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Chapter 6: Fine-tuning

PDF mapped: Al Engineering WS20252026_ Ch6_ Ch7.pdf (Sections 6.0-6.3 cover Fine-
tuning) Code mapped: lab unit on Low-Rank Adaptation (referenced in Chapter 1 lecture
overview); related foundations in 0-3-pytorch-intro.ipynb and 0-4-pytorch-advanced.ipynb.
Exam format reminder: 120 minutes, 50 points, English, non-programmable calculator
allowed. Use the technical terms from the lecture. Do not use abbreviations in written
answers. Round numerical results to 2 decimals unless stated otherwise.

Chapter Overview

Fine-tuning modifies model parameters to adapt a pretrained foundation model to a specific task,
domain, or style. Where Chapter 3 used prompts and Chapter 4 used retrieval to steer behavior, this
chapter uses gradient updates.

Connections: - Builds on Chapter 2.8 (pretraining) and Chapter 2.10 (alignment: supervised fine-
tuning, reinforcement learning from human feedback, direct preference optimization). - Alternative to
Chapter 3 (prompting) and Chapter 4 (retrieval-augmented generation).

Likely exam tasks: - “When should one fine-tune, and when not?” (decision framework: prompting
vs. retrieval vs. fine-tuning). - Compare full fine-tuning, adapters, and Low-Rank Adaptation on mem-
ory, latency, and capability. - Explain Low-Rank Adaptation mathematically (low-rank decomposition,
scaling factor). - Compute trainable-parameter counts and training-memory budgets (2 decimals!).
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Beginner-Friendly Intuition

Story. A piano-trained musician (the pretrained model) wants to play jazz. Three options: 1. Re-take
all music lessons for jazz (full fine-tuning) — expensive, may forget classical. 2. Add a short jazz
workshop with a few new exercises (adapters / Low-Rank Adaptation) — cheap, retains classical skill.
3. Hand the musician a jazz cheat-sheet during the gig (prompting / retrieval) — cheapest, but the
cheat-sheet must always be present at performance time.

Fine-tuning is the workshop: small, durable, and it changes the musician — not just the sheet music
in front of them.
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Key Concepts and Definitions (Glossary)

Term

Meaning

AT

Example

Fine-tuning

Full fine-tuning

Parameter-efficient
fine-tuning

Adapter
Low-Rank Adaptation
(LoRA)

Rank

Scaling factor «

Catastrophic

forgetting

Domain shift

Update model
parameters on a
smaller, task-specific
dataset

Update all parameters
of the base model
Update only a small
subset of (often newly
added) parameters
Small bottleneck
modules inserted into
each transformer layer
Learn a low-rank
additive update to
frozen weight matrices
Number of linearly
independent rows
(equivalently columns)
of a matrix

Scales the LoRA
update: effective

AW = (a/r)BA

New training
overwrites previously
learned capabilities
Training and
deployment data
distributions differ
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adapt a Llama base
model for medical
question answering

most expensive option;
highest forgetting risk
Low-Rank
Adaptation, adapters,
prompt tuning
Houlsby et al. 2019

Hu et al. 2021

typical LoRA rank
r=4..64

common: o = 16

full fine-tuning on a
narrow dataset

medical vs. general
web text



Term

Meaning

AT

Example

Supervised fine-tuning

Preference alignment

Quantization

Affine quantization

QLoRA

Trainable parameters

Intrinsic dimension

Merging

Training on (input,
target) demonstration
pairs
Preference-based
post-training
(Chapter 2.10)

Store weights in lower
numerical precision
Map a real interval to
integers via scale and
zero-point

Low-Rank Adaptation
on top of a
4-bit-quantized frozen
base

The subset of
parameters that
receives gradients
Smallest subspace
dimension in which a
task can be learned
well

Folding the LoRA
update into the base
weight:

W' =W + (a/r)BA
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instruction tuning

reinforcement learning
from human feedback;
direct preference
optimization

16-bit — 8-bit — 4-bit

q =round(x/s) + z

Dettmers et al. 2023

LoRA: typically 0.1-1
% of the base

Aghajanyan et
al. 2020

zero added inference
latency
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6.0 Positioning: Where Fine-tuning Fits in the LLM Stack
What the section says

o The model lifecycle: Pretraining — Fine-tuning — Alignment / Post-training — Deployment-time
steering (prompting, retrieval).

e Pretraining learns general language representations from web-scale data.

¢ Fine-tuning changes what the model tends to do by default — its default style, format, and
domain behavior.

o Alignment (Chapter 2.10) shapes preferences and safety on top of that.

o Prompting and retrieval (Chapters 3—4) steer behavior without touching parameters; fine-tuning
is the first technique in this course that performs gradient updates on the model.



Beginner explanation

The base model is a generalist. Fine-tuning gives it a default specialty: the same prompt now produces
a more domain-appropriate answer, without the prompt needing to carry all the instructions every
single time.

A useful mental model:

Where the change

Lever lives Persistence Cost to apply
Prompting In the context window Per request Tokens per call
Retrieval-augmented In an external index Per request Index + retrieval per
generation call

Fine-tuning In the weights Permanent One-time training
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6.1 Why and When to Fine-tune
6.1.1 Problem classes that fine-tuning solves

o Persistent style / format adoption — every output follows a JSON schema or a company tone-of-
voice, without re-stating it in the prompt.

e Domain behavior baked in — medical terminology, legal phrasing, internal jargon become the
default register.

¢ Reduced prompt length and cost — instructions and examples no longer occupy the context
window on every call.

o Task-specific accuracy boost — when prompting quality has plateaued and labelled examples
exist.

Failure modes of prompting alone that motivate fine-tuning: long prompts cost tokens on every request;
instructions get ignored under context pressure; style is inconsistent across calls; few-shot examples
crowd out the actual task input.
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6.1.2 When NOT to fine-tune

o Knowledge changes daily (prices, news, regulations) — use retrieval-augmented generation (Chap-
ter 4). A fine-tuned model is frozen at training time.

o Tiny dataset (fewer than roughly one hundred examples) — few-shot prompting is usually stronger
and far cheaper.

¢ No evaluation harness — fine-tuning will silently degrade other capabilities; you must be able to
measure before/after.

e Provenance or citations required — retrieval can point at sources; weights cannot.

e Compliance forbids weight modification or data retention in models — retrieval keeps knowledge
outside the model and deletable.



6.1.3 Decision framework: prompting vs. retrieval vs. fine-tuning

Prompting vs. RAG vs. Fine-tuning — decision flow

New task for an LLM

) * i
Yes

Does the task need up-to-date or -«
source-attributed (cited) knowledge?

Use RAG
(Chapter 4)

. [l

l No
-
Yes

Can prompting / few-shot examples -«
reach the target quality?

Use prompting
(Chapter 3)

. [l \

lNo
-

No

I Collect data, build

evals; prompt for now

Enough labelled examples (hundreds+)
AND an evaluation harness?

l Yes
-

Very large dataset AND large domain
shift AND big compute budget?

PEFT: LoRA / QLoRA
(default choice)

Full fine-tuning
(watch forgetting)

Figure 1: Decision flow: prompting vs. retrieval-augmented generation vs. fine-tuning

Decision criteria as a table (exam-friendly form):

Retrieval-augmented

Criterion Prompting generation Fine-tuning
Knowledge freshness poor best (index is poor (frozen at
needed updatable) training)
Source attribution / no yes no

citations

Persistent style / weak weak best

format

Labelled data none—few none (documents hundreds+

required
Per-request cost

high (long prompts)

instead)
medium (retrieval +
tokens)

low (short prompts)



Retrieval-augmented

Criterion Prompting generation Fine-tuning
Up-front cost none index build training run
Risk of capability none none catastrophic
damage forgetting

Rule of thumb from the lecture: fine-tune for behavior, retrieve for knowledge, prompt for quick exper-
iments. The three combine: a fine-tuned model can still use retrieval and good prompts.

def choose_adaptation(num__examples, knowledge freshness days, needs_ citations, eval harness):
if needs_ citations or knowledge freshness days < 30:
return "Use retrieval-augmented generation”
if num_ examples < 100:
return "Use few-shot prompting”
if not eval harness:
return "Build an evaluation harness first”

return "Fine-tune (parameter-efficient first)
print(choose_ adaptation(500, 365, False, True)) +# -> Fine-tune (parameter-efficient first)

Code example: deciding if fine-tuning is appropriate et IA: FHCST Fabl 9F FAZE: WHIYT FIATS
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6.2 Full Fine-tuning
6.2.1 Definition and loss

Full fine-tuning updates every parameter 6 of the base model by minimizing the task loss (negative
log-likelihood) on the fine-tuning dataset:

L(#) = — X _(xy) log P_6(y | x)
Optionally with a regularization term that pulls the solution back toward the pretrained weights:

L_total(§) = L_task(#) + (A/2) - ||0 — 6__pretrained||?

Symbol Meaning
0 all model parameters (trainable)
O pretrained frozen snapshot of the parameters before

fine-tuning

Ly, cross-entropy on the fine-tuning data

A regularization strength (how hard we pull back
to the pretrained point)

(z,y) input and target sequence pair
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6.2.2 Catastrophic forgetting — cause, mechanism, consequence

e Cause: the fine-tuning dataset covers only a narrow slice of the pretraining distribution.

e Mechanism: gradient descent moves all weights to reduce loss on that slice; weights that encoded
unrelated capabilities are overwritten because nothing in the new loss protects them (the optimizer
has no memory of the old data).

o Consequence: general capabilities (reasoning, other languages, world knowledge) measurably de-
grade, even though task performance improves.

Regularization view. The penalty (A/2) [0 — 0,,,.;aincal® treats the pretrained point as a prior: devia-
tions are taxed quadratically. More refined versions (elastic weight consolidation) weight each coordi-
nate by its estimated importance F; for old capabilities:

L_total(§) = L_task(f) + (A\/2) - X_iF_i (0_i — 6_pretrained,i)?

Parameter-efficient methods take this idea to the limit: instead of taxing deviation, they structurally
constrain it — Low-Rank Adaptation only permits updates inside a rank-r subspace and the base stays
exactly frozen.
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6.2.3 Training-memory arithmetic (the famous 16 bytes per parameter)

Mixed-precision training with the Adam optimizer keeps, per parameter:

Component Precision Bytes per parameter
Working weights 16-bit float 2
Gradients 16-bit float 2
Master copy of weights  32-bit float 4
Adam first moment m 32-bit float 4
Adam second moment v 32-bit float 4

Total 16

Worked example (7B model, full fine-tuning).

Memory = 7 x 10° parameters x 16 bytes/parameter
= 112 x 10 bytes
= 112.00 GB (plus activations, which depend on batch size and sequence length)

No single commodity GPU (24-80 GB) holds this; full fine-tuning of a 7B model requires multi-GPU
sharding.

Comparison preview (details in 6.3):



Approx. total (excl.

Setting Base weights Trainable states activations)

Full fine-tuning 7B 14.00 GB (16-bit, 112.00 GB total 112.00 GB
inside the 112)

Low-Rank 14.00 GB frozen 16-bit 8,388,608 x 16 B = ~ 14.13 GB

Adaptation, r = 8 134.22 MB ~ 0.13 GB

QLoRA, r=38 3.50 GB frozen 4-bit ~ 0.13 GB ~ 3.63 GB

Training memory: Full fine-tuning vs. LORA vs. QLoRA (excl. activations)

120 - B Base weights
112.00 GB mmm Gradients (fpl6)
I Optimizer states (fp32 master + Adam m, v)
% 100 1 mmm LoRA factors + their states
£
g
]
£ 80 A
o
1]
&
2
-~ 601
m
e
Py
o
£ 40 A
v
=
)
©
201 14.13 GB
0 .
Full FT LoRA QLoRA
(mixed-precision Adam) (fplé frozen base) (4-bit base)

Figure 2: Training memory comparison: full fine-tuning vs. Low-Rank Adaptation vs. QLoRA
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6.2.4 When full fine-tuning is still the right tool

o Very large fine-tuning datasets (millions of examples) and a strong domain shift (e.g., training a
code-specialized model from a general base).

e When the highest possible task quality justifies cluster-scale compute and a careful forgetting-
mitigation recipe (data mixing with pretraining-like data, small learning rate, early stopping).

import torch, torch.nn as nn, torch.nn.functional as F
torch.manual__seed(0)



class Toy(nn.Module): # stands in for an LLM
def _ init__ (self, V=50, d=64):
super()._init ()
self.emb = nn.Embedding(V, d)
self.lin = nn.Linear(d, V)
def forward(self, x): return self.lin(self.emb(x))

model = Toy()
opt = torch.optim.AdamW (model.parameters(), Ir=1e-3) # ALL parameters trainable
data = torch.randint(0, 50, (256, 8))
for step in range(50):
x, y = data[:, :-1], datal[:, 1:]
loss = F.cross_ entropy(model(x).reshape(-1, 50), y.reshape(-1))
opt.zero__grad(); loss.backward(); opt.step()
print(”Final loss:”, loss.item())

Code example: full fine-tuning loop (toy scale — a 7B model will not fit on a laptop) &t Jgram: Full
fine-tuning QA TIFF TV TUF (GO AT WF (BINZT QAT WA — T FLFA FOSA QAT (FIGR-Reerges
W IAAT g &b orgw siwewy PEFT; full fine-tuning aear oy =g, &= 711

6.3 Parameter-Efficient Fine-Tuning (PEFT)

The core idea: freeze the base model, train a tiny number of new parameters. This section is the
mathematical heart of the chapter.

6.3.1 Matrix rank — recap with a worked example

Definition. The rank of a matrix is the number of linearly independent rows (equivalently, columns).
A matrix M € R¥* that factors as an outer product of two vectors has rank 1; a product of an d x r
and an r x k matrix has rank at most r.

Worked 2x2 rank-1 example (outer product). Take
u= (2, )", v=(3, -7

AW =uv' =[23 2(-1)] =[6 —2]
[1:3 1(-1)] [3 —1]

Check the rank: - Row 2 = 0.50 x Row 1 — the rows are linearly dependent. - Determinant: 6-(—1)—
(—2) -3 = —6.00+ 6.00 = 0.00 — not full rank. - Exactly one independent row — rank 1.

Storage view: the full matrix has 2 x 2 = 4 entries; the factors have 2 + 2 = 4 entries — no saving at
this toy size. But for d = k = 4096 and rank 8 the factors need r(d + k) = 65,536 numbers instead of
dk = 16,777,216. The saving grows with matrix size, which is exactly why this matters for LLMs.

Why is the fine-tuning update AW approximately low-rank? - Empirical: Aghajanyan et al. (2020)
showed fine-tuning objectives can be optimized inside a surprisingly low-dimensional reparametrization
— the task’s intrinsic dimension is small (often hundreds, not millions, of directions for large pretrained
models). - Intuition: the pretrained model already contains the needed features; adaptation mostly re-
combines and re-weights existing directions rather than learning new ones. The singular-value spectrum



of the ideal AW decays fast, so a rank-r truncation (best possible by the Eckart—Young theorem)
captures most of the useful update. - Consequence: restricting the update to rank r < min(d, k) loses
little quality but saves enormous memory — the founding hypothesis of Low-Rank Adaptation.
import numpy as np

np.random.seed(0)

A = np.random.randn(4, 3); B = np.random.randn(3, 5)

M=AQ@B # shape 4x5, but rank < 3

print("rank(M) =", np.linalg.matrix_rank(M)) # -> 3
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6.3.2 Low-Rank Adaptation (LoRA)

LoRA: frozen full-rank W plus trainable low-rank update B A

(h = W x + (alpha/r) B A x|

@ scale by alpha/r
snowflake = frozen, ng lents

B (dxr)
trainable
initB=20
W (frozen)
pretrained weights
r-dim
dxk bottleneck ]

A (rx k) trainable

~. _~

[Merge for inference: W' = W + (alpha/r) BA -> Zzero extra Iatency]

~

Figure 3: Low-Rank Adaptation: frozen W plus trainable low-rank factors B-A

Formulation. A frozen pretrained weight matrix W € R?** is augmented by a trainable low-rank
update:

W' =W + (a/r) - B- A

with shapes A € R™* B € R¥" and r < min(d, k).

10



Symbol Meaning Trainable?

W € RIxk pretrained weight matrix (e.g., no — frozen
a query projection)

A€ Rk “down” factor; initialized yes
random Gaussian

B € R¥xr “up” factor; initialized to all yes
ZEeros

r rank of the update — capacity hyperparameter
hyperparameter

« scaling factor — effective hyperparameter
update is (a/r)BA

d, k output and input dimension of architecture
the layer

Key design choices: - Initialization: A ~ N(0,02), B = 0. Then AW = BA = 0 at the start, so
training begins exactly at the pretrained model — no random disturbance of base behavior. - Scaling
a/r: decouples the update magnitude from the rank. If you double r, the per-direction contribution
halves, keeping the overall scale comparable. r controls capacity (how many directions can change);
a controls effective step size. They are not redundant. - Forward pass: y = Wz + (a/r) B(Az) —
computed as two skinny matrix multiplications during training. - Merging for inference: compute
W’ =W + (a/r)BA once; thereafter a single dense multiplication, i.e., zero added latency compared
with the base model.

Worked example 1 — square attention projection. d = k = 4096, r = 8:
LoRA trainable: r(d + k) = 8 x (4096 + 4096) = 8 x 8192 = 65,536

Full matrix: d -k = 4096 x 4096 = 16,777,216
Reduction: 16,777,216 / 65,536 = 256.00x%
Trainable share: 65,536 / 16,777,216 x 100 = 0.39 %

Worked example 2 — non-square feed-forward projection. The feed-forward up-projection of a 7B-class
model maps 4096 — 11008, so W € R11008x4096 (g — 11008, k = 4096), choose r = 16:

LoRA trainable: r(d 4 k) = 16 x (11008 + 4096) = 16 x 15,104 = 241,664

Full matrix: d-k = 11008 x 4096 = 45,088,768

Reduction: 45,088,768 / 241,664 = 186.58x

Trainable share: 241,664 / 45,088,768 x 100 =0.54 %

Note how the reduction factor depends on shape: T((ﬁk) — bigger and squarer matrices give bigger

savings at fixed r.

Pros - Tiny trainable footprint (megabytes); the “LoRA file” ships separately from the base. - Many
adapters per base model — one per task or per customer; hot-swappable at inference. - Merged inference
adds zero latency. - Base frozen — low risk of catastrophic forgetting; removing the adapter restores
the original model exactly.

Cons - Slightly below full fine-tuning quality on very large datasets / strong domain shifts. - Two extra
hyperparameters (7, a) plus the choice of target matrices.

&t A LoRA-3 ot sig a6t sjea: W = W+ (a/r) BAI Reier W oeriis, e 8y 73 oo wiifgs B (s7=rxr)
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Trainable parameters vs. LoRA rank (7B-class model)

1010 4
o 1094
(1]
(8]
N]
o
o /
5 108 - —e— LoRA on q.k,v,0 (L=32, d=4096)
] — - LoRA on q,v only
E == Full fine-tuning (7B params)
g All attention weights (2.15B)
@
= 1074
cC
©
'—
106 i

1 2 4 8 16 32 64 128 256
LoRA rank r

Figure 4: Trainable parameters vs. LoRA rank for a 7B-class configuration

6.3.3 Total LoRA parameters across a whole model (worked sum)

Attach LoRA with = 8 to the four attention projections (query, key, value, output), each 4096 x 4096,
in all L = 32 layers of a 7B-class model:

Per matrix: r(d + k) =8 x 8192 = 65,536

Per layer: 4 x 65,536 (q, k, v, 0) = 262,144

Total: 32 x 262,144 = 8,388,608 ~ 8.39 M
Share of base: 8,388,608 / 7,000,000,000 x 100 = 0.12%

General formula for L layers, a set T of target matrices with shapes (d, k,):
N LoRA=L-X {teT}r(d t+k t)

Extension check (matches the Level-5 coding task below): adding the three feed-forward matrices (gate
11008 x4096, up 11008x4096, down 4096x11008) at r = 8 gives

Per layer FFN part: 8 x (15,104 + 15,104 + 15,104) = 8 x 45,312 = 362,496
Total all targets: 32 x (262,144 + 362,496) / 32 ... = 32 x 624,640 = 19,988,480 ~ 19.99 M (0.29 % of 7B)
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6.3.4 Adapters (bottleneck modules)
Formulation. Insert a small residual bottleneck multilayer perceptron after each transformer sub-layer:

y =x+ W_up - GELU(W__down - x)

Symbol Shape Meaning

Wiown T X d  down-projection into the bottleneck

Wop d x r  up-projection back to model width
r scalar  bottleneck width (plays the same capacity role as the LoRA rank)
x,y d sub-layer input / output (residual connection keeps identity path)

Parameter count per adapter module ~ 2dr for the two weight matrices, plus biases (r + d):

Worked example. d = 4096, r = 8:

Weights: 2 - d - r =2 x 4096 x 8 = 65,536

Biases: r +d = 8 + 4096 = 4,104

Per module: 69,640

Per layer (2 modules: after attention and after feed-forward): 2 x 69,640 = 139,280
Whole model (L = 32): 32 x 139,280 = 4,456,960 ~ 4.46 M

Comparison with LoRA (same d = 4096, r = 8, L = 32):

Property Adapters (Houlsby) Low-Rank Adaptation

Trainable parameters (this ~ 4.46 M ~ 8.39 M (q,k,v,0)

config)

Where it lives new sequential module in the  parallel additive update to
layer existing matrices

Nonlinearity yes (GELU in the bottleneck) no (purely linear update)

Inference latency adds an extra sequential zero after merging
computation per layer — W' =W + (a/r)BA

cannot be merged (because of
the nonlinearity)
Restore base model remove modules remove/unmerge factors

The latency argument is a classic exam question: the adapter’s GELU makes it impossible to fold
the module into the neighboring weight matrix, whereas the LoRA update is linear in x and therefore
mergeable.

@l A GBI AT (GRS (SO I (@B “Bragien” — 2756 9 W (d—r) IR 589 =7 (r—d),
W& GELUI @3 nonlinearity-3 FIRI3 Qi@ I SO GHIAET T 91, O3 &S 39wt Irefs sy @l LoRA-3
WSS AR @A, ©1% ot T — latency #1731 @¥ QT IR QA6 o-993t “Explain why” &g sfter

6.3.5 Quantization and affine quantization (the Q in QLoRA)

Idea. Store each weight with b bits instead of 16. Affine (asymmetric) quantization maps the real

interval [z,,;,, ® onto the integers {0, ..., 2% — 1}:

min> maa:]
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scale: s = (x_max —x_min) / (27b — 1)
zero-point: z = round(—x_min / s)

quantize: ¢ = clamp( round(x /s) +2z,0,2"b—1)
dequantize: X =s - (q — 2)

Symbol Meaning

bit width (8 — 256 levels, 4 — 16 levels)

scale: real-value width of one integer step
zero-point: which integer represents the real value 0
stored integer code

reconstructed (dequantized) value; |z — z| < s/2

SR N » o

Worked example (b = 4). Weights lie in [—2.00, 1.00]:

s = (1.00 — (—2.00)) / (2* — 1) = 3.00 / 15 = 0.20
z = round(2.00 / 0.20) = round(10.00) = 10

Quantize x = 0.57:
x /s=0.57/020=285 — round = 3
q=3+10=13 (inside [0, 15] V)

Dequantize:
£ =0.20 x (13 — 10) = 0.60

Rounding error: [0.60 — 0.57| = 0.03 (<8/2=0.10 V)

Storage per parameter: 16-bit float = 2 bytes; 8-bit = 1 byte; 4-bit = 0.5 bytes. QLoRA uses a 4-bit
data type designed for normally-distributed weights (NormalFloat4) plus double quantization of the
per-block scales to shave the overhead further.

IS AT (SIAFBIRCGHE WA SOHYTEAE (MBI WG G Mo — @ @@ 2051 41t ofst 1 =7, 5 2l 9
AT Oy, 2 JCA M *[7) (FIF LH 9TT | 4191 T (BT, G ©© Q@ — TR G s/21 AT Fwot 2% s — 2 —
q — T — error; BT A v 93 A5 T97

6.3.6 QLoRA = 4-bit frozen base + 16-bit LoRA factors

Recipe (Dettmers et al. 2023): 1. Quantize the frozen base model to 4 bits (NormalFloat4, double
quantization). 2. Attach LoRA factors A, B kept in 16-bit precision; only these receive gradients. 3.
Backpropagate through the dequantized 4-bit weights into the LoRA factors. 4. Use a paged optimizer
to survive memory spikes.

Memory arithmetic, 7B model, r = 8 on q,k,v,o:

Full fine-tuning: 7 x 10° x 16 B = 112.00 GB
LoRA (fpl16 base): 7 x 10° x 2 B + 8,388,608 x 16 B = 14.00 GB + 0.13 GB ~ 14.13 GB
QLoRA (4-bit base): 7 x 10 x 0.5 B + 8,388,608 x 16 B = 3.50 GB + 0.13 GB ~ 3.63 GB

(The trainable-side 16 B/parameter = 2 weight + 2 gradient + 12 optimizer, same accounting as in
6.2.3; activations come on top in all three cases.) QLoRA famously enables fine-tuning a 65B model
on a single 48 GB graphics card: 65 x 10° x 0.5 B = 32.50 GB for the base, leaving room for adapters
and activations.
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Trade-off: each forward pass dequantizes blocks of weights on the fly — some extra compute per step,
in exchange for the ~4x memory cut versus a 16-bit base.

et g QLoRA-7 siisae: ot & 8-RiB (sr=ifNG=-afs wra wiar a138) + @6 LoRA w111 su-[i6i aB
ToeT: 552 GB — 58.59 GB — v.wo GB — @3 5961 seepg SifSh W qiean ww fice 33 sifSts: oS obet som
fOIIIBI3e FACO 3, O3 WF; A7 — g veB Wow atr g GPU-o 583 a9, abis [l

6.3.7 Code: Low-Rank Adaptation from scratch on a single linear layer

import torch, torch.nn as nn

class LoRALinear(nn.Module):

def __ init__ (self, base: nn.Linear, r=8, alpha=16):
super().__init ()
self.base = base
for p in base.parameters(): p.requires_grad_ (False) +# freeze W (and bias)
d_out, d_in = base.weight.shape
self. A = nn.Parameter(torch.randn(r, d_in) * 0.01) # A ~ N(0, ¢?)
self. B = nn.Parameter(torch.zeros(d__out, r)) #B =0 — AW = 0 at start
self.scale = alpha / r

def forward(self, x):
return self.base(x) + (x @ self. A.T) @ self.B.T * self.scale

torch.manual seed(0)

base = nn.Linear(64, 64)

lora = LoRALinear(base, r=4)

x = torch.randn(2, 64)

print(”output shape:”, lora(x).shape) # (2, 64)

print("trainable:”, sum(p.numel() for p in lora.parameters() if p.requires_grad)) # 4*(64+64)=512
print("frozen base:”, sum(p.numel() for p in lora.base.parameters()))  # 64*64+64 = 4160

Sanity checks worth memorizing: trainable = r(d,,, + d,,;) = 4 x 128 = 512; before any training step
the output equals the base output exactly (because B = 0).

Library version (Hugging Face peft):

# from peft import LoraConfig, get_ peft_ model

# from transformers import AutoModelForCausalLM

# base = AutoModelForCausalLM.from_pretrained(”meta-llama/Llama-3.1-8B”)
# cfg = LoraConfig(r=8, lora_ alpha=16,

=it target_ modules=["q_proj”, "k_proj”, "v_proj”, "o_proj”])

# model = get_ peft__model(base, cfg)

# model.print__trainable_parameters() # ~0.1 % trainable

If print_trainable_parameters() reports 0.42 % trainable: that is the share of parameters with re-
quires__grad=True. For LoRA on L target matrices it is L - r(d + k) divided by the total parameter
count; increasing r increases both capacity and this percentage proportionally.

& T (FICGF FOTBI ST A F@T: (b)) @OW 571 2FRIMNGE requires grad  (False) — omiB; (=) A Fmrew
59 B 57 — SI3 9Fs WIS W[ @I Mot (v) forward-a =mst Az (51%F), @ B(-) — F4e13 9t BA
e @R A =3 A1, ates sif$) print_trainable parameters() fcr s 513 I R Wy rRINGR
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Algorithms in This Chapter
Algorithm A — LoRA forward pass

input x

y_base = W x # frozen

y_lora = (a/r) - B (A x) # two skinny multiplications
y =y_base + y_lora

Algorithm B — LoRA merge for deployment

W_merged =W + (a/r) - B A # done once, offline
serve with W__merged # zero added latency
(unmerge: W = W_merged — (a/r) - B A restores the base exactly)

Algorithm C — Full fine-tuning step

loss < cross__entropy(model(x), y)
zero gradients; loss.backward(); optimizer.step() # touches ALL parameters

Algorithm D — QLoRA training step

forward: dequantize 4-bit base blocks on the fly; add (a/r)-B(Ax) in 16-bit
loss in 16-bit

backward: gradients flow ONLY into A and B

optimizer step on A, B (paged Adam)

<&l I BIFBT AR o1 9F Fowm: A =el G forward (7Bt 5T @), B weet ety @ e
(a7 e [ = 436 @3, SRR R daE @1 @&39), C-@ @fewws 57 som 1, D-o 8y A, B-|

%y pseudocode TR Q@ENs eI

Real-Life Applications

Use case Recommended approach Why

Format every output as JSON  Low-Rank Adaptation + persistent format adoption
supervised fine-tuning

Adopt company tone-of-voice ~ Low-Rank Adaptation + persistent style
supervised fine-tuning

Answer with today’s stock retrieval-augmented knowledge changes daily

prices generation (not fine-tuning)

Classify medical reports Low-Rank Adaptation on a small labelled dataset, stable
domain dataset domain

Instruction-tune a raw base full or LoRA supervised broad behavior change

model fine-tuning

Align to safety preferences preference alignment (Chapter preference optimization, not
2.10) task loss
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Use case

Recommended approach Why

Coding assistant from a
general base
One adapter per enterprise

customer shared base

full fine-tuning (large data,
big shift) + preference tuning
LoRA hot-swapping on a

domain shift too large for tiny
updates
megabyte adapters, per-tenant
isolation

Limits: fine-tuning is not a substitute for retrieval when knowledge is volatile, and not a substitute for

alignment when safety preferences are the goal.

& I IAWI ST JAF A, ANBIFGI 4CAT: SBI3e /FAMIB / (GIAZA-AGAT — HI3F-BGAR; Ore /Tgforary oy —
RAG; fRareral-ore™ — SOIARae6 | Ifes-GArs SaaS-a3 @61 ReE R — O9F @ o, AfS A o IS
IMNAIBBT AT LoORA I3, Sejeiy Sl sfisiel-c4ret qrs|

Exam-Focused Summary

Topic

Memorize

When to fine-tune
When NOT to
LoRA update

LoRA trainable per matrix
Worked anchor numbers

Adapter

Bytes per parameter (training, Adam mixed
precision)

Memory ladder 7B

Affine quantization

QLoRA

Catastrophic forgetting

persistent style/behavior, hundreds+ examples,
evaluation harness ready

volatile facts (— retrieval), tiny data (—
prompting), no evaluation, citations needed
W' =W + (a/r)BA, A € R™* random,

B € R¥" zero-init

r(d + k) vs. full dk; reduction = dk/r(d + k)
40962, r=8 — 65,536 vs 16,777,216 — 256.00x;
whole 7B q,k,v,0, L=32 — 8,388,608 (0.12 %)
y =z + W, GELU(W,,,,, ©); ~ 2dr + biases;
adds latency (GELU blocks merging)
24+2+4+4+4=16 — 7B: 112.00 GB

full 112.00 GB — LoRA =~ 14.13 GB —
QLoRA =~ 3.63 GB

§= (‘Tmaz - xmzn)/(zb - 1)’

z = round(—=x,,,,/s); error < s/2

4-bit NormalFloat frozen base (0.5 B/param) +
16-bit LoRA factors + paged optimizer

narrow loss overwrites unprotected weights;
mitigations: penalty toward 6, ;,4incq, data

mixing, freezing (PEFT)

et T RfS=a= s @ GRea “anchor” SRUISTET IRAF TS FE: 2QLX, bO,bb,vob, 0.52%, Sb BB, dSd2
GB, v.vo GB, error < s/2| 2R 2 797 ST eTs *&fS 933 AR — 8y d, k, r, L 37 ;S|




Common Traps (lose-a-point list)

1. Confusing fine-tuning with retrieval-augmented generation — weights store behavior, the index
stores facts.

2. Forgetting the (a/r) scaling when computing the merged weight or gradients.

Computing LoRA parameters as r - d - k instead of r(d + k).

4. Using 1 GB = 239 bytes in one line and 10° bytes in the next — pick one (the lecture uses 10%)
and state it.

5. Claiming adapters can be merged — the GELU nonlinearity prevents it; only the linear LoRA
update merges.

6. Forgetting to freeze the base model — then it is just full fine-tuning with extra parameters.

7. Treating supervised fine-tuning alone as alignment — preference optimization is still needed for

b

safety.
8. Choosing r too small (underfits the task) or needlessly large (memory, more drift from base,
overfitting risk).

A AT FAG W qor Get: r(d + k)-F SRt v - d - k @4, @R (o r) @R g anes — qibies S| 9N
(T8 T | A WA A prerbr ot I 41 (GELU =itg 3t1), LoRA arw (af3s Ite1) — St Jeteet 791 o1
Rfel

Mock Exam — Chapter 6

Instructions: 120 minutes for the full exam; this chapter block is worth 50 points. Use the technical
terms from the lecture. Do not use abbreviations. A non-programmable calculator is allowed. Round
all numerical results to 2 decimals unless stated otherwise.

Level 1 — Basic (10 points)

Q1.1 (1 pt). Which statement best describes parameter-efficient fine-tuning? - (a) It updates all
parameters of the base model but with a smaller learning rate. - (b) It freezes the base model and
trains only a small number of (often newly added) parameters. - (c¢) It compresses the base model to
fewer bits so it fits on one graphics card. - (d) It replaces gradient updates entirely with in-context
examples.

Q1.2 (1 pt). Which statement best describes the role of the rank r in Low-Rank Adaptation? - (a) It
sets the number of transformer layers that receive an update. - (b) It sets the numerical precision of
the trainable factors. - (c) It sets the number of independent directions in which the weight matrix
can change, and thereby the trainable-parameter count r(d + k). - (d) It sets the learning rate of the
adapter optimizer.

Q1.3 (1 pt). Which statement best describes QLoRA? - (a) The base model is quantized to 4 bits and
also trained in 4 bits. - (b) The Low-Rank Adaptation factors are quantized to 4 bits while the base
stays in 16 bits. - (c) The frozen base model is stored in 4 bits while 16-bit Low-Rank Adaptation
factors are trained on top. - (d) The optimizer states are quantized to 4 bits while everything else stays
in 16 bits.

Q1.4 (1 pt). Which statement best describes why a merged Low-Rank Adaptation model has the same
inference latency as the base model? - (a) The adapter is executed on a second graphics card in parallel.
- (b) The update («/r)BA is folded into the weight once, so inference performs the same single matrix
multiplication as before. - (c) The rank r is so small that the extra computation takes no measurable
time. - (d) The factors are cached in fast memory after the first request.
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Q1.5 (3 pts). Define parameter-efficient fine-tuning and rank precisely, using the technical terms from
the lecture.

Q1.6 (3 pts). Define QLoRA and catastrophic forgetting precisely, using the technical terms from the
lecture.

Level 2 — Intuitive “Explain why” (9 points, 3 each; structure each answer as cause — mechanism —
consequence)

Q2.1. Explain why a low-rank update is usually sufficient to adapt a large pretrained language model
to a new task.

Q2.2. Explain why a merged Low-Rank Adaptation adds zero inference latency, while an adapter
module always adds latency.

Q2.3. Explain why full fine-tuning suffers more from catastrophic forgetting than Low-Rank Adapta-
tion.

Level 3 — Numerical (15 points, 5 each; show every step, 2 decimals)

Q3.1. A 7B-class model has L = 32 transformer layers with query/key/value/output projections of size
4096 x 4096. Low-Rank Adaptation with rank » = 16 is attached to the query and value projections
only. (a) Trainable parameters per matrix, per layer, and for the whole model. (b) Reduction factor
versus fully training one 4096 x 4096 matrix. (c) Trainable share of the 7,000,000,000-parameter base
in percent.

Q3.2. You have a single 24 GB graphics card and a 13B-parameter model (L = 40 layers, hidden size
5120). Decide which of the following fits, using 1 GB = 10° bytes and ignoring activations (state this
assumption): (a) full fine-tuning with mixed-precision Adam (16 bytes per parameter), (b) Low-Rank
Adaptation (r = 8 on query/key/value/output) with a 16-bit frozen base, (¢) QLoRA (4-bit frozen base)
with the same adapters. For (b) and (c), compute the adapter parameter count and its training-state
memory at 16 bytes per trainable parameter.

Q3.3. Affine quantization with b = 4 bits over the weight range [—1.00,2.00]. (a) Compute the scale
s and the zero-point z. (b) Quantize x = —0.47 (give the integer code). (c¢) Dequantize and state the
absolute rounding error. (d) State the maximum possible rounding error of this quantizer.

Level 4 — Transfer / TU-hard mini-cases (10 points; 5 + 5; name the technique, justify, give the
trade-off)

Q4.1 (5 pts). A company has two separately trained Low-Rank Adaptation adapters on the same frozen
base: one for legal tone, one for strict JSON output. An engineer proposes serving both at once by
simply adding the updates: W’ = W+AW,, g1+ AW 50N Assess this proposal: when does such “task
arithmetic” work, what is the interference risk, and name two safer alternatives with their trade-offs.

Q4.2 (5 pts). (Choose ONE of the two scenarios; both are graded equally.) (i) Rank versus intrinsic
dimension. A team raises the rank from r = 8 to r = 256 hoping for better quality. Task accuracy
barely moves, but held-out general-capability scores drop and memory rises. Explain using the con-
cept of intrinsic dimension, and give a recommendation. (ii) When retrieval strictly dominates. A
bank’s chatbot must answer from regulations that change weekly, must cite the exact source para-
graph, and must respect per-user document access rights, including deletion requests. Argue why
retrieval-augmented generation strictly dominates fine-tuning here (freshness, provenance, access con-
trol, right-to-be-forgotten), and state the residual trade-off.
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Level 5 — Coding (6 points, 3 each)

Q5.1. Using only numpy, verify numerically that the unmerged Low-Rank Adaptation forward pass
Wz + (a/r)B(Ax) equals the merged forward pass (W + (a/r)BA) z, and confirm that the rank of BA
is at most r.

Q5.2. Write a Low-Rank-Adaptation parameter-count calculator that takes a model-specification dic-
tionary (number of layers, target matrices with shapes) and a rank r, and returns the total trainable-
parameter count. Use it for a 7B-class specification with (a) query/key/value/output at r € {4, 8,16}
and (b) all seven matrices (attention + feed-forward gate/up/down) at r = 8, reporting the percentage
of a 7,000,000,000-parameter base.

Solutions

Level 1 Q1.1 — (b). Parameter-efficient fine-tuning freezes the pretrained base and trains only a small
subset of parameters (low-rank factors, adapters). (a) is full fine-tuning with a schedule tweak; (c) is
quantization, a storage technique; (d) is in-context learning, which performs no gradient updates.

Q1.2 — (c¢). The rank bounds the number of linearly independent directions of the update AW =
(a/r)BA and directly sets the trainable count r(d + k) per matrix. Precision, layer count, and learning
rate are separate knobs.

Q1.3 — (c¢). QLoRA = frozen base quantized to 4 bits (NormalFloat4, double quantization) + trainable
16-bit Low-Rank Adaptation factors + paged optimizer. The base is never trained in 4 bits (a); the
factors stay in 16 bits (b); (d) describes 8-bit optimizers, a different technique.

Q1.4 — (b). Merging computes W’ = W + («/r) BA once, offline. Afterwards the layer is a single dense
matrix multiplication of identical shape to the original — structurally identical cost, hence exactly zero
added latency. (c) is wrong in principle: unmerged LoRA does add a (small) cost; merged LoRA adds
none.

Q1.5. Parameter-efficient fine-tuning: a family of adaptation methods that keep the pretrained param-
eters frozen and optimize only a small set of additional or selected parameters (for example low-rank
factors or bottleneck adapters), reducing trainable parameters and optimizer memory by orders of
magnitude while approaching full fine-tuning quality. Rank: the number of linearly independent rows
(equivalently columns) of a matrix; in Low-Rank Adaptation, the hyperparameter r that upper-bounds
the rank of the update BA and determines its capacity and parameter count r(d + k).

Q1.6. QLoRA: a parameter-efficient fine-tuning method that stores the frozen base model in 4-bit
precision (NormalFloat4 with double quantization) and trains 16-bit low-rank factors on top, with a
paged optimizer; it preserves Low-Rank Adaptation quality while cutting base-model memory by about
four times versus 16-bit storage. Catastrophic forgetting: the degradation of previously learned general
capabilities when a model is further trained on a narrow dataset, because gradient updates overwrite
weights that encoded the old behavior and the new loss contains no term protecting them.

Level 2 (cause — mechanism — consequence) Q2.1. Cause: the pretrained model already contains
the features the downstream task needs; the task’s intrinsic dimension is small relative to the parameter
count (Aghajanyan et al. 2020). Mechanism: adaptation therefore mostly re-weights and re-combines
existing feature directions, so the ideal update AW has a fast-decaying singular-value spectrum, and
a rank-r factorization BA (the best rank-r approximation, by the Eckart—Young theorem) captures
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almost all of it. Consequence: training only 7(d + k) parameters per matrix reaches near-full-fine-
tuning quality at a tiny fraction of memory — e.g., 65,536 instead of 16,777,216 parameters (256.00x
less) for a 4096 x 4096 matrix at r = 8.

Q2.2. Cause: the Low-Rank Adaptation update is linear in the input (AW x with constant AW =
(a/T)BA), while the adapter applies a nonlinearity (GELU) between its projections. Mechanism: linear
maps with the same input compose by matrix addition, so Wz + (a/r)BAz = (W + (a/r)BA)x —
the update folds into one merged matrix W’ offline; the adapter’s GELU cannot be absorbed into any
neighboring weight matrix, so its bottleneck must be executed sequentially at every layer on every
request. Consequence: merged Low-Rank Adaptation serves at exactly the base model’s cost (zero
added latency), whereas adapters permanently add per-layer computation at inference.

Q2.3. Cause: full fine-tuning gives the optimizer access to all ~ 7 x 10? degrees of freedom; Low-Rank
Adaptation structurally restricts the update to a rank-r subspace and freezes the base. Mechanism:
with all weights free, gradient descent on a narrow task loss overwrites whichever weights help that
loss — including weights encoding unrelated capabilities, since nothing in the loss protects them; with
Low-Rank Adaptation the deviation from 0,,.;,4ineq is confined to (a/r)BA, a bounded, removable
perturbation (this acts like an extreme form of the penalty (A/2)|0 — 0t qincall?)- Consequence: full
fine-tuning measurably degrades general benchmarks after narrow training, while Low-Rank Adaptation

drifts far less — and removing (or unmerging) the factors restores the original model exactly.

Level 3 (full working) Q3.1. (a) Per matrix: r(d + k) = 16 x (4096 + 4096) = 16 x 8192 = 131,072.

Per layer (query and value — 2 matrices): 2 x 131,072 = 262,144. Whole model: 32 x 262,144 =
dk 16,777,216
= = 128.00x. (c)

r(d+k) 131,072

8,388,608 trainable parameters. (b) Reduction per matrix:

8,388,608
are;. ————
7,000,000,000

Q3.2. Assumption stated: activations ignored; 1 GB = 10? bytes. (a) Full fine-tuning: 13x10° x 16 B =
208.00 GB > 24 GB — does not fit (would not even fit on eight such cards without sharding optimizer
states). (b) Adapter count: per matrix 8 x (51204 5120) = 81,920; per layer 4 x 81,920 = 327,680; total
40 x 327,680 = 13,107,200 parameters. Adapter training states: 13,107,200 x 16 B = 209.72 MB ~ 0.21
GB. Frozen 16-bit base: 13 x 10? x 2B = 26.00 GB. Total ~ 26.21 GB > 24 GB — does not fit (the
frozen base alone already exceeds the card). (c) QLoRA: 4-bit base 13 x 10? x 0.5 B = 6.50 GB; + 0.21
GB adapter states ~ 6.71 GB — fits comfortably, leaving ~ 17.29 GB headroom for activations and
quantization constants. Conclusion: on a 24 GB card, QLoRA is the only viable option of the three.
Q3.3. (a) s = 2'002_4 (__11'00> = 3i(;)0 = 0.20; z = round((lj:gg) = round(5.00) = 5. (b) z/s =
—0.47/0.20 = —2.35 — round = —2; ¢ = —2 4 5 = 3 (inside [0, 15], no clamping). (¢) Z = s(q — 2) =
0.20 x (3 —5) = —0.40; error = |—0.40 — (—0.47)| = 0.07. (d) Maximum rounding error = s/2 = 0.10
(any value rounds to a grid point at most half a step away).

Sh x 100 = 0.12 %.

Level 4 Q4.1. Technique assessment: adding updates is task arithmetic on Low-Rank Adaptation
deltas. When it works: if the two updates act in (nearly) orthogonal subspaces — their singular
directions barely overlap — the sum applies both behaviors with little cross-talk; empirically plausible
here because “legal tone” (style of token choice) and “JSON structure” (formatting) are fairly disjoint
skills. Interference risk: where the subspaces overlap, the deltas add destructively or constructively
— sign conflicts and magnitude inflation distort both behaviors (the model may produce malformed
JSON in legal register, or legalese keys in JSON); neither adapter was ever trained in the presence of the
other, so the composition is out-of-distribution. Safer alternatives: (1) joint training of a single adapter

21



on a mixed legal+JSON dataset — best quality, but requires a new training run and re-evaluation
whenever either skill changes; (2) sequential / pipelined application or per-request hot-swapping (route
the request through one adapter, or pick the relevant adapter per request) — no interference and cheap
rollback, but cannot exhibit both behaviors in one response; (3) (bonus) interference-aware merging
that trims small components and resolves sign conflicts before adding (TTES-style merging) — keeps
a single merged weight, but adds method complexity and still needs evaluation. Trade-off summary:
naive addition is free but unvalidated; every safe option costs either a training run, serving flexibility,
or merging machinery — and all require an evaluation harness before deployment.

Q4.2 (i). Explanation: the task’s intrinsic dimension — the number of independent directions actually
needed to learn it — is evidently at or below the capacity of r = 8 (~ accuracy already saturated).
Raising r to 256 adds directions the task does not need: trainable parameters grow 32-fold (r(d + k)
is linear in r), the optimizer can now push the model further away from 6, ./ 4ineq in many more
directions, and the extra capacity fits noise in the small fine-tuning set. Mechanism for the general-
score drop: larger admissible deviation from the base weakens the implicit regularization that made Low-
Rank Adaptation forgetting-resistant — mild catastrophic forgetting plus overfitting. Recommendation:
return to a small rank (sweep r € {4, 8,16} with fixed «), monitor both task and general held-out scores,
and prefer the smallest rank on the task-quality plateau. Trade-off: a small residual risk of underfitting
a genuinely harder future task — re-sweep when the task changes.

Q4.2 (ii). Technique: retrieval-augmented generation over the regulation corpus. Justification — four in-
dependent knock-out arguments against fine-tuning: (1) Freshness: regulations change weekly; weights
are frozen at training time, so a fine-tuned model is systematically stale unless retrained weekly (cost,
regression risk), while a retrieval index is updated in minutes. (2) Provenance: the bank must cite the
exact paragraph; retrieval returns the source passage verbatim, whereas knowledge stored in weights
cannot be attributed — the model may even paraphrase incorrectly with no citation. (3) Access control:
per-user document rights can be enforced at retrieval time (filter the index per user); a single fine-tuned
weight set leaks the union of all documents to all users. (4) Right-to-be-forgotten: deleting a document
from an index is trivial; removing its influence from trained weights is practically impossible short of
retraining. Since each requirement alone disqualifies fine-tuning, retrieval strictly dominates for the
knowledge component. Residual trade-off: added per-request latency and a new failure mode (retrieval
misses — wrong context); and retrieval does not give the bot a persistent tone or format — a small
Low-Rank Adaptation for style only, combined with retrieval for facts, is the ideal hybrid.

Level 5 (code, executed and verified) Q5.1 — merged vs. unmerged forward (numpy).

import numpy as np

rng — np.random.default_ rng(42)

d, k, r, alpha = 6, 5, 2, 16

W = rng.normal(size=(d, k))

A = rng.normal(size=(r, k)) * 0.01 # A ~ N(0, 0?)

B = rng.normal(size=(d, r)) # (after some training; at init B = 0)
x = rng.normal(size=(k,))

y_unmerged = W @ x + (alpha / r) * (B @ (A @x))  # training-time path
W_merged = W + (alpha /1) * (B @ A) # deployment merge
y_merged = W_merged @ x

print(”allclose:”, np.allclose(y__unmerged, y_ merged))
print("max abs difference: {:.2e}”.format(np.max(np.abs(y__unmerged - y_merged))))
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print("rank of BQA:”, np.linalg.matrix_rank(B @ A), "(<=1r =", str(r) + 7)”)

Verified output:

allclose: True
max abs difference: 4.44e-16
rank of BQA: 2 (<=1 =2)

Interpretation: the only difference is floating-point associativity (~ 4.44 x 107'¢ machine epsilon
territory); algebraically the two paths are identical, which is exactly why merging adds zero latency.
The rank check confirms rank(BA) <.

Q5.2 — parameter-count calculator over a model-specification dictionary.

def lora_ param_ count(spec: dict, r: int) -> int:
77?Total LoRA trainable parameters: L * sum over targets of r*(d_out + d_in).”””
total = 0
for name, (d_out, d_in) in spec[’target matrices”].items():
total += spec[’n_layers”] *r * (d_out + d__in)
return total

llama7b_attn = {
"n_ layers”: 32,
“target__matrices”: { # (d_out, d_in)
’q_proj”: (4096, 4096), "k proj”: (4096, 4096),
"v__proj”: (4096, 4096), "o_ proj”: (4096, 4096),

2
}

llama7b_all = {
"n__layers”: 32,
"target_ matrices”: {
"q_proj”: (4096, 4096), "k_proj”: (4096, 4096),
"y proj”: (4096, 4096), "o_proj”: (4096, 4096),
"gate_proj”: (11008, 4096), "up_ proj”: (11008, 4096),
"down__proj”: (4096, 11008),
2
¥

for rin (4, 8, 16):

n = lora_param__count(llama7b_ attn, r)

print(f’gkvo r={r:>2}: {n:>12,} trainable ({100*n/7e9:.2f} % of 7B)”)
n = lora_param__count(llama7b_ all, 8)
print(f’all r= 8: {n:>12,} trainable ({100*n/7e9:.2f} % of 7B)”)

Verified output:

gkvo r=4: 4,194,304 trainable (0.06 % of 7B)
gkvo r=8: 8,388,608 trainable (0.12 % of 7B)
gkvo r=16: 16,777,216 trainable (0.24 % of 7B)
all r=8: 19,988,480 trainable (0.29 % of 7B)

Interpretation: counts scale linearly in r (4M — 8M — 17M as r doubles), and even covering all seven
matrices per layer at r = 8 stays below 0.30 % of the base — the heart of the parameter-efficiency
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argument.
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Final Chapter Cheat Sheet

Definitions to recall cold: fine-tuning, full fine-tuning, parameter-efficient fine-tuning, adapter, Low-
Rank Adaptation, rank, scaling factor «, quantization, affine quantization, QLoRA, catastrophic for-
getting, domain shift, intrinsic dimension, merging.

Formulas: - LoRA update: W’ = W + (a/r) BA, with A € R™* B € R¥" B zero-initialized. -
Trainable per matrix: r(d + k); reduction = dk/r(d + k). - Whole model: N = L -3 r(d, + k). -
Adapter: y = z + W, GELU(W,,,,, ¥); ~ 2dr weights + (r + d) biases per module; not mergeable.
- Training memory: 16 bytes/parameter (2+2+4+4+44) — 7B full fine-tuning = 112.00 GB; LoRA ~
14.13 GB; QLoRA ~ 3.63 GB. - Affine quantization: s = (2,,,, — Tpin)/ (2 — 1), 2 = round(—x,,,;,,/5),
q = clamp(round(z/s)+2,0,2°—1), Z = s(qg—z), error < s/2. - Forgetting control: L,,,.(0)+(\/2)]0—

Opretrainedll’s PEFT = structural version (freeze + constrain).

Algorithms: LoRA forward (two skinny multiplications), LoRA merge/unmerge, full fine-tuning step,
QLoRA step (dequantize-on-the-fly, gradients only into A, B).

Code pattern:

class LoRALinear(nn.Module):
def forward(self, x):
return self.base(x) + (x @ self. A.T) @ self. B.T * self.scale # scale = alpha / r

Difficult English «+» ar@r: - low-rank update — -z sens" (Sg &= e #if{7$9) - catastrophic
forgetting — Rerfmyes RS (@A wot g Tew) - adapter — SHGIBR (TR I/ (@G QST
&) - merging — aFgoTA (WHTTE 1 Wo WRE e - quantization — @GRS (F9 {6 8o
STHA) - zero-point — FER-ATT (IWI 5 @ AR I07) - intrinsic dimension — SRS WAt (Fre
CTAT PAoN AF-347) - provenance — SeI-2I (TSI & Y RF ater)

Quick revision (one breath): fine-tune for behavior, retrieve for facts, prompt for experiments; LoRA
= frozen W + (a/r)BA, r(d + k) trainable, mergeable, zero latency; adapters add latency (GELU); 16
bytes/parameter — 112.00 GB for 7B; QLoRA = 0.5 byte/parameter base — 3.63 GB; quantization
error < s/2; always evaluate before and after.

AN [ G FA — Q% YL v 9K T ROT & @ (v) r(d + k) I dk-3 =R, (R) dv
135/ ~HRAIRNGIERT oWR-FifS, (v) LoRA 39 SnrerbriRs latency-3f&, (8) &6 /RAG /<37-5%+ Fars-zs 1 awt
AT fSANT FE T (FCA — AIMWHIF 0 FNAPCAB] S SISt A9, TS 71

End of Chapter 6.
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