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Graph Reasoning Question Q:

from node 11 to node 4.

(4,6,1) (5,7,5) (5,9,5) (5,6,8) (6,9,6) (6,10,7) (6,11,7) (6,7,8) (7,11,9) (7,9,1) (8,11,8) (9,11,9).

User Prompt P: Find the shortest path between two nodes in an undirected graph using NetworkX. In an undirected graph, (i,j,k) means that node i and node j are connected with an undirected
edge with weight k. Given a graph and a pair of nodes, you need to output the shortest path between the two nodes. The nodes are numbered from 0 to 11, give the weight of the shortest path

Graph G: The edges of the graph are: (0,5,4) (0,9,1) (0,4,1) (0,1,5) (0,2,4) (1,9,2) (1,8,3) (1,2,5) (1,11,8) (1,3,2) (2,4,5) (2,9,1) (2,5,9) (2,3,2) (2,7,5) (3,8,8) (3,6,10) (3,11,10) (3,10,5) (4,5,4) (4,10,10)

Code Template C:

Refined Prompt P': Find the weight of the shortest path from node 11 to node 4 in an undirected graph.

Replace with the actual source node

source_node = "A"
= "B" 4 Replace with the actual target node

#
target_node #
try:

answer = shortest_path_weight
except nx.NetworkXNoPath:

answer = f"There is no path from {source node} to {target node}."
except nx.NodeNotFound as e:

answer = str(e)

shortest_path_weight = nx.shortest_path_length(G, source=source node, target=target_node, weight="weight")

Final Code C:

Schema S: Graph has 12 nodes with id from 0 to 11. Node weight is none. Edge weight is in ‘weight’ attribute.

# Calculate the shortest path weight from node 11 to node 4

answer = shortest_path_length

shortest_path length = nx.shortest_path length(G, source=11, target=4, weight='weight’)

Answer A: 8

Response Ay:The weight of the shortest path from node 11 to node 4 in the undirected graph is 8.
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Cycle Detection [2, 100] | 400
Connectivity [2, 100] | 400
Bipartite Graph Check [2, 100] | 400
Topological Sort [2,50] | 400
Shortest Path [2, 100] | 400
Maximum Triangle Sum | [2, 25] | 400
Maximum Flow [2,50] | 400
Subgraph Matching [2,30] | 400
Indegree Calculation [2,50] | 400
Outdegree Calculation [2,50] | 400
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Accuracy by Task and Method
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Cycle Detection
try: # Attempt to find a cycle in the graph G
nx.find cycle (G, orientation='ignore’)

answer = "Yes."
except nx.exception.NetworkXNoCycle:
answer = "No."
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Connectivity
# Check if there is a path between node 8 and node 10 in the graph G
if nx.has_path(G, 8, 10):

answer = "Yes."
else:
answer = "No."
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Bipartite Graph Check
# Check if the directed graph G is bipartite
is_bipartite = nx.is_bipartite(G)
# Generate the answer string
answer = "Yes" if is_bipartite else "No"
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Topological Sort
# Assuming G is already defined and is a directed graph
# Find one topological sorting path of the graph
topological order = list(nx.topological sort(G))
# Convert the list to a string represenEation
answer = ' -> '.join(map(str, topological_order))
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Shortest Path
# Calculate the shortest path weight from node 11 to node 4
shortest _path length = nx.shortest path length(G, source=11, target=4, weight="weight')
answer = shortest_path length
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Maximum Triangle Sum
from itertools import combinations
# Assume G is already defined as a directed graph
max_sum = -float ('inf’)
max_nodes = None
# Iterate over all combinations of three nodes in the graph
for nodes in combinations (G.nodes, 3):
a, b, ¢ = nodes
# Check if the three nodes are interconnected, i.e., all pairs have edges in both directions
if (G.has_edge(a, b) and G.has_edge(b, a) and G.has_edge (b, c) and G.has_edge(c, b) and G.has_edge(a, c) and
G.has_edge(c, a)):
# Calculate the sum of their weights
total_weight = (G.nodes[al.get('weight', 0) + G.nodes[b].get('weight', 0) + G.nodes[c].get ('weight', 0)
# Update the maximum sum and the corresponding node set if needed
if total weight > max_sum:
max_sum = total weight
max_nodes = nodes
# Generate the answer string with the maximum sum
answer = f”Answer is {max_sum}."
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Maximum Flow
# Calculate the maximum flow from node 0 to ncde 8
flow value, flow dict = nx.maximum flow (G, 0, 8)
# Store the result in the variable 'answer’
answer = str(flow_value)

B 16 BRI S5 AR IR i ARG R 1] C7

Subgraph Matching
from networkx.algorithms import isomorphism
import itertools
# First, try to find a subgraph isomorphic to G_prime using the standard DiGraphMatcher
matcher = isomorphism.DiGraphMatcher (G, G_prime)
if matcher.subgraph is_isomorphic () :
# We found a subgraph isomorphic to G_prime (this covers the node-induced scenario)
answer = "Yes, G _prime is a subgraph of G."
else:
# If no node-induced subgraph match was found, we try edge-induced.
# An edge-induced subgraph of G is defined by a subset of edges of G.
# We must find a set of edges in G that, when taken alone (with their endpoints),
# forms a subgraph iscmorphic to G_prime.
# Get edges and nodes of G_prime for reference
G _prime edges = list(G_prime.edges ()
G_prime_edge_count = len (G_prime_edges)
G_prime_nodes = set(G_prime.nodes())
found_edge_induced = False
for edge_subset in itertools.combinations(G.edges(), G_prime_edge_count) :
# Build a subgraph of G induced by these edges
sub_nodes = set ()
for u, v in edge_subset:
sub_nodes.add (u)
sub_nodes.add (v)
# Create a new directed graph with just these edges
sub_G = G.subgraph (sub_nodes) .copy ()
# Remove all edges not in edge subset
sub_G.remove_edges_from([e for e in sub_G.edges() if e not in edge_subset]
# Now check if sub_G is isomorphic to G_prime
test_matcher = isomorphism.DiGraphMatcher (sub_G, G_prime)
if test matcher.is_isomorphic():
found edge_induced = True

break
if found edge_induced:
answer = "Yes, G_prime is a subgraph of G."
else:
answer = "No, G_prime is not a subgraph of G."

P 17: 1 VE AR 55 A U e & AU Bl €7

Indegree Calculation
# Assuming G is already defined as a directed graph in the existing code
indegree node 5 = G.in degree (5)
answer = f“{indegree_node_S}"
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Outdegree Calculation
# Calculate the outdegree of node 2
outdegree node 2 = G.out_degree (2
# Create a string with the result
answer = f"{outdegree node_2}."
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Maximum Flow (Cypher)

" MATCH ()-[r:CONNECTS flow 8]->{() SET r.flow = 0 ”

" // 1. Find any path from source (id=2) to sink(id=6

1/ where every edge still has spare capacity (weight > flow)

MATCH path = (source:Node flow 8 {id: 2})-[:CONNECTS flow 8*]->(sink:Node flow 8 {id: 6})
WHERE ALL(r IN relationships(path) WHERE r.weight > r.flow)

// 2. Compute the minimum “residual capacity” along that path
WITH
path,
REDUCE (
minCap = toFloat (INFINITY),
r IN relationships (path) |
CASE
WHEN (r.weight - r.flow) < minCap
THEN (r.weight - r.flow)
ELSE
minCap
END
) AS residualCapacity

// 3. Augment: for each edge in the path, add the residualCapacity to its flow
WITH path, residualCapacity

UNWIND relationships (path) AS r

SET r.flow = r.flow + residualCapacity;
" MATCH (source:Node flow_8 {id: 2})-[r:CONNECTS_flow_8]->() RETURN SUM(r.flow) AS maxFlow "
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Topological Sort
// 1. Find all “root” nodes (nodes with no incoming CONNECTS_topology 0 edges)
MATCH (n:Node_topology 0)
WHERE NOT (n)<—[:CONNECTS_topology_O]-()

// 2. For each root, traverse a spanning tree following outgoing CONNECTS_topology 0 relationships
CALL apoc.path.spanningTree(
n,
{
relationshipFilter: 'CONNECTS_topology_0>',
labelFilter: 'Node_ topology 0',
bfs: false
}
) YIELD path

// 3. Extract all nodes from each tree path
WITH nodes (path) AS nds
UNWIND nds AS n

// 4. Deduplicate and collect the node IDs into a list (your “topoSort”)
WITH DISTINCT n
RETURN collect(n.id) AS topoSort;
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