
Small but Mighty

ONNX+ 
ONNXRT 

vickiboykis.com

In Production



Our goals for this talk: 

● Thinking about ML system design 
and tradeoffs

● Learn more about where smaller 
models work better

● Learn more about ONNX!



Building machine learning 
products that balance 
precision, recall, latency, and 
business needs is hard and 
requires good judgment and 
measurement



LinkedIn’s Job Search stack blends a number of models but 
it’s hard to get the product right 



Source    
     

Generative models currently make up only part of modern 
production machine learning inference workloads. 

https://arxiv.org/pdf/2602.07309


We have an ML-driven 
retrieval product. 

Should we use an ✨LLM✨?



Embedding-based retrieval was a hugely useful  paradigm



Embedding-based retrieval is a hugely useful  paradigm
Cursor

Perplexity

X



Source

Many information retrieval systems work by retrieving 
candidates from a large collection using similarity 
searches, then filtering and ranking those candidates to 
narrow the results.

https://research.google/pubs/deep-neural-networks-for-youtube-recommendations/


Embeddings are deep learning models’ internal 
compressed representations of their input data that 
allow us to compare concepts or topics 
mathematically 



One embedding looks like this!



How do products like 
semantic search or a 
personalized social feed 
typically work? 



We typically have a query and are 
trying to sort through our entire 
dataset to find relevant items



Two-tower embedding inference requires 
both batch and realtime inference of  the 
same trained model artifact

Real-time inference

Batch inference

Item vectors are 
pre-computed, but query 
encoding needs to be 
low-latency



What’s the difference 
between embedding models 
and LLMs?



LLM and embedding models share a transformer 
backbone but differ in parameter size, training 
objectives, and outputs

⚠ Broad generalization, things are chagnging in this space, etc. 



Embedding models and modern transformer architectures
Embedding Model

(Encoder-Only)
LLMs

(Decoder-Only)

Input/Output Text in , Vector Out Text In, text out

Parameters 20M- 600M 7B-100B and beyond

Task Small and specialized for 
understanding 
representations

Larger and more generalizable to many language 
tasks

Tasks Classification, retrieval, 
semantic similarity, 
reranking, token labeling

Generation, summarization, completion, dialogue, 
code generation

Computation 
graph

Fixed, fully known Dynamic shapes and control flow

⚠ Broad generalization, things are chagnging in this space, etc. 



Embedding models are much smaller than LLMs 
(though you could serve embeddings from an 
LLM)*

*LLMs produce embeddings from a 
hidden state (usually the last layer), 
but storing and serving 7B 
floating-point parameters on GPU for 
single vector lookup is expensive



Embedding model inference patterns are more predictable

Embedding Models Generative LLMs

Input One prefill Prefill, then iterative token generation

Output Fixed-dimensional 
vector

Variable-length sequence of tokens

Bottleneck fixed shape per 
request 

The KV cache grows over an inference 
session

State Stateless Stateful KV cache between requests

Batching Static batching Continuous batching

Computation 
graph

Fixed, fully known Dynamic shapes and control flow



How do we typically train 
and serve machine learning 
models?



When we train a model, we perform the following in a loop to 
get our model weights and model instructions



When we train a model, we initialize our weights as floats, our model 
architecture, and nn.Module  in-memory execution set



When we’re done training a model, we have the 
following artifacts: 

● The model architecture
● The new set of model weights
● An executor (how the architecture is actually 

run)



The resulting trained model object contains the model metadata 
(OrderedDict), and weights (Pickle file)



After training, we freeze the torch artifact.  Model inference is training with 
model.eval() and torch.no_grad()

No: Backward pass, no 
gradient update, no 
dropout, and no loss 
computation



PyTorch ML model artifacts are currently standardized on 
safetensors

Pickle files (weights)
       |
Safetensor files 
(JSON header + weights)
       |
ONNX + ONNXRT (computational graph)

Source

https://huggingface.co/docs/safetensors/index


How do we use a machine 
learning model in our 
service architecture? 



In production, we will need to inference our 
embeddings either via artifact or API 



What are the considerations 
of having machine learning 
models as service 
dependencies?



● Safetensors inference takes up 30% of our route 
roundtrip

● Torch dependencies
● Persisting a large bundle of artifacts between 

machines in distributed systems is hard 

Real world issues with large-scale production system 
inference with self-hosted models



● We want to serve trained transformer 
architecture embedding models across 
commodity machines with standardized 
build and deploy steps 

● Torch models take a while to cold-start. 
We’d love to make them smaller. 

● We’d also love to be able to serve without 
torch or GPU dependencies

Why ONNX for embedding inference? 



We trained a model in 
safetensors. Should we just 
inference that? 



We could start, but we’d need to tune it

● torch.compile() 
● torch.inference_mode() 
● Model quantization - makes it fast but changes the decimal 

representation
● Move to GPU Inference 

These all take time to test and experiment with (and GPUs are more 
expensive!)

https://docs.cloud.google.com/kubernetes-engine/docs/best-practices/machine-learning/inference/llm-optimization


● ONNX is an open file specification for machine learning models 
that can be used across ML frameworks, runtimes, and compilers.

● ONNX is serialized using protobuf and includes the computational 
graph and the model weights as tensors. It can be served on 
almost any hardware and doesn’t require torch dependencies

● ONNXRT is the executor and provides graph fusion across providers 
(GPU and CPU) to serve the graph optimally and quickly. 

ONNX + ONNXRT main pluses are interop and optimizations



We convert our existing safetensors artifact into a 
model.onnx file and the graph into an ONNXRT 
inference session.  We still use an external 
tokenizer.



The ONNXRT inference session is an in-memory object 
that handles our inference state and optimization

Source

https://www.philschmid.de/optimizing-transformers-with-optimum


Exporting to ONNX requires a model, opset, and weights and biases

Pytorch nn.Module

A sample tensor so PyTorch can infer shapes/sizes
Output location

Human-legible output labels

ONNX Operator version
Shrink model to speed up inference

Export weights and biases



An opset is ONNX’s API (Versions of Operators the graph can use)



 

We can now use our artifact for inference



 

Once we have our artifact, we will want to 
benchmark vector accuracy



 

Once we have our artifact, we will want to 
benchmark inference latency

Creating a 
test suite is 
important and 
easier than 
ever!



Outcomes after moving to ONNX

● Faster: Shaves 50ms off realtime inference with a budget of 
~500ms for the request path

● Compatible: Creates a portable artifact free from torch 
dependencies

● Smaller: Compresses embedding model size from 813 MB 
optimized torch to 441 MB - 45% savings with quantization



● Changing vector precision, particularly in production, 
requires a lot of testing and work

● We now need to manage model state upon model creation 
(model artifactory)

● If we have high traffic volume, we need to orchestrate 
batch inference (build your own inference engine!)

Tradeoffs of moving to ONNX



By design, protobuf caps out at 2GB and moves 
weights to an external artifact (.onnx_data) which 
means we have more artifacts to manage



Considerations 
● Save time for experimentation with different model 

architectures, opsets and session settings for CPU 
inference

● You’ll still need to ship your tokenizer artifact
● Create a model tracking repository and versioning scheme
● You’ll need to create a rigorous test suite in production for 

latency timings
○ Your local machine is often better than what you get in 

the cloud! 



Thanks! 
vickiboykis.com


