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Heuristics Are Everywhere, Yet Can Break Unexpectedly
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Optimal 
Solution

Approximate 
Solution
(Heuristic)

Slow or 
Intractable

Risk of underperformance and inefficiency

Example of heuristics:
Demand Pinning in Traffic Engineering 
First-Fit-Decreasing in VM Placement
LLQ in Load Balancing



Traffic Engineering Example
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Input 𝐼:
Traffic Demands

Traffic 
Engineering

Topology

𝐼𝑓 𝑑𝑒𝑚𝑎𝑛𝑑 ≤ 𝑃: 𝑝𝑖𝑛 𝑡𝑜 𝑠ℎ𝑜𝑟𝑡𝑒𝑠𝑡 𝑝𝑎𝑡ℎ
𝑒𝑙𝑠𝑒: 𝑟𝑜𝑢𝑡𝑒 𝑜𝑝𝑡𝑖𝑚𝑎𝑙𝑙𝑦

Slow on large scalesOptimal

Demand Pinning (DP)Heuristic

Performance objective:
Maximize total routed traffic

𝑂𝑝𝑡 𝐼 → Optimal Performance on input 𝐼

𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐 𝐼 → DP’s Performance on input 𝐼

𝐺𝑎𝑝(𝐼) = 𝑂𝑝𝑡 𝐼 − 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)Performance Gap

Demand Pinning may have 30% performance gap for some topologies!
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Heuristic Analysis: Find Worst-Case Performance Gap

𝐺𝑎𝑝(𝐼) = 𝑂𝑝𝑡 𝐼 − 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)
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State-of-the-Art Solutions for Heuristic Analysis
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Example: MetaOpt [NSDI ’24], FPerf[NSDI ‘23], Xplain [Hotnets’24]
Encode any new heuristic into a mathematical format (e.g., optimization, SAT)

2 lines of logic  →  bi-level optimization + binary variables + big-M, … ~1-2 days, domain expert.

𝐼𝑓 𝑑𝑒𝑚𝑎𝑛𝑑 𝐼! ≤ 𝑃: 𝑢𝑠𝑒 𝑠ℎ𝑜𝑟𝑡𝑒𝑠𝑡 𝑝𝑎𝑡ℎ; 𝑒𝑙𝑠𝑒: 𝑟𝑜𝑢𝑡𝑒 𝑜𝑝𝑡𝑖𝑚𝑎𝑙𝑙𝑦The Heuristic (Demand Pinning)

Demand Pinning as Optimization
Hard to Use or Domain Specific



MetaEase: The First Heuristic Analyzer from Code
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Heuristic Code

Just bring heuristic code
No modeling or encoding

Fix, usually a well-known optimization𝑂𝑝𝑡 Formulation
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Key Challenges

Avoid bad local Maxima𝑮𝒂𝒑(𝑰) sampling is expensive
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Challenge 1: Sampling Gap Function Is Expensive

𝐺𝑎𝑝(𝐼) = 𝑂𝑝𝑡 𝐼 − 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼) No encoding or 
model is available

𝐼"

𝑂𝑝𝑡 𝐼" 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼")−
𝑂𝑝𝑡 is expensive 

to run

Efficient progress without repeated 𝑮𝒂𝒑(𝑰) sampling?
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Challenge 2: Gap Function Can Have Local Maxima

Global Maxima 

Local Maxima Local Maxima 

Local Maxima 
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MetaEase Mechanisms

Avoid bad local Maxima𝑮𝒂𝒑(𝑰) sampling is expensive
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𝐺𝑎𝑝(𝐼) = 𝑂𝑝𝑡 𝐼 − 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)

∇𝐺𝑎𝑝(𝐼) = ∇ 𝑂𝑝𝑡 𝐼 − ∇𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)

Gradient Ascent to Avoid Repeated Gap Sampling

Estimate ∇𝑂𝑝𝑡 without repeatedly solving 𝑂𝑝𝑡, using duality theory.
(       we can take a step toward the optimal direction, but finding the 

exact 𝑂𝑝𝑡 value takes many more steps.)

MetaEase: Compute efficiently separately, subtract, use as gradient direction
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𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)
This is arbitrary code, how do 

we efficiently get the 
gradient?

Insight: Gaussian Process 
(GP) Surrogate can 

approximate it locally as a 
differentiable function. 

How MetaEase Computes ∇ 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐 𝐼
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MetaEase Uses GP Surrogate for ∇ 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐 𝐼

Graph-based Deterministic Policy Gradient for Repetitive Combinatorial Optimization Problems. Zhongyuan Zhao et al

Fast and Sample Efficient

https://openreview.net/profile?id=~Zhongyuan_Zhao1
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MetaEase’s Gradient Ascent Steps
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MetaEase Mechanisms

Avoid bad local MaximaNo repeated 𝑮𝒂𝒑(𝑰) sampling 
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Selecting Smart Seeds Matters

Local Maxima 

Seed1

Seed2

Seed3

Seed4
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In formal verification, these regions are equivalence classes.

Seed Different Heuristic Behavior to Avoid Local Maxima 
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Code Paths are Good Equivalence Classes for Heuristic  

MetaEase uses Symbolic Execution (KLEE) to find Seeds.
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What About the Cliffs?
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MetaEase: Putting it All Together

Symbolic Execution MetaEase’s
Gradient Ascent

For every seed

Heuristic Code

𝑂𝑝𝑡 Formulation
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Comparable Results to State-of-the-Art (MetaOpt)

Abilene B4

Demand Pinning

Cogentco

PoP

Swan Uninett2010

122% 91% 451% 99% 129%

98% 89% 88% 91% 65%

To
po

Heuristic

𝐺𝑎𝑝 𝑟𝑎𝑡𝑖𝑜 =
𝑀𝑒𝑡𝑎𝐸𝑎𝑠𝑒 𝑀𝑎𝑥 𝐺𝑎𝑝
𝑀𝑒𝑡𝑎𝑂𝑝𝑡 𝑀𝑎𝑥 𝐺𝑎𝑝Similar Time Budget

MetaOpt: Demand Pinning as Optimization

MetaEase: Demand Pinning as Code
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MetaEase Outperforms Black-Box Baselines
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Unique Capability: Analyzing any Performance Heuristic

DNN-Based Heuristic:
DOTE [NSDI’23] in Traffic Engineering

Randomized Heuristic:
Arrow [SIGCOMM’21] in Optical-IP TE

MetaEase can analyze heuristics that other analyzers cannot analyze
or require difficult encoding.

Specialized
DNN Analyzer

HotNets’24
MetaEase > Black-BoxMetaEase >
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Conclusion
• First general-domain heuristic analyzer from code
• It matches or beats the SOTA across 5 domains and 8 heuristics
• MetaEase part of a design process

Thanks! I would love to answer your questions.
Contact: pkarimib@mit.edu

M E T A E A S E

NEW HEURISTIC CODE

REGRESSION TESTING

SAFE DEPLOYMENT

ROOT-CAUSE ANALYSIS

Continuous Improvement Cycle
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𝑂𝑝𝑡 𝐼 = max
A
𝑓(𝑥, 𝐼) , 𝑔B 𝑥, 𝐼 ≥ 0

How MetaEase Computes ∇ 𝑂𝑝𝑡 𝐼

ℒ 𝐼, 𝑥, . = 𝑓 𝑥, 𝐼 +B𝜆B𝑔B(𝑥, 𝐼)

∇ℒ(𝐼, 𝑥, 𝜆)

Use Lagrangian

O𝑝𝑡 𝐼 ≤ sup
5
ℒ(𝐼, 𝑥, . )

Duality

To compute 𝑂𝑝𝑡 𝐼 , do many
steps for 𝐼, 𝑥, 𝜆 till converged

To approximate ∇𝑂𝑝𝑡 𝐼 , no 
need to converge! Just take
steps for 𝐼, 𝑥, 𝜆



How MetaEase Gets the Optimal
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Optimizations for Scalability
• Projected gradient ascent: Update K parameters at a time
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Additional Optimizations for Scalability

• Adding domain customization “Hints”
• Adding hints to prune and find harder samples

• Prune and prioritize equivalence classes 
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Challenge 3: Gap Function Can Be Non-Smooth
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MetaEase Mechanisms

Avoid bad local MaximaNo repeated 𝑮𝒂𝒑(𝑰) sampling Handle non-differentiability
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MetaEase Projects the Gradients Back to Code Path
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MetaEase vs MetaOpt Gap Ratio

Abilene B4 Cogentco

POP

LLM-generated
Heuristic

Swan Uninett2010

𝐺𝑎𝑝 𝑟𝑎𝑡𝑖𝑜 =
𝑀𝑒𝑡𝑎𝐸𝑎𝑠𝑒 𝑀𝑎𝑥 𝐺𝑎𝑝
𝑀𝑒𝑡𝑎𝑂𝑝𝑡 𝑀𝑎𝑥 𝐺𝑎𝑝

98% 89% 88% 91% 65%

𝟑𝟎
𝟎.𝟎𝟐

% 100% MetaOpt
Gap = 0

MetaOpt
Gap = 0

MetaOpt
Gap = 0

To
po

Heuristic

Traffic 
Engineering C

C

C

C

POP C/4

C/4

C/4

C/4

×4
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MetaEase vs MetaOpt - Vector Bin Packing

10, 1D 10, 2D

First-Fit Decreasing

15-1D 15-2D

𝑀𝑒𝑡𝑎𝐸𝑎𝑠𝑒 𝑀𝑎𝑥 𝐺𝑎𝑝
𝑀𝑒𝑡𝑎𝑜𝑝𝑡 𝑀𝑎𝑥 𝐺𝑎𝑝

100% 66% 100% 75% 250%
#B

al
ls,

 D
im

Heuristic 20-1D 20-2D

100%
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Hints In MetaEase
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Path-Aware Gradient Step



Encoding LLM-Generated Heuristic In MetaEase
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Encoding LLM-Generated Heuristic In MetaOpt
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MetaEase vs MetaOpt Progress Over Time
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MetaEase vs Black-Box
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MetaEase Ablations
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MetaEase: Putting It All Together

Seed Generator
(Symbolic Execution) Gradient Ascent

𝑂𝑝𝑡 𝐼 𝑓𝑜𝑟𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛

For every seed

Heuristic Code

Efficient compute of gradients and 
non-differentiability handling

Smart seeds based on heuristic behavior

Simple interface for developers
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MetaEase Mechanisms

Avoid bad local MaximaNo repeated 𝑮𝒂𝒑(𝑰) sampling Handle non-differentiability



Traffic Engineering Example
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Input 𝐼:
Traffic Demands

Traffic 
Engineering

Topology
𝑂𝑝𝑡 𝐼 → Optimal Performance on input 𝐼

𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐 𝐼 → DP’s Performance on input 𝐼

𝐺𝑎𝑝(𝐼) = 𝑂𝑝𝑡 𝐼 − 𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)Performance Gap

Demand Pinning may have 30% performance gap for some topologies!
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MetaEase Mechanisms

Avoid bad local MaximaNo repeated 𝑮𝒂𝒑(𝑰) sampling Handle non-differentiability
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Unique Capability: Analyzing Any Numeric Heuristic

DNN-Based Heuristic:
DOTE [NSDI’23] in Traffic Engineering

Randomized Heuristic:
Arrow [SIGCOMM’21] in Optical-IP TE

MetaEase can analyze heuristics that other analyzers cannot analyze
or require difficult encoding.



Existing Solutions
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Model-based Tools
Encode any new heuristic into a mathematical format

Black-Box Tools

This is hard!

Inefficient

Hard To Use
Domain Specific

Easy to use, progress by sampling many 𝐺𝑎𝑝 𝐼 values

Example: MetaOpt [NSDI ’24], FPerf[NSDI ‘23], Xplain [Hotnets’24]

Encode

Example: Random Sampling, Hill Climbing, Simulated Annealing
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MetaEase Overview

Seed Generator
(Symbolic Execution) Gradient Ascent

𝑂𝑝𝑡 𝐼 𝑓𝑜𝑟𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛

For every seed

Heuristic Code

Efficient compute of gradients and 
non-differentiability handling

Smart seeds based on heuristic behavior

Simple interface for developers
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MetaEase Mechanism’s For Gradient Ascent

Compute ∇ 𝑂𝑝𝑡 efficiently

Compute ∇𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐 efficiently

∇𝐺𝑎𝑝(𝐼) = ∇ 𝑂𝑝𝑡 𝐼 − ∇𝐻𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝐼)

Smart gradient ascent seeds

Handling non-differentiability


