;) + x2;,1 cos(mb;)
reducing memory and improving

inference.
Efficiency Optimizations
KV Cache Optimization Pre-normalization SwiGLU Activation
Uses RMSNorm before attention and FFN, rather than Replaces RelLU with SwiGLU in feed-forward networks:

Stores pre-computed Key (K) and Value

post-normalization:

(V) projections of previous tokens to SwiGLU(z) = z - o(Wiz) - Whz

speed up autoregressive decoding, § T

s _ _ RMSNorm(z) = ,
significantly reducing re-computation and /% EL J:? € Where o is the sigmoid function
memory bandwidth during inference.

32



Grouped Multi-Query Attention (GQA)

Key Concepts

* Number of Query Heads (H,): The total number of distinct query projections.

 Number of Key/Value Heads (H},): The number of shared Key and Value projections, where Hy, < H,.

* Group Size (G): The number of query heads that share a single Key and Value head, calculated as G = H,/Hj,.

34



Grouped Multi-Query Attention (GQA)

The attention mechanism for each query head h, still follows the standard scaled

dot-product attention. However, for a given query head Qngs its corresponding Key
Ky
group. Specifically, if a query head h_q belongs to group i, it will use the i-th

., and Value V,, projections are shared with G-7 other query heads within its

shared Key and Value heads, K; and V;

Qh’q K‘%:w
Vi

Attention(Qr, , K, , Vi, ) = softmax Vi,

Where:

Qn, € RE* is the query matrix for query head h,.

Ky, € RE% v, e RM% are the key matrix and value matrix for
the H,, group that h, belongs to.

L is the sequence length; d; is the dimension of keys and
queries; d, is the dimension of values.

The outputs from all H, attention heads are then
concatenated and linearly projected, similar to Multi-
Head Attention.

35



Why KV Cache: Example

Next Token Prediction Task: Inference

Output Love

Inference
T="1

Input [SOS]

38



Why KV Cache: Example

Next Token Prediction Task: Inference

Output Love that

Inference
T=2

Input [SOS] Love

39



Why KV Cache: Example

Next Token Prediction Task: Inference

Output Love that can quickly seize the gentle heart [EOS]

Inference
T=9

Input [SOS] Love that can quickly seize the gentle heart

40



Why KV Cache: Example

Q K"
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ozm®EQO A

TOKEM 7

(7, 4098) (4098, 7)

(¢ 9

14 Attention
TOKEM 1 ATTENTION 1
TOKEM 2 ATTENTION 2
TOKEM 3 ATTENTION 3

X TOKEM 4 _ ATTENTION 4
TOKEM & - ATTENTION 5

TOEKEM & ATTENTION &

TOKEM 7 ATTENTION 7

TOKEEM & ATTENTION B

TOKEM 2 ATTENTION 9
(9, 4094) (9, 4096)

Attention(Q, K,V) = softmax

Ja
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Why KV Cache: Example

QK"

| TOKEM 1 |

—tzn'l?:c.—||

(1, 4094) (4094, 1)

Inference

T=1

(1,1

|74 Attention
| TOEEM 1 | I ATTENTION 1 I
(1, 40%4) (1, 40%4)

Attention(Q, K, V) = softmax (

QK"

Jax

)V
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Self-Attention during Next Token Prediction Task

QK"
Q KT : V Attention
TORENT O = s TORENTYT | ATTENTION 1
TOKE TvzTg, s | TORENZ | | ATTENTIONZ
o] O
Kl K
E| E
X |nln = X =
11 2
(2, 4094) (4098, 2) 2, 4096) (2, 40946)
. QK"
Inf Attention(Q, K, V) = softmax v
nterence (2,2) Jdy

T=2
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Self-Attention during Next Token Prediction Task

QK"
Q KT : V Attention
TOKEM 1 TOKEN 1 ATTENTION 1
TOKEM 2 T T| T TOEEM 2 ATTENTIOM 2
— o O] O
OKEN 3 kl el K TOKEN 3 ATTENTION 3
E| E| E
X |n|nn = X =
11 2] 3
{3, 4098) (4094, 3) 13, 4096) (3, 4098)
. QK"
Attention(Q, K, V) = softmax v
Inference 3.3 Jdx

T=3



Self-Attention during Next Token Prediction Task

TOKEMN
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TOKEM 3

TOKEM 4

(4, 4096)

Inference
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Attention

TOKEM 2
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TOKEM 3
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TOKEM 4

ATTENTION 3

(4, 4096)

ATTENTION 4

(4, 4098)

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

Jax
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Self-Attention during Next Token Prediction Task

1. We already computed these dot products 2. Since the model is causal, we don't care about the attention
In the previous steps. Can we cache them? of a token with its successors, but only with the tokens before it.

3. We don't care about these, as we want to predict the
next token and we already predicted the previous ones.

Q KT 4 \ Attention
L

TOKEN 1 TOKEN 1 ATT

TOKEM 2 T|T(T]T TOKEN 2 A

TOKEM 3 E E S ? TOKEN 2 A

TOKEM 4 E|E| E| E TOKEM 4 ATTENTICN 4

X | n|nfn|n = X =
1| 2] 3] 4
4. We are only interested
In this last row!
(4, 4094) (4098, 4) (4, 40%4) (4, 40%94)
T

Attention(Q, K,V) = softmax

Inference (4,4 Jdx
T=4



Self-Attention with KV-Cache

Q KT
|_GRE'\I1 | -
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Inference
T=1

(1.1

V Attent
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i1, 4094) (1, 4094)

T

Attention(Q,K,V) = sc:uftmax(

Ja

QK)V
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Self-Attention with KV-Cache

Q KT
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Self-Attention with KV-Cache

| TOKEM 3 |

sFzmA 0=
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Self-Attention with KV-Cache

QK"
Q KT SRR %4 Attention
| TOKEN 4 | TOKEM 1 | ATTENTION 4 |
TIT|T|T TOEEM 2
E E E E TOKEMN 3
% E|E| E| E o X TOKEN 4 _
Ml M| N N _— —
11 2| 3| 4
(1, 4096) (4096, 4) (4, 4096) (1, 4096)
. QK"
Attention(Q, K, V) = softmax v
Inference (1,4 Jdk

T=4
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Grouped Multi-Query Attention

Multi-Head Attention

e High quality

e Computationally slow

Values

Keys

Queries

Grouped Multi-Query Attention Multi-Query Attention
e A good compromise between quality and speed e Loss in quality

e Computationally fast

Multi-head Grouped-query Multi-query

o0 0000 @
00000 00000000 Ddnooa:

Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single
key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.

Joshua Ainslie et al. GQA: Training Generalized Multi-Query Transformer Models from Multi-Head
Checkpoints https://arxiv.org/abs/2305.13245 54
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SwiGLU Activation in Feed-Forward Networks

Standard Transformer FFN: LLaMA SwiGLU FFN:
FFN (z) = max(0,2W1 + by )Ws + by FF Nsyicrv(x, W,V ,W5) = (Swishi(zW) ®
QL'V)WQ

Uses RelLU activation
Uses SwiGLU activation; offers better gradient flow and
performance

55



SWIGLU: Mathematical Detalls

The SwiGLU activation function in LLaMA is defined as:
SwiGLU (z, W,V ,b,c, B) = (Swishg(zW + b) @ (zV + ¢)

® denotes element-wise multiplication

I

Often we omit bias terms and choose Swish function with B=17, i.e., Sigmoid Linear Unit (SiLU) function: Swish(z) = 2 - o(8z) = ;

FF Nswicru(z, W,V,Ws) = (Swishy(zW) ® V)W

Compared to standard FFN: fewer parameters & maintaining or improving performance.

Shazeer, N. 2020. GLU Variants Improve Transformer. https://arxiv.org/abs/2002.05202

56
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Activation Function Comparison

Activation Functions: Sigmoid, RelLU, and SiLU (Swish)

1 6 | —— Sigmoid
— —— RelU
1+e —— SiLU (Swish)

Sigmoid o(z) =

ReLU(z) = max(0, x)

activation
w
N

SiLU(z) =z - 5 é_x 7




Part Ill: Mixture-of-Experts .




Introduction to Mixture-of-Experts (MoE)

What is MoE?

A neural network architecture that combines multiple "expert" networks, each

specializing in different aspects of the input space.
Key components:

e Multiple expert networks (typically FFNs)
e Router/gating mechanism

e Sparse activation (only a subset of experts processes each input)

Primary advantage: Enables parameter scaling while keeping computational

costs manageable.

GShard (Lepikhin et al., 2021)

e Top-2 routing strategy
e« Each token is routed to 2 out of N experts

o Pioneered MoE for large-scale language models

Switch Transformer (Fedus et al., 2021)

e Top-1routing strategy
e Eachtoken is routed to 1 out of N experts

o Simplified routing for better scaling

Hash Layer (Roller et al., 2021)

e Fixed routing based on hash functions
e No learned routing parameters

e More stable trainingMoE architecture enables selective activation of
experts based on input tokens

61
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Understanding Mixture-of-Experts (MoE)

In standard Transformer models, each layer contains a Feed-Forward Network (FFN). MoE replaces these FFNs with multiple "expert"

networks and a routing mechanism that selects which experts to use for each token.

e | e — . ————

Standard MoE Architecture Routing Mechanism
In conventional MoE, each token is routed to a small subset of The router determines which experts process each token using
experts (typically 1-2 out of N). The output is computed as: a learned mechanism:

N ]

hi = (gi¢ FFN; (u})) + uf g Sier Sie € Topk(sjefl < j < N, K),
— : L b — .
— it PR o - 0, otherwise,
1=

Where gi,t is the gate value (0 or 1) determining if expert i Where si,t is the token-to-expert affinity score calculated as:

processes token t.

8it = Softmax; (uiref;_)

D Lepikhin et al. GShard: Scaling Giant Models with Conditional Computation and Automatic Sharding. In ICLR 2021.
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Limitations of Conventional MoE

Knowledge Hybridity

With limited number of experts (e.g., 8 or 16), tokens assigned to a specific expert cover diverse knowledge domains.

Result: Each expert must assemble vastly different types of knowledge in its parameters, which are difficult to utilize simultaneously.
Knowledge Redundancy

Tokens assigned to different experts may require common knowledge.

Result: Multiple experts converge in acquiring shared knowledge, leading to parameter redundancy.

64



DeepSeekMoE Overview

40 % 16B

Computation Parameters
Compared to equivalent dense models Total model size
Tokens GPU Memory
Training data (English & Chinese) Can run on a single GPU

Key innovations: Fine-Grained Expert Segmentation & Shared Expert Isolation

Dai, Damai, et al. "Deepseekmoe: Towards ultimate expert specialization in mixture-of-experts language models." arXiv preprint arXiv:2401.06066

(2024).https://arxiv.org/pdf/2401.06066
65
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Fine-Grained Expert Segmentation

mN

h; = Z (9 FFN; (u;)) + u

=1

Where each expert is segmented into m smaller experts, and the gate

values are determined by: /

{s;,t, if s;; € Topk ({s;: |1 <j<mN} mK), [ . }[ ’ ][ Y ]
git —

0, otherwise.

And the token-to-expert affinity remains:
Input Hidden

(a) Conventional Top-2 Routing s (b) + Fine-grained Expert Segmentation m

si¢ = Softmax; (uilef)

66



Example: Combinatorial Flexibility

Consider a standard MoE with N=16 experts where each token activates K=2 experts:
e Possible expert combinations: (%) = 120
With DeepSeekMoE using m=4 (splitting each expert into 4):

e Total experts: mN = 64
» Experts activated per token: mK = 8

e Possible expert combinations: (%) = 4,426,165,368

This dramatic increase in combinatorial flexibility enables more precise knowledge specialization.

67



Shared Expert Isolation

With shared expert isolation, the output of a
DeepSeekMoE layer is given by:

K, mN Output Hidden
h = Z FFN; (u;) + Z(gi,t FFN; (ui)) +u,
i=1 =1

Where the gate values for each expert are determined by:

git =
{Si,,ta 1 € TDpk({Sj?t | Ks +1 'i: j '-i: mN}.jmK — Ks) Input Hidden

(a) Conventional Top-2 Routing msssp (b) + Fine-grained Expert Segmentation msssp (c) + Shared Expert Isolation

[}, otherwise (DeepSeekMoE)

And the token-to-expert affinity remains:

.,
s;+ = Softmax; (ui ei)
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Part IV: TranSQL*

Serving Large Language Models with SQL on Low-Resource Hardware
[Research paper SIGMOD'26, SIGMOD'25 best demo runner-up]

Wenbo Sun (PhD candidate)

EEE TranSQL" w/ opt B TranSQL™ w/o opt

Deepspeed N | lama.cpp
Time Consumption for LLaMA3 in End-to-End Token Generation

2000

1500

Time (s)

1000

500
) n II I II | II
25 50 100 200

Prompt Length

Figure 1: End-to-end time consumption. The output token
length is 50. TranSQL™ shows 10x faster end-to-end (Prefill &
Decoding) performance than production-ready frameworks.



Motivation: Why Run LLMs on Edge Devices?

B Home

Privacy Concerns Integration with Local Tools Domain-Specific Applications



Current Challenges in Edge LLM Deployment

Memory Constraints

Even smaller models exceed available memory on edge devices:

Llama3 8B requires 16.1GB RAM
Most laptops/smartphones have 8-16GB

Hardware Heterogeneity

Edge environments span diverse architectures:

Personal computers (x86_64)
Mobile/embedded (ARM v8/v9)
loT devices (RISC-V and others)

Existing Approaches & Limitations

e Compression methods: Distillation, quantization, pruning
reduce memory but degrade accuracy

o Weight offloading: Moving weights between GPU/CPU
memory, but mainly optimized for GPU systems

e Memory-mapped I/O: Frameworks like Llama.cpp support
swapping from disk to memory, but introduce 1/O bottlenecks

e Porting complexity: Supporting new operators and hardware
requires re-engineering and specialized skills



Our Proposal: Leveraging Relational Databases

Relational databases offer several advantages for LLM inference:

e Ubiquitous presence (e.g., SQLite embedded in billions of devices)
e Mature out-of-core execution capabilities

e Efficient cache management

e Vectorized execution for performance

e SQL's inherent portability across diverse platforms

Databases align well with interactive workloads like LLM inference
under tight memory budgets.

Databases can efficiently manage model parameters that exceed RAM
and accelerate linear-algebra kernels via batch-oriented, vectorized

execution.
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Key ldea & Contributions

Core ldea: Translate the LLM computation graph into pure SQL, execute in a relational DBd

C1 C2

Template-based SQL Generator Optimization Techniques
First template-based SQL code generator to ROW2COL pivot + table fusion reduce
serve modern LLMs inside DB engines. intermediate cardinality and boost

vectorized execution.

C3

Performance Gains

On CPU-only, low-memory hardware: up to
20x lower prefill latency, up to 4x faster
decoding vs DeepSpeed & Llama.cpp.



An overview of the workflow of TranSQL*
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Recap

LLaMA-3 8B

Model dimension d; = 4096

Number of attention heads = 32

So, per head dimension =4096 + 32=128

For keys (K):

WK - [WK,1WK,2

Where each Wy, € R*096x128

For values (V):

WV - [WV,1WV,2

Where each W, , € R*096x128

WV,BZ]

Grouped-query

JU0L

Jooooooo
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Model Preprocessing

1. Chunk-Based Representation

To execute neural operators via SQL, model weight matrices are
converted into relational tables using a chunked format:

 Matrices are split into smaller blocks, indexed by row and
column
e Eachrow is split into chunks of fixed size

e For a matrix W e R™", each row is represented as:

In the database table, each row corresponds to:

(G))

1

(i,c, W

- ll - ll
3e IEEN g [ e ]
: r 16 per chunk ,'-_', 16 chunk
g g
E" 8 chunks X 16 = 128D x 1 | 8 chunks x 16 = 1280
» . 8 =
® 8 heads X 128D = 1024 2 || 8neads x 128D = 1024
: N0 & ! 7y &
# \'5\‘D : - :/2\6'?
K weights & V weights 4 Q weights 4
'Iayef, headvrgyv' col |key_chunk |value_chunk _Iaye(]»heaq]row'}' col |query_chunk
0 | o | 0| 0 [<0604.>| <0203.> 0 [ 0] 0|0 ]<0504.>
| 0 oo 1[<0703.>]<0605.> [ o JoJo[1]<0701.>

Figure 4: lllustration of slicing K, V, Q weights into chunks.

This chunking strategy provides flexibility by allowing trade-offs
between the number of rows and the workload per thread when
performing vector operations.



Model Preprocessing

2 Constant Folding

Precompute constant tensors and any downstream linear or

scalar operations . B QKT
Attention(Q, K, V') = softmax . V
k

Benefit: avoid redundant computation at inference time

: : 1
Example: attention scaling factor —

Jax



Template-based SQL Code Generation

TranSQL+ translates LLM inference computations into executable SQL using a template-based approach:

e Each neural operator maps to a predefined SQL template
o« Templates are instantiated with model-specific parameters

e Forinstance, attention-head group size (GQA) and token/embedding dimensionality
 Operators are categorized by type and parameterized based on their dimensions

i. Element-wise functions (e.G., Sigmoid, silu)

ii. Element-wise arithmetic (e.G., Vector addition, element-wise multiplication)

iii. Matrix-matrix and matrix—vector multiplication

iv. Shape manipulation (e.G., View, reshape)

v. Normalization-related operations (e.G., Rmsnorm, softmax)



Template-based SQL Code Generation

A neural operator acting on p operands is represented as:

OPater({Ris- .. R} 7. 8. G)

Where:

e F denotes the set of free dimensions retained in the output (grouping or projection columns)

e § encodes the mappings of shared dimensions between operands (translated to SQL join keys)
e G represents the dimensions used in GROUP BY clauses

e attr indicates operator-specific attributes that guide the projection logic



Example: Matrix Multiplication in SQL

For matrix multiplication X = AB, where A € R™" and B € R™", each element is calculated as:
H
Lij = E aik'bkj: for : € [O:m):J S [0,?’1)
k=0

Matrix multiplication X = AB is parameterized as:

OPater({Ri.. - Ry}, 7, S, G,

4

Matmul ({4, B}, @, {(ra,75)}, {ma,ns})
Where:
« A and B are input matrices
* my,ng are group-by dimensions (output row/column indices)
* 14, g are shared dimensions for summation



Example: Matrix Multiplication in SQL

Within the chunked table structure, matrix multiplication is implemented using JOIN and GROUP BY operations in below pattern:
SELECT
A.i AS i, B.j AS j,
SUM(A.wi? - B.w!?) AS wy
FROM A JOIN B ON A.c = B.c GROUP BY A.i, B.jJ,;

4

SELECT A.m, B.q, SUM(DOT(A.chunk, B.chunk)) FROM A
JOIN B ON A.n = B.p GROUP BY A.m, B.q

This SQL-based matrix multiplication serves as a foundation for implementing other operations directly in the relational engine.



Templates for Primary Operator Categories

Operator Category | Operator | Template SOL Query
Matrix AB Rs — Ilg s DOT(cy.c2) (R1 P45 Rz) | SELECT A.m, B.q, SUM(DOT(A.chunk, B.chunk)) FROM A
multiplication Mg.SUM(cy) ( ve R3)) JOIN B ON A.n = B.p GROUP BY A.m, B.q
Element-wise . .
function Sigmoid(A) | IT & fles ‘,(Rl) SELECT A.m, A.n, 1/(1+exp(-A.chunk)) FROM A
Element-wise A+B 1 ( R sac R ) SELECT A.m, A.n, A.chunk + B.chunk FROM A
arithmetic S, flene)|™1 75 T2 JOIN BON A.m = B.p AND An = Bg
Reshape Aflatten() | g f(s), o,(R1) SELECT A.m*M+A.n, A.chunk FROM A
R2 — Ilg. g age(f(cy ),(R1) WITH exp_sum AS (SELECT A.m, SUM(SUM(exp(A.chunk))) AS summation
Normalization Softmax(A) | R3 « Ilg a0q(ey) yg(Rg) FROM A GROUP BY A.m)

n'f,Q‘.q(c-;x; )(R2 s R3)

SELECT A.m, A.n, exp(A.chunk)/summation FROM A
JOIN exp_sum ON A.m = exp_sum.m

These templates cover the core neural operators used in transformer-based LLMs like Llama3 and DeepSeek MoE.

Why templates?

Extensibility: easy to add new operators, simply add templates

Examples: transformer components, convolution kernels




Post-optimization I: Temporary View Elimination

Problem: Initial SQL generation produces many subqueries and temporary views, causing significant I/O overhead.

Solution: Leverage Common Table Expressions (CTEs) to merge multiple subqueries into a single, unified SQL statement, reducing I/O
from repeated materialization and scans

Step 1: Topological sort the computation graph 1
2 Step 2: Visit each node and merged them into
CTE block.
For critical nodes: the currently accumulated nodes are materialized into
Step 3: Combine all SQL statements into a final 3 a table
SCript For other nodes: absorb nodes into the ongoing CTE expression

i} Critical nodes: (i) is consumed by multiple downstream operators or (ii) is subsequently modified by one or more operators

e Key and Value Vectors of Attention Heads

e Embeddings for Residual Connections



Post-optimization |I: Table Fusion

Problem: In LLM inference, query, key, and value vectors
are computed independently but share the same input,
resulting in redundant scans and multiple temporary tables.

Solution: Concatenate the projection weights into a single
extended matrix:

() = embedding x Wy, K = embedding x
Wk, V = embedding x Wy,

where Wy, Wi, Wy € R%==2=4 gre the projection weights.

Benefits: Merging Q/K/V weight tables allows scanning
weights once and computing all three matrix multiplications
in a single SQL query, reducing cache flushes and repeated
scans while exposing finer-grained parallelism.

Key weights Embeddings Value weights

T O

C

key_id | .. value_id

Figure 5: Merge computation of key and value vectors into a single CTE.



Post-optimization Ill: ROW2COL Pivoting

Problem: Join-based alignment in relational engines inflates intermediate results, forces key materialization, and limits intra-operator
parallelism.

Solution: ROW2COL pivots chunk rows into columns, reducing join cardinality and exposing contiguous, independent column slices for
parallel processing.

=)

Benefits: (1) Reduces source rows and intermediate join cardinality, (2) Exploits vectorized engines by treating columns as contiguous
arrays, (3) Exposes column-aligned chunks for parallel processing.



Experimental Setup

Models Tested Database Backends

e« Llama3-8B (dense, GQA, SwiGLU) e DuckDB

o DeepSeek-MoE (6 experts activated) e ClickHouse

Hardware Configuration Baselines & Metrics

e 4 CPU cores e DeepSpeed Inference, Llama.cpp (CPU out-of-core)
e« 16 GB RAM (also tested down to 8 GB) o Prefill latency (to first token)

o Per-token decoding latency

All experiments conducted in CPU-only, memory-constrained scenarios to simulate edge device deployment.



Prefill and decoding latency

BN TranSQL™ (DuckDB) B TranSQL™ (Clickhouse) Deepspeed B Llama.cpp
BN TranSQL™ (DuckDB) B TranSQL™ (Clickhouse) Deepspeed B | |ama.cpp
) . ) . ) , . ) Time Consumption for Llama3 in Decoding Time Consumption for DeepSeek MoE in Decoding
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Figure 6: Prefilllatency with varying prompt length. TranSQL+ gains Figure7: Decoding latency with varying prompt

up to 20x speedups compared to Deep speed and Llama.cpp. length.TranSQL+gains up to 4x speedups compared to

Deepspeed and Llama.cpp.

‘ TranSQL* outperforms existing inference frameworks on resource-constrained hardware.




Impact of Post-optimizations

= : . N mEN CTE SE Table Fusi EEN ROW2COL EEE Al
mm |nsert Positional Join == Hash Join mmm Group By s e
B . Prefill Speed Decoding Speed
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Figure 10: Ablation study for three post optimizations.

Figure 9: Join time drops by over 60% because the optimizations

reduce intermediate cardinality.

The post-optimization strategy reduces total execution time by 64.8% compared to unoptimized SQL

queries.
Among the three optimizations, ROW2COL has the most dramatic effect by exploiting columnar storage

and SIMD-parallel operations.




Influence of Memory Capacity

. . . . . BN Embedding W SwiGLU i Intermediate Output
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Figure 12: Layer-wise runtime and disk-I/O fraction for 25-token prompts under varying memory. Prefill
performance degrades with less memory (nearly 2x disk I/O). MoE decoding scales better since only a
subset of experts is active, reducing I/0O.

Figure 13: Prefill memory usage with 50-token input.

e Memory capacity is critical for efficient LLM inference on low-resource hardware.
e Adequate memory reduces latency in both prefill and decoding by minimizing data movement.




Scope, Generality & Limitations

Portability

Standard SQL + columnar/vectorized engines; applies to dense & MoE; CNNs via
im2col mapping.

Performance Context

Not a GPU replacement: single A100 still much faster; goal is practical on CPU,
with little RAM.

Complementary Techniques

Quantization/distillation not used; can be layered on later for additional gains.

Engine Considerations

ROW2COL/positional join support varies; cost-modeling left for future work.

Use when GPUs aren't available and memory is tight.

LLM

Inference

EDGE




Slides will be on our team webpage
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Empowering the Future of Data, Today
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Scalability problem in simulating quantum computation

* We can represent an n-qubit quantum state as a vector of size 2™

Ao 07 )
Ap..1
W) = ag.0l0...0) + s 4[1..1)=[ - . Vector size: 2™
a1.0
_alu )

* Reaching the memory limits of today’s supercomputers

ARTICLES

nature
Phy SICS https://doi.org/10.1038/541567-018-0124-x

Characterizing quantum supremacy in near-term
devices

Sergio Boixo®™, Sergei V. Isakov?, Vadim N. Smelyanskiy', Ryan Babbush', Nan Ding', Zhang Jiang**,
Michael J. Bremner®3, John M. Martinis®’ and Hartmut Neven'

2.25 petabytes for 48 qubits (single precision)
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Efficient tensor computation: database to the rescue

Q1: Push the simulation workload to DBMSs?

Theory

QC meet CQ: Quantum Conjunctive Queries

Floris Geerts

Rihan Hai

! 1 University of Antwerp University of Delft
: Frontend Backend : Antwerpen, Belgium Delft, Netherlands
: Translation Layar B floris.geerts@uantwerpen.be R Hai@tudelft.nl
1
q Circuit Layar | Abstract Hypertree width of quantum conjunctive queries. An ini-
: [ Circuit Conversion SQL Translator ! ‘We explore how recent methods for evaluating conjunctive queries li"‘f] ubser\'aliur.l is lh"‘fl the treewidth _Ufa quantum CQ [4] 31_53“5
\ T T N (CQs) can help to efficiently simulate quantum circuits (QCs), ie, ~ With the treewidth of the corresponding QC [6]. Treewidth is de-
f (/) L ! computing output amplitudes from a given input state. fined via the CQ's primal graph, where nodes represent variables
| J S 0 N _l+ + field: gat Gate / State Query : ACM Rt F . and edges connect variables co-occurring in a relation. In QC terms,
! CImun : , R Translator Translator ! Floris (‘e:r:::f:ﬂ R‘:J::\atl-—hi 2025. QC meet CQ: Quantum Conjunctive variables map to qubits and relations to gates, making the primal
1 5 L L . 3 ClIvy ; - ) ; - P Tt ~ .
! Bu"der COde Input F"e lnPUt LN} + field: num qubits J I Queries. In Workshop on Quantum Computing and Quantum-Inspired Tech- graph of a quantum CQ the fludl of the QC = “?"mt I‘-““ph' How
! [ . 9 / ! nolagy for Data-Intensive Systems and Applications (Q-Data "25), June 22-27, ever, graph-based representations are not always ideal. For instance,
! ny ! 2025, Berlin, Germany. ACM, New York, NY, USA, 1 page. https://doiorg/10. acyclic CQs can have arbitrarily large treewidth, despite being evalu-
: ny ! 1145/3736303. 3736606 able in linear time via the Yannakakis algorithm. To address this,
i
i Output Layer ' Simulation Layer
' 1
a
1
i Simulation Benchmark ' Method Selector | |
1 ) -
Results Results ! State Order-n tensor  Relational representation MPS
{
\ SQL | StateVec ! ¥ (Baseline ) (RDBMS solutions) | (Baseline II)
i | General state Qiz") Q(n - nnz(|§))) Qiny”)
\ [LIMDD 1 [ MPS 1 ! W, State o™ ain?) Q(n)
A J 2 GHZ,, State 02" Q(n) O(n)
i 1 QFT, 02" Oln-2") Oing)
e I i i Table 1: Space complexity comparison of different representations of state [/}, Here, n is the number of qubits, nnz(|y}) denotes

the number of non-zero probability amplitudes in the state |if), and the MPS bond dimension y is a fixed constant that one
chooses oneself, potentially making the representation approximate.

Littau, Tim, and Rihan Hai. "Qymera: Simulating Quantum Circuits using RDBMS." SIGMOD. 2025. Geerts, Floris, and Rihan Hai. "QC meet CQ: Quantum Conjunctive Queries." Proceedings of

the 2nd Workshop on Quantum Computing and Quantum-Inspired Technology for Data-
Intensive Systems and Applications. 2025.

Hai, Rihan, et al. "Quantum Data Management in the NISQ Era: Extended Version." arXiv
preprint arXiv:2409.14111 (2024).
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