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sentence-transformers

sentence-transformers turns sentences into embeddings for semantic search, covered here
through similarity, retrieval, and reranking for RAG.

Load a Model

One line pulls a pretrained embedding model from the Hub.

PURPOSE COMMAND RESULT
Load a small, fast default model. model = SentenceTransformer( D—» din 384
"sentence-transformers/all-MinilLM-L6-v2") v o
Check the embedding dimension. model.get_sentence_embedding_dimension() I:I_> vector ten
See the input length limit. model.max_seq_length fnpat text truncated
Pick the device (CPU vs GPU). SentenceTransformer("all-mpnet-base-v2", nodel GPU
device="cuda")

i MinilM t
Pick a stronger model (slower). SentenceTransformer("all-mpnet-base-v2") "_

tradeoff

Encode Text to Vectors

model.encode turns strings into dense embedding vectors.

PURPOSE COMMAND RESULT
Encode a list of sentences. emb = model.encode(["a cat...","a dog..."]) -‘nng-‘—"’[D[DZ w

float32 ndarray

Get a torch tensor instead. , %%% torch. Tensor

for GPU math

model.encode(texts, convert_to_tensor=True)

Normalize to unit length. model.encode(texts, normalize_embeddings=True) » cosine = dot

tal

Encode a query vs a document. model.encode_query(q) awen) = (C5e0) pronpt-tagoed
model.encode_document(doc) socunent | —> (382 )
D]
Show progress on long jobs. model.encode(texts, show_progress_bar=True)

GO  :otches 1004

Encode a single string too. model.encode("just one sentence") vone | = O] (a4,

one vector back
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Cosine Similarity

Compare embedding vectors; cosine in [-1, 1], higher means closer.

PURPOSE

Score every pair (matrix).

Read one pair's similarity.

Pairwise (row i vs row i only).

Cosine without a model handle.

Switch the similarity metric.

model.similarity(a, b) gives the full pairwise cosine matrix;

Semantic Search

COMMAND

sim = model.similarity(emb, emb)

float(sim[0, 1])

model.similarity_pairwise(a, b)

cos_sim(emb[0], emb[1])

SentenceTransformer(name,
similarity_fn_name="dot")

Rank a whole corpus against a query by vector similarity.

PURPOSE

Embed the corpus once.

Embed the query.

Top-k search in one call.

Score the matrix by hand.

Use dot product for speed.

COMMAND

corpus_emb = model.encode(
corpus, convert_to_tensor=True)

g_emb = model.encode(
query, convert_to_tensor=True)

hits = semantic_search(
g_emb, corpus_emb, top_k=3)

cos_sim(qg_emb, corpus_emb)

semantic_search(q_emb, corpus_emb,
score_function=dot_score)

RESULT

diag = 1.0
3x3

a

cO—0 0.81
CJ—C ) o2 per-row
cO—0 0.13

from util

manhattan

dot

cosine is default

similarity_pairwise compares rows one-to-one; cosine is the default metric

RESULT

corpus_enb
**@ N x 384

query —>IHHI}>[I][I] 1x 360

Dé id 2 . 0.57 .

id @ . 0.55
id 4 . 0.31

1% N scor
@ then argsort

—7 (" dot needs
\: score normalized

embed the corpus once, embed each query, then semantic_search returns the top-k {corpus_id, score} hits sorted best-first
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Build & Query an Index

Encode the corpus once, reuse it for every query.

PURPOSE COMMAND RESULT
docs
Build the index (asymmetric). corpus_emb = model.encode_document ( ;C]_,l:l i
corpus, convert_to_tensor=True)

Save the index to disk. torch.save(corpus_emb, "corpus.pt") D—' v

Load it back later.

corpus_emb = torch.load("corpus.pt") »l: P ready to query

Embed the query side. q_emb = model.encode_query( ) 1)
y "how to reset password") _‘D_>

1x 384

Query the index, read hits. for h in semantic_search(q_emb, ‘“’“5[‘3 L e s
corpus_emb, top_k=5)[0]: =B - *

corpus [id] 0.41

index _grows
Keep adding documents. corpus_emb = torch.cat([corpus_emb,

model.encode_document(new)]) T Gonendocs )

Rerank with a CrossEncoder

A cross-encoder reads (query, doc) together for sharper scores.

PURPOSE COMMAND RESULT

Load a reranker model. ce = CrossEncoder( auery
"cross—encoder/ms-marco-MinilM-L6-v2") el Gl resds ot ot once

Score query-document pairs. scores = ce.predict( B ->—>
. ,d2. CrossEnc -4, raw scores
[(query, d) for d in docs]) o
f B sorted, best first
Rank candidates directly. ranks = ce.rank(query, docs, top_k=3) s o 10, o
id 7
- :
Get 0..1 probabilities. ce.predict(pairs, activation_fn=Sigmoid()) / squashed to 0..1
o
bi-encoder cross-encoder
Bi-encoder vs cross-encoder. # two vectors then compare vs oo—— rerank onty top-k
one joined paSS fast, scalable slow, accurate
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Batch Encode at Scale

Tune batch size, precision, and parallelism for big corpora.

PURPOSE COMMAND

Encode in tuned batches. model.encode(texts, batch_size=256,
show_progress_bar=True)

Half precision for GPU speed. model.half() then model.encode(texts)

Quantize embeddings (smaller). model.encode(texts, precision="int8")

Truncate dims (Matryoshka). model.encode(texts, truncate_dim=128)

Parallel multi-process pool. pool = model.start_multi_process_pool()
model.encode(texts, pool=pool)

Quantize plus normalize on disk. model.encode(texts, precision="int8",
normalize_embeddings=True)

The retrieve-and-rerank (RAG) flow

Bi-encoder retrieves top-k, cross-encoder reranks, then you answer.

PURPOSE COMMAND

1. Retrieve top-k fast. hits = semantic_search(
model.encode_query(q), corpus_emb, top_k=50)

2. Rerank the candidates. ranks = ce.rank(q,
[corpus[h['corpus_id']] for h in hits[@]])

3. Take the best passages. top = [corpus[r['corpus_id']]
for r in ranks[:5]]

4. Build the prompt context. context = "\n\n".join(top)

Why two stages. # recall (millions) then precision

SentenceTransformer(name)

Build the two-stage retriever. bi
CrossEncoder(reranker_name)

[a]
o -
o

RESULT

256-wide batches

_’

] throughput

~om

float32 int8 7x smaller index
keeps important dims

merged matrix

tiny on disk

ivli=1

RESULT

@D o] N >0

fast bi-encoder

_’ E
best
50

context tray

> (comtext Jo[ Ln | onser

R v e

retrieve M rerank dozens

GO O @

fast retrieve accurate rerank
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