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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 
the jobs of Machine Learning 
Engineers in Seattle area” ) 

                         + 
Item Description (e.g. Job 

Description)  

LLM Ranker

Single Label Token 
(Yes/No, e.g. Apply, 

Click etc.) 

Probabilities (e.g. 
p_{apply}, p_{click} ) 
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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 

Model Compression via 
Pruning 

Item Description Summarization 
through RL training Serving Infra 

Optimization



Model 
Compression 
via Pruning

• Goal: Serving the Semantic Job Search 
• Scoring relevance of (query, item) pairs
• QPS = 3.15M items/sec, latency ~ 500ms
• 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 

blocks
• Increased throughput by 30%, less than 1% accuracy loss
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OSSCAR Pruning (Meng et al., ICML 2024)



Item 
Description 
Summarization

• Job description can take >2k tokens
• Reduced throughput

• Removing job description leads to the ranking quality 
drop(e.g. NDCG drop)

• We post-trained an Actor Model for Summarization via RL 
training: 

• Reduce the item description length to ~120 
tokens

• Less than 2% NDCG@10 loss
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Two types of length penalties

The RL training 
pipeline is built on top 
of verl and we 
explored GRPO, DR. 
GRPO and GSPO etc. 



(Extension)
Embedding 
compression 

• Idea: Compress each item text into embedding tokens
• Keep the query as text
• Reducing context from >2000 tokens to ~50
• Up to 50% further throughput increase

Setup V8 NDCG@10

All text Prod baseine (Sept, 
pruned and summarized)

0.921

Text + 1 embedding token 0.922

MixLM: High-Throughput and Effective LLM Ranking via Text-Embedding Mix-Interaction, arXiv:2512.07846 (KDD 2026, to appear)  

https://arxiv.org/abs/2512.07846


fmchisel 
Library

- 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. 

https://github.com/linkedin/fmchisel 

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



Reusing Query Work
In-batch Prefix Caching

⚙ How It Works

• Compute prefix KV from first prompt

• Reuse prefix KV for remaining prompts in 

same batch

• For suffix tokens, merge attention:

– Prefix attention (attend to shared KV)

– Suffix attention (causal within item)

– Combine via log-sum-exp

✔  Numerical correctness preserved

✔  No change to model semantics

✔  Single forward pass



Reusing Query Work
Multi-Item Scoring

⚙ How It Works

● Concatenate all items into one sequence

   <Query><DELIM><Item 1><DELIM><Item 2>...<DELIM><Item N><DELIM>

● Apply item-aware attention mask

○ Shared prefix attends normally

○ Items cannot attend to each other

● Extract scores at item boundaries

Callouts

    ✔ Single forward pass
    ✔ Prefix reused naturally via concatenation
    ✔ No cross-item attention

sglang/pull/10979, flashinfer/pull/1015 

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


Try It On SGLang!
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