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Session Abstract

Scaling Al: Leverage Caching Algorithms to Maximize Agentic ROI

Agentic Al innovation is creating cost pressures that are crushing profit margins across industries. Today's Al architects face a critical
challenge: balancing cost efficiency with rapid development cycles and competitive time-to-market advantages.

Key-value caching (KV Cache) offers a powerful solution. When implemented effectively, KV Cache can transform your Al economics by
dramatically reducing time to first token and slashing cost per token—all without sacrificing performance or time to market.

WEKA's Val Bercovici and Betsy Chernoff will demonstrate how to architect and deploy caching algorithms that optimize your token
economics, sharing practical strategies to achieve cost-effective agentic Al innovation at scale.
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Agenda

Workshop Goal

Leave with concrete understanding
of design patterns around KV cache
optimizations.
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Challenges

Key Metrics

Impact of Caches in LLMs

Implementation

Insights from Our Labs

Best Practices
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Achieving
Profitable Inference is
Extremely Difficult
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Common pattern of a modern inference system
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Quantize the model

Provide less context as an input for better performance
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Beefier GPUs for faster prefill Different GPUs for decode
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DeepSeek showed 56% Cache Hit
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Cache Hit Rate & Prefix Matching

SOURCE SESSION

I You are a helpful chatbot

Why do Australians and
New Zealanders always
tease each other?

Australians and New
Zealanders are basically
just brothers and sister,
so they squahble.

!

These are simplified
"blocks" of context,
typically 64 tokens each.

XTFo1d
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FULL MATCH

I You are a helpful chatbot

Why do Australians and
New Zealanders always
tease each other?

Australians and New
Zealanders are basically
just brothers and sister,
so they squabble.

Is it true that New
Zealand really doesn’t
have any deadly animals?

l

The full prefix match is
an entirely new prompt
that matches the start of
a cached one; only new
content needs prefill.
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PARTIAL MATCH

I You are a helpful chatbot

Why do Australians and
New Zealanders always
tease each other?

They are just like
siblings, they tease each
other as a game, but
really love each other!

How many people live in
Australia and New
Zealand?

The partial prefix match
is only part of the new
prompt matches cached
content; the rest needs
prefill.
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THE GOAL

Faster Al
at Lower Costs
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Implementing Caching Algorithms
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Inference Router
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EPHEMERAL GB SCALE

EPHEMERAL TB SCALE
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Challenges in Production
Systems

Slow Time To First Token (TTFT) for complex workloads
and long context cache.

Significant periods of under-utilization.

Cache hotspots often leave other inference systems
under-utilized.
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How It Works
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EPHEMERAL GB SCALE

PERSISTENT EXA SCALE
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Impact of KV Cache in LLMs

= Faster Time To First Token (TTFT)
= Better token throughput cluster-wide

» Fewer GPUs needed to achieve for current
and future

= More consistent
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Inference Performance with Concurrent Users
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Inference Performance with Large Cache
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CCIVRELCEWES

Al algorithms are designed for isolated environments, not those that
operate at scale.

Al Inference at Scale is challenging but needs of practitioners are easy to
address with the right techniques.

TCO/ROI objectives can't be solved with throwing more compute at the
problem. You can solve inference SLAs with orders of magnitude less
expensive infrastructure.




THANKS FOR YOUR TIME

Learn How to
&  Maximize Your Al
Token Production
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