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LLM-powered Semantic Job Search Features on LinkedIn
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Semantic Job Search at LinkedIn

Search Query (natural

language form: e.g. “find me  Semantic Search
the jobs of Machine Learning
Engineers in Seattle area” )
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Optimizing LLM Serving Stack for Semantic Job Search

Need to serve millions of requests per second, throughput is definitely a bottleneck

We achieved 10x throughput improvements through multi-layer Optimizations and
deployed the model in production

Item Description Summarization

Model Compression via through RL training Serving Infra
Pruning Optimization




e Goal: Serving the Semantic Job Search
e Scoring relevance of (query, item) pairs
e (QPS=3.15M items/sec, latency ~ 500ms
e We performed model pruning using one-shot structured pruning
OSSCAR (Meng et al., ICML 2024) to reduce the model size:
— Pruning hidden neurons in feed-forward MLP
— Removing model layers and transformer
Model blocks
Compression e [ncreased throughput by 30%, less than 1% accuracy loss

via Pruning

MODEL SIZE NDCG@10 CHANGE
600M _

375M (50% MLP + 8 LAYERS) —0.0079
350M (50% MLP + 10 LAYERS) —0.0074
330M (50% MLP + 12 LAYERS) —0.0080




OSSCAR Pruning (Meng et al., ICML 2024)
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e Job description can take >2k tokens
e Reduced throughput
e Removing job description leads to the ranking quality

drop(e.g. NDCG drop)
e \We post-trained an Actor Model for Summarization via RL

training:
e Reduce the item description length to ~120
geeg::ripﬁon tokens
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e |dea: Compress each item text into embedding tokens
e Keep the query as text

e Reducing context from >2000 tokens to ~50

e Upto50% further throughput increase

Online Inference
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https://arxiv.org/abs/2512.07846

-  We open-sourced our foundation model optimization algorithm library(fmchisel), which

contains components such as Model Pruning, Knowledge Distillation, Quantization,
Training Acceleration and Prototyping etc.)

- It's plug-and-play and can be applied to a wide range of use cases.

[0 README &3 BSD-2-Clause license

o fmchisel — Efficient Foundation Model Algorithms
fmchisel

Library

State-of-the-art compression & distillation recipes for Large Language Models

Overview

fmchisel (Foundation Model Chisel) is an open-source research library that makes it simple to:

e Compress LLMs with cutting-edge pruning and quantization techniques.

 Distill knowledge from larger models to smaller ones.

e Accelerate inference on consumer hardware by combining sparse + low-bit weight formats.

httDS://CI |th U b.CO m/“n kedln/fm Ch ise| » Train efficiently with advanced optimizers such as schedule-free AdamW.

* Prototype new compression ideas rapidly.

fmchisel is built on PyTorch and integrates seamlessly with ¥ & Transformers.


https://github.com/linkedin/fmchisel
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Serving Infra Optimization: Why Prefill-Only Ranking is Different

GENERATIVE LLM WORKLOADS PREFILL-ONLY RANKING
(=] INPUT (=] INPUT

[SYSTEM]: You are a helpful assistant. & QUERY: Software Engineer jobs in Bay Area
[USER]: Write a short email asking for a meeting. & SYSTEM: Output Yes / No based on job match

11 & CANDIDATES: - Item 1 text

* [tem 2 text
| Prefil ) g
v > [ (=] Single Batched Prefill ]

‘ DECODE LOOP

Logits — Sampling — Next Token « No Decoding: Single pass over prompt

‘ « Iterative » Sampling * Beam Search  Long Shared Prefix: Cominon instructions, query, context

i
l l A =) SCORING
Generated Text  ltem 1 P(Yes) =0.91 — Yes

Hello Alex, I'd like to schedule a meeting... » Item 2 P(Yes) = 0.12 = No

{f (=] LATENCY

(=] LATENCY « Strict latency SLAs:
» P99 within a few hundred milliseconds

Latency scales with output tokens
« Latency scales with input lengths & items

« High Concurrency: Scores hundreds/thousands of items



Reusing Query Work
In-batch Prefix Caching

A) In-Batch Prefix Caching (Token 8)

0 Two segs in a batch (Query as shared prefix [1, 2])
SeqA:[1, 2, 3, 4, 5]

J- How It Works SeqB:[1,2, 6,7, 8]

‘ 2\8 6 7 8 Token 8 (suffix in Prompt B)
C

o Compute prefix KV from fl rSt prompt Shared K\, cache for prefix [1, 2] (compute once, reuse)
9 KV(1), KV(2)

* Reuse prefix KV for remaining prompts in 2) Attention for Item token 8: prefix + its own suffix

same batCh Use KV 2) from KV cache

. For suffix tokens, merge attention: 1 - 6 7 8
Causal over its own prefix [1, 2,6, 7,/8], with prefix

—  Prefix attention (attend to shared KV) KV'reused Instead &t recompitad
— Suffix attention (Causa| within |tem) Result: Same attention scores as naive computation,

but prefix work for [1, 2] is shared across seqs.

—  Combine via log-sum-exp

6 7 8 Layer 1 KV
v Numerical correctness preserved ’\ L
. |— 6 l— 7 |— 8 Layer 1 Attention
v No change to model semantics
. A 4 Y Y
v Single forward pass 60 0] 8] Loer + outout/ Layer 2KV
|— |_ |_ Layer 2 Attention

O |[G—— O <!
~le—~ ¢
© [g——

Layer 2 Output




Reusing Query Work

Multi-ltem Scoring

J- How It Works

e Concatenate all items into one sequence
<Query><DELIM><Item 1><DELIM><Item 2>...<DELIM><Iltem N><DELIM>
e Apply item-aware attention mask

o  Shared prefix attends normally

o Iltems cannot attend to each other

° Extract scores at item boundaries

Callouts

v Single forward pass

v Prefix reused naturally via concatenation

v No cross-item attention

sqlang/pull/10979, flashinfer/pull/1015

B) Multi-ltem Scoring (Token 8)

o Single concatenated sequence: Query + ltem 1 + ltem 2

BEBERE

Positions: 12345678

8

e Token 8 (ltem 2) should see Query + Iltem 2 only (no ltem 1)

Attention mask row for token 8

y

Kernel item-aware attention mask ensures token 8 attends to
the shared query and only its own item tokens, not ltem 1.

Prefix
(instruction
+ member profile
+ history)

Delimitertoken — <

Candidate 1 {

Delimitertoken —

Candidate2 —~
Delimiter token — &

Candidate 3 .
Delimiter token >

|
: J L_‘_ | )
Prefix (instruction Canddtat | Candidies|  Cardidata 3

+ member profile
+ history)

Delimiter Delimiter Delimiter pejimiter

- Attention

Masked


https://github.com/sgl-project/sglang/pull/10979
https://github.com/flashinfer-ai/flashinfer/pull/1015

# Request

|I‘y It On SGLang.
= O L I & $ curl -X POST "http://localhost:30088/v1/score” -H "Content-Type: application/json" -d '{
O () "query": "Is this the author of Harry Potter? Answer Yes or No for each of the following options:",
"items": [

- "J.K. Rowling",
vl/score (decoder-only scoring) | hae
Q Search ® 4+ K ephen ng",
Compute token probabilities for specified tokens given a query and items. This is useful for Harry Potter
Get Started classification tasks, scoring responses, or computing log-probabilities. 1,
Install SGLang "label_token_ids": [9454, 2753],
Parameters: "model": "/Qwen/Qwen3-8.6B/"
Basie Kisage e query : Query text } I jq
Sending Requests o items : Item text(s) to score
. # Response
OpenAl-Compatible APIs e label_token_ids : Token IDs to compute probabilities for {
Ollama-Compatible API e apply_softmax : Whether to apply softmax to get normalized probabilities (default: False) "scores": [
Offline Engine API e item_first : Whether items come first in concatenation order (default: False) [
SGLang Native APIs e model : Model name 1.025041382275678e-85,
i 5.276460429283e-06
S ing Farammarers The response contains scores - a list of probability lists, one per item, each in the order of
Popular Model Usage label token ids . 1,
(DeepSeek, GPT-OSS, GLM, [

0.060043153568813765484,
©.06008785630681038556

S python -m sglang.launch_server \ ]
--model-path /Qwen/Qwen3-0.6B/ \ [
--port 30000 \ 1.511921443622414e-08,
--host ©.9.0.0 \ 1.1927074790134633e-87
--chunked-prefill-size -1 \ ]]
fte SEeh Conps S "model”: "/Qwen/Qwen3-8.6B/",
--dtype float16 \ "usage": {
--max-prefill-tokens 30060 \ "prompt_tokens": 31,
--mem-fraction-static 8.3 \ “total_tokens®: 31,

"completion_tokens": 8,
"prompt_tokens_details": null,
"reasoning_tokens": 8

--enable-dynamic-batch-tokenizer \

--disable-radix-cache \

--attention-backend flashinfer \ },
--multi-item-scoring-delimiter 151655 "object": "scoring"

| Welcoming contributions! Join us in ‘.' #prefill-only (Slack)
Roadmap: () sgl-project/sglang/issues/15344
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