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EMBEDDI NGS

1. WHAT EMBEDDI NGS ARE

A visual enbedding is a mathematical representation of a photograph's content as a
vector of floating-point nunbers.

phot ograph (JPEG ~5MB) - enbedding nodel - vector (512 floats)

The vector encodes what the photograph contains —conposition, tonal distribution,
subject matter, texture, spatial relationships, light quality —as a point in
hi gh- di nensi onal space

Two phot ographs that |look simlar will have simlar vectors. Their points in the
enbeddi ng space will be cl ose together.

Two phot ographs that are visually unrelated will have distant vectors.
Distance = dissimlarity. Proximty = sinmlarity.

The enbeddi ng captures visual content. It does not capture fil enames, dates, or
fol der | ocations.

2. VWY EMBEDDI NGS TRANSFORM THE ARCHI VE

A conventional archive organi zes photographs by filename and date. To find a
phot ograph, you renenber where you put it.

At 400, 000 photographs, this fails. No human can hold 400, 000 phot ographs in nmenory.
Browsing by date is inpossible at that scale. Search by filenane requires you al ready
know t he fil enamne.

Enbeddi ngs nmake the archive queryable by visual content.

BEFORE EMBEDDI NGS:
Query: "find the photograph | nade in fog with an unbrella in 2023"
Answer: scroll through 2023 folders until you find it

AFTER EMBEDDI NGS:
Query: "unbrellas in fog"
Answer: 400, 000 vectors searched in <100ms; top results returned

The transfornmation:

files - relationships

storage - nmenory

retrieval - under st andi ng

date search - visual search

folder drill - natural |anguage query
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3. VWHAT BECOVES POSSI BLE

These are the canoni cal exanple queries. They are not hypothetical. They will work
once the enbeddi ngs layer is built.

show all unbrellas in fog

show vi sual echoes of Rome

show al | silhouettes fromw nter 2022

show i mages visually sinmlar to this one

show recurring gestures across six years

show evol ution of |ayering over tine

find all photographs where a person is waiting

find all photographs with wet pavenent reflections

find all photographs made within one block of 40th and Wl nut

Each of these queries is a vector search operation:
1. Text query - encode with CLIP text encoder - query vector
2. Query vector - nearest-neighbor search across 400,000 photo vectors - top-N

results
3. Results - return photo IDs - retrieve thunbnails and netadata

No manual tagging required. No folder structure required. The visual content of the
phot ograph is the index.

4. TECHNI CAL ARCHI TECTURE

Model

Model : CLI P (Contrastive Language-| mage Pretraining)

Publ i sher: OpenAl (open wei ghts via Huggi ng Face)

Vari ant: Vi T-L/ 14 or ViT-B/ 32 (TBD based on conpute budget)

I nput : JPEG resized to 224x224 for inference

Qut put : 512-di nensi onal float vector (ViT-B/32) or 768-dinmensional (ViT-L/14)
Li cense: M T (open weights, can run locally)

CLIP is selected because it supports both image-to-image and text-to-innage search
froma single nodel. The sanme nodel that encodes photographs al so encodes text
queries. This enabl es natural -1 anguage queri es agai nst the archive w thout separate
nodel s for text and inage encodi ng.

Al'ternative: SigLIP (Coogle), D NOv2 (Meta) for image-only simlarity. CLIPis
preferred for text query support.

Vect or Di nensi ons

Vi T-B/ 32: 512 di mensi ons
Vi T-L/14: 768 di nmensi ons

Preferred: ViT-L/14 (768d) for higher-quality representations at the cost of 50%
| arger storage and slower inference.

Deci sion deferred until hardware (Mac mini M4 Pro) is avail able for benchmarking.
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St or age

Primary: SQite-vec (sqlite3d extension for vector search)
Al ternative: pgvector (PostgreSQL extension) if corpus exceeds 5M rows
I ndex type: HNSW (Hierarchical Navigable Small Wrld) —approxinmate nearest-nei ghbor

SQLite-vec is preferred for Phase 1: - No additional server process - Conpatible with
the existing SQite netadata database - HNSWi ndex supports sub-100ns queries on
400, 000 vectors - Single file, sinple backup

pgvector is the upgrade path if query performance degrades at scale.

St orage Estinmate

400, 000 vectors x 512 floats x 4 bytes = 819 MB (Vi T-B/ 32)
400, 000 vectors x 768 floats x 4 bytes = 1.2 GB (Vi T-L/ 14)
HNSW i ndex overhead: ~2x raw vector size

Total (ViT-L/14 + index): ~2.4 GB

Stored at: /FLUX_EMBEDDI NGS/ on NAS.

5. CGENERATI ON PI PELI NE

Per-image workflow for enbeddi ng generation:

1. Load JPEG from NAS (/FLUX_ARCHI VE/ ORI G NALS/ . . .)
2. Preprocess:

a. Decode JPEG to RGB array

b. Resize to 224x224 (bicubic)

c. Normalize to CLIP input range (nmean=[0.48,0.46,0.41], std=[0.27,0.26,0.28])
3. Model inference:

a. Forward pass through CLIP inage encoder

b. Extract [CLS] token enbeddi ng

c. L2-nornalize the vector (unit sphere projection)
4. Store vector:

a. Wite to enbeddings table in SQite-vec

b. Link to photo_id in photos table
5. Updat e net adat a:

a. Set enbedding_id in photos table

b. Log conpletion tinmestanp

Bat ch processing for full corpus:

pyt hon3 gener at e_enbeddi ngs. py \

--input /FLUX_ARCH VE/ ORI Gl NALS/ \

--db | FLUX_METADATA/ f | ux. db \

--vec / FLUX_EMBEDDI NGS/ f | ux_vectors. db \

--nodel clip-vit-1-14\

--batch 64
Esti mated throughput on Mac mini M4 Pro: - ~60-120 i mages/ mnute (CPU i nference, no
GPU) - 400,000 images / 90 img/mn = ~74 hours for full corpus - One-time operation.

Subsequent ingest is per-inmage real-tine.

6. QUERY | NTERFACE
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Text -t o-i mage query

import clip
import torch

nmodel , preprocess = clip.load("Vi T-L/14")

def query_archive(text_query, top_k=12)
# Encode text query
t ext = clip.tokeni ze([text_query])
with torch.no_grad():
g_vec = nodel . encode_text(text).nunmy()
g_vec = q_vec / np.linalg.norn(q_vec) # L2 normalize

# Search vector database
results = vec_db. search(g_vec, k=top_k)

# Return photo IDs and sinmilarity scores
return [(r.photo_id, r.distance) for r in results]

| mage-to-i mage query

def find_simlar(photo_id, top_k=12)
# Load existing enbeddi ng
g_vec = vec_db. get _vector(photo_id)

# Near est - nei ghbor search
results = vec_db.search(g_vec, k=top_k + 1) # +1 to exclude self

# Filter out the query inmage itself
return [(r.photo_id, r.distance) for r in results if r.photo_id != photo_id]

Query performance target:

400, 000 vectors, HNSWindex, ViT-L/14 (768d)
Target: <100ms per query on Mac nmini M4 Pro

7. CORPUS SCALE

Ful | corpus: ~400, 000 phot ogr aphs
Keeper archive: ~15, 000 phot ogr aphs
Active issues: 423+ (FLUX_001-FLUX_ 423+)

New i ngest rate: variable (daily practice)

Scale inmplications: - Full corpus enbeddi ng generation: one-tinme pass, ~74 hours -

I ncrement al enbeddi ng: per-inage, <1 second, runs at ingest time - Vector database
size: ~2.4 GB (manageable on NAS, fits in RAMfor search) - Index rebuild frequency:
never (HNSWis insert-efficient; increnental insertion works)

8. | MPLEMENTATI ON PHASES

Enbeddi ngs require these prerequisites:
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Phase 1 ( COWLETE): NAS hardware ordered, arriving soon

Phase 2 (PENDI NG : Full corpus migrated to NAS (/FLUX_ARCH VE/ ORI G NALS/)
Phase 3 (PENDI NG): Keeper archive matched and flagged in netadata database
Phase 4 (PENDI NG): Met adat a dat abase initialized, all SHA-256 hashes generated
Phase 5 (TH S PHASE): Enbeddi ng generation for full corpus

Phase 6 (AFTER): Keeper nodel training (uses enbeddi ngs + keeper | abel s)

The enbeddi ngs | ayer cannot be built until Phases 2-4 are conplete. The netadata
dat abase nust exist. The corpus nust be on the NAS. SHA-256 hashes nust be conputed
(for deduplication before enbedding).

9. RELATI ONSHI P TO KEEPER MODEL

The enbeddi ngs | ayer and the keeper nodel are separate but dependent:

Embeddi ngs: visual representation of every photograph
Keeper | abels: binary (kept/not kept) for ~15,000 phot ographs
Keeper nodel: trained on (enbeddi ng, keeper_label) pairs

The keeper nodel takes enbeddi ngs as input features and keeper |abels as training
targets. Wthout enbeddi ngs, the keeper nodel has no features. Wthout keeper
| abel s, the keeper nodel has no training signal.

The sequence is: 1. Build enbeddings for all 400,000 photographs 2. Match keeper
archive (15,000 imges) to full corpus - assign keeper |abels 3. Train keeper nodel
on (enbedding, l|abel) pairs 4. Score all corpus photographs with keeper nodel -
keeper _score (0.0-1.0) 5. Use keeper scores for auto-ranking during ingest and issue
draft suggestions

See: KEEPER MODEL for the full specification.

SEE ALSO

Docunent Layer Rel ati onshi p

| NTELLI GENCE Layer 5 —Intelligence Layer overview, enbeddings is a
subdocunent of this |ayer

KEEPER MODEL Layer 5 —Intelligence Uses enbeddi ngs as i nput
features for the taste npde

METADATA ENRI CHVENT Layer 5 —Intelligence SQLite schema that |inks
photo_id to enmbedding_id

TRAI NI NG DATA Layer 5 —Intelligence The | abel ed dat aset that
enbeddi ngs + keeper | abels
create

BOOTSTRAP Layer 4 —Infrastructure Phased i npl enentation plan

enmbeddi ngs is Phase 5
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