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Q.o

D

Current LLM Agents require significant human engineering to
1) Design the inference and orchestration structure
2) Choose appropriate prompts

Can we unify different structures and
automatically optimize over them and
the prompts?

Language Agents as Optimizable Graphs
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Topological Execution

Algorithm 1 Graph Execution
Require: Computational graph G = (N, E, F, o), input z,
empty context 2z for each node without predecessors.
for n in TopologicalSort(N) do
2 < {fal20,3) : v € pre(n)}
end for
Ensure: f,(z,, )
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Edge Optimization

Algorithm 2 Edge Optimization with REINFORCE
Require: A parameterized probabilistic distribution over
computation graphs Dy, an unbiased utility estimator
@r(+), and a learning rate c.
Initialize § € R?.
while terminate condition not met do
Sample G; ~ Dg fori =1,2,..., M.

Update § + 0+ & S 4.(G:)Volog(pe(Gy)).
end while
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Edge Optimization

Algorithm 2 Edge Optimization with REINFORCE
Require: A parameterized probabilistic distribution over
computation graphs Dy, an unbiased utility estimator
@r(+), and a learning rate c.
Initialize 6 € R?.
while terminate condition not met do
Sample G; ~ Dg fori =1,2,..., M.
Update § + 0+ & S 4.(G:)Volog(pe(Gy)).
end while
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Edge Optimization

Algorithm 2 Edge Optimization with REINFORCE
Require: A parameterized probabilistic distribution over
computation graphs Dy, an unbiased utility estimator
@r(+), and a learning rate c.
Initialize § € R?.
while terminate condition not met do
Sample G; ~ Dg fori =1,2,..., M.
Update § + 0+ & S 4.(G:)Volog(pe(Gy)).
end while
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Algorithm 2 Edge Optimization with REINFORCE
Require: A parameterized probabilistic distribution over
computation graphs Dy, an unbiased utility estimator
@r(+), and a learning rate c.
Initialize 6 € R?.
while terminate condition not met do
Sample G; ~ Dg fori =1,2,..., M.
Update § + 0+ & S 4.(G:)Volog(pe(Gy)).
end while
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Edge Optimization

Algorithm 2 Edge Optimization with REINFORCE
Require: A parameterized probabilistic distribution over
computation graphs Dy, an unbiased utility estimator
@r(+), and a learning rate c.
Initialize § € R?.
while terminate condition not met do
Sample G; ~ Dg fori =1,2,..., M.
Update § + 0+ & S 4.(G:)Volog(pe(Gy)).
end while
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Node Optimization
Improve individual operations

Algorithm 3 Node Optimization
Require: A parameterized graph GF = (N, E,FF o),
natural language function descriptions D = {d,, }nen,
and a distribution of inputs Dx.
Initialize p,, foralln € N.
Initialize h,, — () foralln € N.
while terminate condition not met do
Sample input z ~ Dx.
y < GP(z) following Algorithm 1.
hp < by U {((2n,%), fE"(2n,z))} foralln € N.
Pn < I(hn,pn,dy), foralln € N.
end while
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Node Optimization
Improve individual operations

Algorithm 3 Node Optimization
Require: A parameterized graph G = (N,E,FF¥) o),
natural language function descriptions D = {d, }nen,
and a distribution of inputs Dx.
Initialize p,, foralln € N.
Initialize h,, + () foralln € N.
while terminate condition not met do
Sample input x ~ Dx.
y < GP(z) following Algorithm 1.
hn < by U {((2n,Z), fE*(2n,))} foralln € N.
Pn < I(hn,pn,dy), foralln € N.
end while

Coding
Operation
Node




Q.o
=

Node Optimization
Improve individual operations

New prompt:

Prompt: Write a Python function
Write a Python function. For exam)éle .

Input; > [ > oo
def max_Kk(arr: listfint], k: int) -> listfint]:

return sorted(arr, reverse=True)[:K]

Output:



Open-Ended Human Assistant (GAIA)

GenerateQuery
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Diverse File Reading

Others

Web Browsing

Multimodal

Tool calls as nodes in the graph

Method Levell Level2 Level3 Avg.
GPT-3.5 7.55 4.65 0 4.85
GPT-4 15.09 2.33 0 6.06
GPT-4-Turbo 20.75 5.81 0 9.70
AutoGPT 13.21 0 385 485
GPTSwarm 30.561325 20931127 3.851043 1845
Improvement 473%1 2602%1t 0.0% 90.2%1
GPT4 with Plugins* |  30.30 9.70 0 14.6




Edge Optimization

We are optimizing a
swarm of three agents

1) TOT
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Node Optimization:

What is HumanEval?
Input

def incr_list(l: list):
"""Return list with elements incremented by 1.
>>> incr_list([1, 2, 3])
[2, 3, 4]
>>> incr_list([5, 3, 5, 2, 3, 3, 9, 0, 123])
[6, 4, 6, 3, 4, 4, 10, 1, 124]

Generated

return [i + 1 for i in 1]

ReAct-style agent
We perform automatic prompt optimization at each node
Selectively including positive input-output pairs on the node-level as few-shot examples
We increased the pass rate @1 accuracy from 76% to 88%

Optimization Curve on HumanEval Dataset

Accuracy
o
o]
N

1 2 3 4 5 6 7 8
Number of Iterations



What’s next?

e Better graph optimizers
e Joint node and edge optimization
e Scaling to larger graphs
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