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Pros:
O Emergent ability
0 Generalizability
Cons:

O Privacy leakage
On-device deployment
Inference latency

Expensive fine-tuning

o o o o

Inferior to specialized models
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Smaller language models are downloaded more frequently than
larger models in the Hugging Face community.
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O Relative Definition: Lu et al. [2024], Van Nguyen et al.
[2024], Chen and Varoquaux [2024] view “small” as relative to
“large.”

o Perspective of Mobile Devices: MobileLLM Liu et al.
[2024] categorizes SLMs as models with fewer than one billion
parameters, suitable for mobile devices with up to 6GB
memory.

o Perspective of Emergent Ability: SLMs typically range
from a few million to a few billion (under 7B or 10B) 2, often
lacking emergent abilities Fu et al. [2023].

0 However, they lack consensus and no clear boundaries between
SLMs and LLMs. 7B LMs belong to an LLM or SLM?

2The Rise of Small Language Models: Efficiency and Customization for Al
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o Considering both capability and resource constraints, our
definition is:

Def 1: Our SLM Definition

Given specific tasks and resource constraints, we define SLMs
as falling within a range where the lower bound is the mini-
mum size at which the model exhibits emergent abilities for
a specialized task, and the upper bound is the largest size
manageable within limited resource conditions.
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O Architecture
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Transformer with Self- State Space Models
attention mechanism with Recurrent states
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SLMs favor GQA as it could balance functionality with cache space
(less cache also contributes to computing efficiency and speed).
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Activation Functions: ReLU, GELU, and SiLU

3 — Sw s O ReLU: max(0, x)

o GELU: x- 1 [1+erf ()]

SiLU (i.e. Swish): x - {2
SwiGLU:

Swish(x- W +b)® (x-V +¢)

ReLU promotes greater sparsity, enabling faster computations.
SwiGLU is a parametric function that adapts to various tasks,
enhancing capabilities. SLMs prefer SiLU for its balance of
efficiency and capability.
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o0 Non-Parametric Layer Norm: LN(x) = =£

o Parametric Layer Norm: PLN(x) =~ (*3£) + 8

(e

. — X
0 RMS Norm: RMSNorm(x) = ym +p
where N is the number of inputs, x; is the i-th input, v and £
are learnable parameters for adaptive scaling and bias, and ¢ is
a small constant to prevent division by zero.

= Q

RMS Norm is preferred over Layer Norm due to its computational
demands and expressiveness balance.
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Outputs

0 Transformer has fast training but

slow inference.

O Mamba, based on SSMs (similar to
RNNs), focuses on the immediate
previous hidden state and offers
fast inference by

Selective
SSM

Conv

Linear . . .
e Dynamic selection mechanism.
Inputs e Hardware-aware Algorithm.

Mamba achieves higher parameter utilization and faster inference
than Transformer, making it more suitable for SLMs.
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O Pre-trained and compressed SLMs
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0 Pre-train on large corpus then fine-tune
e Collecting data — pre-processing — tokenization for vocab —
training
e Loss function: MLM, NTP
e Optimizer: Adam
o Parameter-efficient fine-tuning: LoRA, Prefix-tuning, prompt
tuning, and adapters.

0 Acquisition from LLMs via Compression

e Pruning
e Knowledge distillation
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O *Enhancement Strategy for SLMs
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Pre-training SLMs
from scratch

Supervised Fine-
tuning

Knowledge Distillation-
Data Quality

Knowledge Distillation-
Distribution Mismatch
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o Pre-training SLMs from scratch: Architecture choice;
Parameter Sharing; Data Filtering; Multiple-round training.

0 Supervised Fine-tuning: Pretrain-then-finetune; Instruction
tuning; Preference optimization.

o Knowledge Distillation: Data quality; Distribution
mismatch; Domain gap.
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Output

Regular

3Omkar Thawakar, et al. Mobillama: Towards accurate and lightweight fully transparent GPT
4Zechun Liu et al., MobileLLM: Optimizing Sub-billion Parameter Language Models for On-Device Use Cases
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TinyStories Dataset Creation:

0 Vocabulary of 1500 basic words, similar to a 3-4 year-old's
vocabulary.

O Stories generated by ChatGPT/GPT-4 using three randomly
selected words (a verb, a noun, and an adjective) and
incorporating features like dialogue, plot twists, or morals.

TinyStories Instruction Dataset Creation:
0 ChatGPT creates short summaries for each story.
O A random sentence is extracted from each story.

O Instructions are crafted to include the summary, a feature, the
sentence, the words used, and the full story.

5Ronen Eldan and Yuanzhi Li. TinyStories: How small can language models be and still speak coherent
English?
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TinyStories Instruction Example:

7~

Summary: Lily and Timmy build a sandcastle together and
learn to compromise, but it gets knocked over by a gust of
wind. They find beauty in the broken sandcastle and play
happily with a butterfly.

Features: Dialogue, Foreshadowing, Twist

Sentence: One day, she went to the park and saw a beautiful
butterfly.

Words: disagree, network, beautiful

Story:
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Hidden size Layer Eval loss Creativity Grammar Consistency Instruct

64

64

64

64

128 6.02/0.58 7.25/0.66 7.20/0.64 6.94/0.63 6.58/0.65
128 5.97/0.57

128

128

256 - 6.66/0.71 - - 8 - B - L
256 8 1.38 6.54/0.68 7.72/0.77 8.02/0.75 7.92/0.78 7.23/0.79
256 4 1.47 6.32/0.64 7.64/0.75 7.76/0.71 8.07/0.81 7.18/0.78
256 2 1.60 6.23/0.62 7.50/0.72 7.20/0.64 7.23/0.68 6.50/0.64
512 12 119 6.90/0.75 8.46/0.93 9.11/0.89 8.21/0.83 7.37/0.82
512 8 1.20 6.85/0.74 8.34/0.91 8.95/0.87 8.05/0.80 7.26/0.79
512 4 127 6.75/0.72 8.35/0.91 8.50/0.81 8.34/0.85 7.36/0.81
512 2 1.39 6.40/0.66 7.72/0.77 7.90/0.73 7.76/0.76 7.13/0.77
768 12 118 7.00/0.77 8.30/0.90 9.20/0.90 8.23/0.83 7.47/0.84
768 8 118 7.02/0.77 8.62/0.97 9.34/0.92 8.36/0.85 7.34/0.81
768 4 1.20 6.89/0.75 8.43/0.93 9.01/0.88 8.44/0.87 7.52/0.85
768 2 3 6.68/0.71 8.01/0.83 8.42/0.80 7.97/0.79 7.34/0.81
768 1 1.54 6.00/0.58 7.35/0.68 7.25/0.64
1024 12 j1%22] 7.05/0.78 8.43/0.93 8.98/0.87 8.18/0. H
1024 8 1.20 7.13/0.80 8.25/0.89 8.92/0.87 8.47/0.87 7.47/0.84
1024 4 1.21 7.04/0.78 8.32/0.90 8.93/0.87 8.34/0.85 7.47/0.84
1024 2 1.27 6.68/0.71 8.22/0.88 8.52/0.81 8.04/0.80 7.24/0.79
1024 1 6.36/0.65 7.77/0.78 7.47/0.67

GPT-Neo (125M)
GPT-2-small (125M)
GPT-2-med (355M)
GPT-2-large (774M)
GPT-4

8.21/1.00

8.75/1.00

9.93/1.00

9.31/1.00

6.42/0.62

8.26/1.00
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Hidden size Layer Eval loss Creativity Grammar Consistency Instruct
64
64
64
64
128 4 6.02/0.58 7.25/0.66 7.20/0.64 6.94/0.63 6.58/0.65
128 5.97/0.57 7.23/0.66 7.10/0.62 6.87/0.62 6.16/0.57
128 8
128
256 1.34 6.66/0.71 7.80/0.79 8.38/0.79 7.68/0.75 7.18/0.78
256 8 1.38 6.54/0.68 7.72/0.77 8.02/0.75 7.92/0.78 7.23/0.79
256 1.47 6.32/0.64 7.64/0.75 7.76/0.71 8.07/0.81 7.18/0.78
the emergent abilities in SLMs.
768 2 3 6.68/0.71 8.01/0.83 8.42/0.80 7.97/0.79 7.34/0.81
768 1 1.54 6.00/0.58 7.35/0.68 7.25/0.64 _ 6.44/0.63
1024 12 1.22 7.05/0.78 8.43/0.93 8.98/0.87 8.18/0.82 7.29/0.80
1024 8 1.20 7.13/0.80 8.25/0.89 8.92/0.87 8.47/0.87 7.47/0.84
1024 4 1.21 7.04/0.78 8.32/0.90 8.93/0.87 8.34/0.85 7.47/0.84
1024 2 1.27 6.68/0.71 8.22/0.88 8.52/0.81 8.04/0.80 7.24/0.79
1024 1 1.49 6.36/0.65 7.77/0.78 7.47/0.67 6.42/0.62
GPT-Neo (125M)
GPT-2-small (125M)
GPT-2-med (355M)
GPT-2-large (774M) - -
GPT-4 - - 8.21/1.00 8.75/1.00 9.93/1.00 9.31/1.00 8.26/1.00

-

]
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xy)

Teacher p

(a) Supervised KD
Supervised Distillation:

Lsp(0) := E(xy)~(xy) [Pke ((pT11PE)(v[x))]

where Dy; is the KL divergence.

6Rishabh Agarwal, et al., On-policy Distillation of language models: Learning from self-generated mistakes.
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xy) x

Student q Teacher p Student q Teacher p

(a) Supervised KD (b) On-policy Approach
Supervised Distillation:

Lsp(8) == E(x )iy [Dre ((p7]lp2)(v1x))]
On-policy Distillation:

Lon(0) == Exex [Eymps(x) [Oke ((PTIIPE)(yIx))]]
where Dy; is the KL divergence.

Rishabh Agarwal, et al., On-policy Distillation of language models: Learning from self-generated mistakes.
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O *Existing SLMs
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Generic SLMs

Domain-specific SLMs
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MobiLlama ” and MobileLLM 8 are representative sub-billion
SLMs. Why sub-billion SLMs:
O Memory constraints: Apps in iPhone 15 (6GB RAM) and

Google Pixel 8 Pro (12GB) should use less than 10% of RAM.

O Energy efficiency: Suppose using a 50kJ iPhone battery, at
0.1J/token per billion, and a 10 tokens/s decoding, a 7B
model lasts 2 hours, while a 350M model supports a full day.

0O Decoding speed: Increases from 3-6 tokens/s for 7B models
to 50 tokens/s for 125M models.

Model Training Model Size  Configuration Special Techniques
Corpus
MobileLLM Unknown 125M; 350M  SwiGLU, GQA, 30 layers, others unknown Deep and thin architecture,
(1T tokens) embedding sharing, and
block/layer sharing
Mobillama LLM360 0.5B; 0.8B SwiGLU, RoPE, RMSNorm, 32K vocab, 5632 FFN FFN sharing across
Amber (1.3T dim, 22 Layers, 2048 Hidden Dim, 32 Att heads (for Transformer layers
tokens) 0.5B); Hidden dim 2532, FFN dim 11080 (for 0.8B)

7Omkar et al., MobilLlama: Towards Accurate and Lightweight Fully Transparent GPT
8Liu et al., MobileLLM: Optimizing Sub-billion Parameter Language Models for On-Device Use Cases
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A principle for SLM development: SLM shall adapt to the target

device hardware.

18 ° 100M
.  200M

¢

PRTIR) “.,——:’d
N----!'_j;;n.,—-{‘ Fy

100M
m 200M

400 500 600 700 800 900
Prefilling Throught (tokens/s)

100 200 300 400
Decoding Throught (tokens/s)

Runtime speed is more sensitive to the
SLM architecture than the loss.

9Yi et al., PhoneLM:an Efficient and Capable Small Language Model Family through Principled Pre-training

hidden intermediate layers (‘:;i‘z:l;;f) gzi‘;ﬂ;‘s
2048 12288 16 70.75 55.12
2560 7680 18 64.98 60.60
2560 6816 19 81.47 58.08
2048 10240 19 68.52 54.48
1792 10752 21 65.42 50.18
2048 8192 22 67.10 54.04
1792 8960 25 63.29 48.63

Pre-test results for runtime
speed.
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Model Size Range Model

MMLU HellaSwag ARC

PIQA Winogrande

gpt-neo-125m
tiny-starcoder-170M
cerberas-gpt-256m
opt-350m
megatron-gpt2-345m
LiteLlama
gpt-sw3-356m
pythia-410m
xglm-564m
Lamini-GPT-LM 0.59B
Mobillama 0.5B
Mobillama 0.8B

<1B

26.0
26.8
26.8
26.0
243
26.2
25.9
27.3
25.2
255
26.5
26.9

30.3
28.2
29.0
36.7
39.2
38.5
37.1
40.9
34.6
31.6
52.5
54.1

23.0
21.0
22.0
23.6
24.2
24.9
23.6
26.2
24.6
24.2
29.5
30.2

62.5
52.6
61.4
64.7
66.9
67.7
64.9
67.2
64.9
63.9
72.0
73.2

51.8
51.2
52.5
52.6
53.0
49.9
53.0
53.1
53.0
47.8
57.5
57.5

The Table is taken from 7.

O MobilLlama 0.5B and 0.8B demonstrate that a shared FFN

design can facilitate excellent performance in SLMs with fewer

than 1B parameters.
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Platform Model #Params Precision Avg To- Avg Avg Battery CPU

kens/Sec Memory Consump- Utiliza-

Consump- tion /1k tion

tion Tokens

Llama2 7B bf16 14.85 27793 MB 135.51 mAH 31.62%
. Phi2 2.7B bf16 32.19 12071 MB 59.13 mAH 24.73%
RTX2080Ti large-base 1.2B bf16 50.61 6254 MB 18.91 mAH 18.25%
Mobillama 0.5B bf16 63.38 3046 MB 8.19 mAH 14.79%
Llama2 B 4bit 5.96 4188 MB 73.5 mAH 49.16%
CPU-i7 Phi2 2.7B 4bit 22.14 1972 MB 27.36 mAH 34.92%
large-base 1.2B 4bit 20.23 1163 MB 10.81 mAH 30.84%
Mobillama 0.5B 4bit 36.32 799 MB 4.86 mAH 24.64%
Llama2 B 4bit 1.193 4287 MB 10.07 mAH 77.41%
Snapdragon-685 Phi2 2.7B 4bit 2.882 1893 MB 14.61 mAH 56.82%
large-base 1.2B 4bit 6.687 780 MB 6.00 mAH 17.15%
Mobillama 0.5B 4bit 7.021 770 MB 5.32 mAH 13.02%

The Table is taken from 7.

O MobilLlama demonstrates that SLMs can significantly reduce
resource consumption on low-end hardware devices.
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Generic SLMs Domain-specific SLMs

=,
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Most domain-specific SLMs are acquired via continual pre-training
and/or instruction-tuning from a pre-trained model on
domain-specific data.

For example,
O Healthcare: Hippocrates, BioMistral, MentalLLaMA
O Science: ChemLLM, SciGLM, Llemma, OceanGPT,
AstroLLaMA

Fali Wang (fairyfali.github.io) January 16, 2025 Talk at Amazon SLMs Survey 34



O *On-device Applications
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On-device Applications

Tool Learning I Mobile Control

.
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0 Motivation: LLMs often lack domain specificity, limiting their
effectiveness in specialized areas. Moreover, while LLM agents
increasingly leverage external tools, these tools frequently
undergo updates.

0o Method: The a-UMi Multi-SLM agent framework
deconstructs a single LLM'’s capabilities into three specialized
SLMs: a planner, a caller, and a summarizer.

oD

Instruction <= Planner K/

AN
\\ Summarizer

10Weizhou Shen et al., Small LLMs Are Weak Tool Learners: A Multi-LLM Agent.
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On-device Applications

Tool Learning I Mobile Control

.
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&4 Task: Remind me to do laundry on August 17 |
YT )

vm||. . T QK - VI
M ° ° TIE N
Step 1: Click Step 2: Input Step 3: Click Step 4: Task is
’ ‘New event’ % Yaundry’ into  |*| ‘Save’ *| completed
T l the ‘Title’ field
qwertyuop
@ Mo repetiton asdfgh |kl
Domain  Peguarevem ] czxcvbama
Knowledge o =, 0 © (&)

o Motivation: Hands-free.

0 Challenge: Relying on developers’ API function design.
O Method: LMs utilize GUIs.

Figure credit: Carreira et al., Revolutionizing Mobile Interaction: Enabling a 3 Billion Parameter GPT LLM on

Mobile.

(e

]
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Goal: Book an appointment for the dentistry department
tomorrow.

Role: Given a mobile screen and a question, provide the action
based on the screen information.

Previous Actions:

step_id:0 action_type:TYPE typed_textHospital

step_id:1 action_type:DUAL_POINT ui_textappointment

Generate
Prompt

Tomn neTEes

ui_type: TEXT
ssan sans Environment:
id:0 ui_text:<ui_type
id:1 ui_textPayment ui_type
ST zowER GREs esss
@ 0 a

@A Execute | Action_type:
Action | DUAL_POINT_ui_text: Outpatient appointment. ui_typeid:16
s 0 ©5 o —— Loaion

= = Position: [100, 252, 300, 500] Xpath: view[0)/view(2]/text[0]

Overview of automated execution tool.

MobileAgent proposed to use the
Standard Operating Procedure
(SOP):
O Input: [Role] [Goall
[Blueprint] [Previous action]
[DOM]

O Response: [Next action]

11
Tinghe Ding. MobileAgent: enhancing mobile control via human-machine interaction and SOP integration.

Fali Wang (fairyfali.github.io) January 16, 2025 Talk at Amazon SLMs Survey 40



Injecting APP knowledge to avoid the extensive descriptions.

Offline 1. UI relationship exploration 2. Simulated task synthesis
E ul Random | Record '% > : _,|| Memory _,| <simulated task,
Action Explorer — Generator actions> pairs
App UI Transition Graph App Memory
1
Online v L
° Prompt Action Request Prompt: Knowledge
[ = Generator || ° Overall guidance Augmlenter
J

User « Task representation Y
%T ¢ Action history L~ Privacy ) LLM
Action Task «  Optimized UI description Filter (Cloud/Local)
Protector * Output requirements
! Executor tp q

Smartphone 1 Action Guidance

12Carreira et al., Revolutionizing Mobile Interaction: Enabling a 3 Billion Parameter GPT LLM on Mobile.
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0 *Deployment of SLMs
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Memory Efficiency Runtime Efficiency
Optimization Optimization
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o Compression on model parameters.

e Quantization.
o Cache of MoE Experts.

o KV Cache Compression.

Fali Wang (fairyfali.github.io)

January 16, 2025

Talk at Amazon

SLMs Survey
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Training Data

& Trainable :%5 Frozen ———
Finetune for _

Decomposition downstream task
12|02 ~ (31 0| =32 1]0 3|2
09|10 ~ (03 1 0|3 1)1 0|3
QAT
12 02| = [31(23 1 (0] =[3]2 ‘(Oplional)
- Calibration Data
—_—
—
PTQ 09 [10] - [03]25 1[1]~[o]3

Q(r) = Int (é) _Z,5= 261»_——(); F=S(Q(r) + 2).

where Q is the quantization operator, r is a real-valued input (activation or

weight), S is a real-valued scaling factor, and Z is an integer zero point.

]
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o o o o

Reducing prefill latency.

Dynamic early exits.

Reducing MoE switching time.
Reducing Latency in Distributed SLMs.

Fali Wang (fairyfali.github.io) January 16, 2025 Talk at Amazon

SLMs Survey
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o *SLMs for LLMs
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Aspects:
0 LLM Fine-tuning: Proxy of fine-tuning LLMs
0 LLM Decoding: Guidance to the decoding strategy.
O LLM Generation: Calibrator; Hallucination Detector.
LLM Evaluation: Evaluator.

LLM Safety: lightweight safeguard.

o 0o o

LLM Application: Knowledge injection.
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Incorporate the behavioral changes from small-scale fine-tuning
into the parametric knowledge of a large-scale pre-trained model.

User: Where was Yo-Yo Ma born?
EFT: Sure! Yo-Yo Ma was born in...

Small fine-tuned model Upweight responses 5&

adhering to instruction
— — RN
Paris NYC 1955 Factual and adheres

1955
Small untuned model w

L e mmB ]

Paris NYC 1955

to the instruction!

&

Paris NYC

Factual butignores 1 softmax —

Large untuned model instruction (>2)

Paris NYC 1955

Paris NYC 1955

13_ . . . .
Eric et al., An Emulator for Fine-tuning Large Language Models using Small Language Models
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Beyond continual pre-training and RAG, BLADE injects knowledge
in domain-specific SLMs into general LLMs.

1. Domain-specific 2. Knowledge 3. Bayesian Prompted
pre-training  Instruction Tuning  Optimization

[ SLM SLM H SLM SLM } [Testlnput]

generate }feedback

Train SLM

Prediction - —

from LLM P Inference
© e

Domain-specific Question-oriented
Knowledge domain knowledge

14Haitao Li, et al. BLADE: Enhancing Black-box Large Language Models with Small Domain-Specific Models.
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O *Synergy between SLMs and LLMs
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Cloud-edge Synergy Task-centric Synergy

.
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High-level knowledge

Specialized SLM
on User Device

\

Generic LLM on
Cloud

General instructions

(a) Collaborating LLMs and SLMs enhances privacy and
performance during inference.

Source 1 16

Labels Label-descriptive
prompts

/\

(stm1i| [simz| [swms)
- - =
(b) Client-server collaborative training framework
for language models.

1
5Zhang et al., CoGenesis: A Framework Collaborating Large and Small Language Models for Secure

Context-Aware Instruction Following

16 Dent et al., MUTUAL ENHANCEMENT OF LARGE AND SMALL LANGUAGE MODELS WITH

CROSS-SILO KNOWLEDGE TRANSFER

Fali Wang (fairyfali.github.io)
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In information extraction tasks, LLMs are good at hard samples,
though bad at easy samples.

by confidence
Test Input @

Top-k
reranking

Source 17

17 . . .
Yubo Ma et al., Large language model is not a good few-shot information extractor, but a good reranker for

hard samples!
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O Trustworthiness
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a N (= N\
Robustness% Safety A Reliability
Adversarial . y
P EiEsS Toxicity Hallucination
Out-of-Distribution
Misinformation Sycophancy
Robustness Fairness LTl
o AN U\ )

Smaller LMs sometimes outperform larger ones in terms of
trustworthiness, including Robustness, Toxicity, Misinformation,

Hallucination, and so on.

Fali Wang (fairyfali.github.io)

January 16, 2025

Talk at Amazon SLMs Survey

56



o Future Directions
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Developing Efficient SLM Model Architecture: While
Transformers train fast, they have slow inference speeds.
Alternatives like xLSTM and Mamba show promise in
improving latency, but are not specifically designed for SLMs.

High-Quality Data Generation from LLMs: Data quality is
crucial for fine-tuning; however, distribution mismatches pose
challenges in teaching SLMs from LLMs.

Personalized On-Device Models: LoRA enables tailored,
lightweight parameter changes to meet personalized needs.
Efficient Enhancement of LLMs via Proxy SLMs: Updating
LLMs is costly; using SLMs for operations like optimization,

knowledge integration, and data selection can serve as
cost-effective proxies.
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0 Cloud-Edge Synergy: Edge SLMs process private data while
cloud LLMs manage general data, necessitating an expansion
of this model to enhance real-world applications.

0 Comprehensive Evaluation of SLMs' Trustworthiness: A

unified benchmark to assess the trustworthiness of SLMs is
currently lacking.
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