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Abstract 
This paper presents a collection of algorithms addressing two related problems in web data management: automatic wrapper 
generation for structured data extraction and efficient compression of large-scale graph structures. For the extraction problem, we 
develop a method for on-the-fly wrapper creation that leverages XPath expressions ranked by their discriminative power over 
HTML and XML document collections. For the compression problem, we propose techniques for reducing the storage 
requirements of adjacency list representations, with particular focus on the structural properties exhibited by web graphs and 
social networks. Additionally, we investigate the relationship between maximum flow and minimum cut in capacitated networks, 
presenting bounds on the max-flow min-cut gap and approximation algorithms for the multicut problem. Finally, we address fault 
tolerance in mesh-connected architectures through deep emulations that enable a fault-free mesh to be simulated on a mesh 
containing random faults. 
Keywords - XPath; wrapper induction; graph compression; web graphs; social networks; max-flow min-cut; multicut 
approximation; mesh emulation 

I. INTRODUCTION 

The proliferation of semi-structured data on the World Wide 
Web has created an acute need for automated techniques to 
extract, organize, and store information from heterogeneous 
sources. While the volume of data available through web 
pages, feeds, and application programming interfaces 
continues to grow exponentially, much of this information 
remains locked within presentational markup that obscures 
its underlying structure. The development of robust 
extraction mechanisms that can adapt to the diversity and 
dynamism of web content represents a fundamental 
challenge for information integration systems. 

Wrapper induction, the process of automatically generating 
extraction rules from example pages, has emerged as a 
practical approach to this challenge. Early wrapper systems 
relied on delimiter-based patterns or regular expressions 
applied to the raw text of documents. More recent 
approaches have exploited the tree structure of HTML and 
XML by formulating extraction rules in terms of paths 
through the document object model. The XPath language 
provides a natural vocabulary for expressing such rules, 
offering a combination of expressiveness and computational 
tractability that has made it the standard for addressing 
nodes within XML documents. 

A separate but related challenge arises in the representation 
of the hyperlink structure that connects web pages. The web 
graph, in which nodes correspond to pages and directed 
edges represent hyperlinks, exhibits structural properties that 
distinguish it from random graphs and suggest opportunities 
for compact representation. Similar observations apply to 
social network graphs, where nodes represent users and 
edges encode friendship or follower relationships. As these 
graphs grow to encompass billions of nodes and edges, the 
development of compression techniques that reduce storage 
requirements while preserving rapid access becomes 
essential. 

This paper makes contributions in both of these areas. First, 
we present an algorithm for automatic on-the-fly wrapper 
creation that generates and ranks XPath expressions based 
on their ability to discriminate target content from 
surrounding markup. The ranking function incorporates both 

structural features of the path and statistical properties of its 
occurrence across a document collection. Second, we 
develop compression techniques for adjacency list 
representations that exploit the locality and power-law 
degree distributions characteristic of web and social graphs. 

Beyond these primary contributions, we investigate two 
additional problems that arise in the analysis of network 
structures. We establish bounds on the gap between 
maximum flow and minimum cut values in capacitated 
networks and present approximation algorithms for the 
multicut problem. We also address the problem of emulating 
a fault-free mesh architecture on a physical mesh containing 
randomly distributed faulty processors, developing deep 
emulation strategies that maintain computational efficiency 
despite the presence of faults. 

The remainder of this paper is organized as follows. Section 
II reviews related work on wrapper induction, graph 
compression, and network flow algorithms. Section III 
presents our XPath ranking algorithm for wrapper 
generation. Section IV describes the graph compression 
techniques. Section V addresses the max-flow min-cut gap 
and multicut approximation. Section VI discusses mesh 
emulation with faults. Section VII presents experimental 
results, and Section VIII concludes the paper. 

II. RELATED WORK 

A. Wrapper Induction 
The wrapper induction problem was formalized by 
Kushmerick et al. [1], who introduced the HLRT wrapper 
class based on left and right delimiters around target fields. 
Subsequent work by Muslea et al. [2] developed the 
STALKER system, which employed hierarchical extraction 
rules and a multi-slot approach. The WIEN system of 
Kushmerick [3] generalized these ideas to encompass six 
wrapper classes of increasing expressiveness. 

The exploitation of document structure for extraction was 
pioneered by the W4F system [4], which introduced the 
notion of extraction ontologies mapped to HTML element 
paths. The RoadRunner system [5] employed an innovative 
approach based on the automatic inference of grammars 
from pages generated by a common template. More recently, 



systems such as Lixto [6] have combined visual 
specification interfaces with XPath-based extraction rules. 

B. Graph Compression 
The study of web graph compression was initiated by 
Randall et al. [7] and Bharat et al. [8], who observed that 
lexicographically ordering pages by URL tends to cluster 
nodes with similar adjacency lists. Boldi and Vigna [9] 
formalized these observations in the WebGraph framework, 
which achieved compression ratios of approximately 3 bits 
per edge through a combination of reference coding, interval 
representation, and residual compression. 

Alternative approaches to graph compression have been 
proposed based on grammar-based methods [10], dense 
subgraph extraction [11], and algebraic techniques [12]. For 
social network graphs, Chierichetti et al. [13] developed 
compression schemes that exploit the community structure 
revealed by clustering algorithms. The relationship between 
compressibility and navigability in graphs was explored by 
Maserrat and Pei [14]. 

C. Network Flow and Cuts 
The max-flow min-cut theorem of Ford and Fulkerson [15] 
established the fundamental duality between maximum flow 
and minimum cut in networks with integer capacities. For 
multicommodity flow problems, the gap between max-flow 
and min-cut can be logarithmic in the number of 
commodities, as shown by Leighton and Rao [16]. 
Approximation algorithms for multicut and related problems 
have been developed by Garg et al. [17] and Vazirani [18]. 

III. XPATH RANKING FOR WRAPPER GENERATION 

A. Formal Definitions 
Definition 1 (Document Tree). A document tree T = (V, E, 
r, λ, α) is a rooted ordered tree where V is the set of nodes, E 
⊆ V × V is the set of edges, r ∈ V is the root, λ: V → Σ is a 
labeling function mapping nodes to element names from 
alphabet Σ, and α: V → 2A×S assigns attribute-value pairs 
from attribute names A and strings S. 

Definition 2 (XPath Expression). An XPath expression p is 
a sequence of location steps p = s₁/s₂/.../s� where each step 
sᵢ = axis::nodetest[predicate]. The axes include child, 
descendant (//), parent, and ancestor. Node tests are element 
names or wildcards (*). Predicates include positional ([n]) 
and attribute ([@a='v']) tests. 

Definition 3 (XPath Semantics). Given a document tree T 
and context node c, an XPath expression p defines a node set 
⟦p⟧T,c ⊆ V(T). For absolute paths (starting with /), c = r. 
The semantics are defined inductively: ⟦s₁/s₂⟧ = ⋃v∈⟦s₁⟧ 
⟦s₂⟧T,v. 

Definition 4 (Wrapper Induction Problem). Given a 
document collection D = {T₁, ..., Tₙ} and target node sets R 
= {R₁, ..., Rₙ} where Rᵢ ⊆ V(Tᵢ), find an XPath expression 
p* that maximizes F₁(p) = 
2·Prec(p)·Rec(p)/(Prec(p)+Rec(p)) where: 

Prec(p) = (1/n) Σᵢ |⟦p⟧ᵢ ∩ Rᵢ| / |⟦p⟧ᵢ|,    Rec(p) = (1/n) Σᵢ |⟦p⟧ᵢ ∩ 
Rᵢ| / |Rᵢ| 

B. Problem Complexity 
Theorem 0. The wrapper induction problem is NP-hard. 

Proof. By reduction from Set Cover. Given a universe U = 
{u₁,...,uₘ} and collection S = {S₁,...,Sₗ} with Sⱼ ⊆ U, 
construct a document tree T with root r having children 
c₁,...,cₗ (representing sets) where each cⱼ has children 
representing elements in Sⱼ. Set target nodes R = {nodes 
representing U}. An XPath expression achieving Rec(p) = 1 
with minimum |⟦p⟧| corresponds to a minimum set cover. 
Since Set Cover is NP-hard, so is wrapper induction. □ 

C. XPath Expression Generation 
We consider the problem of automatically generating a 
wrapper for extracting a specified type of content from a 
collection of HTML or XML documents. The input consists 
of a set of example documents D = {d₁, d₂, ..., dₙ} together 
with annotations indicating the target content regions within 
each document. The goal is to produce an XPath expression 
that correctly identifies the target regions in the example 
documents and generalizes to unseen documents from the 
same source. 

Each document dᵢ is represented as a tree Tᵢ in which nodes 
correspond to elements, attributes, and text content. An 
XPath expression p defines a function that maps a tree T to a 
set of nodes p(T) ⊆ V(T). We say that p covers a target 
region r if r ∈ p(T). The precision of p with respect to a 
document d is the fraction of nodes selected by p that 
correspond to target regions, while the recall is the fraction 
of target regions that are selected. 

B. XPath Expression Generation 
Our approach generates candidate XPath expressions 
through a bottom-up traversal of the document tree. 
Beginning at the annotated target nodes, we construct path 
expressions that describe the sequence of ancestor elements 
leading to the document root. For each path, we consider 
variants that include or omit element indices, attribute 
predicates, and intermediate nodes. 

Let r be a target node with ancestor sequence a₁, a₂, ..., a� 
where a₁ is the parent of r and a� is the document root. The 
basic absolute path to r is /a�/.../a₂/a₁/r. We generate 
variations by: (1) replacing element names with wildcards, 
(2) adding positional predicates [i] to disambiguate siblings, 
(3) adding attribute predicates [@class='x'] when distinctive 
attributes are present, and (4) using the descendant axis // to 
skip intermediate nodes. 

The generation process produces a set of candidate paths P = 
{p₁, p₂, ..., pₘ} for each target node. Paths that select the 
same set of nodes across all example documents are 
considered equivalent and represented by a single canonical 
form. The total number of distinct candidates is bounded by 
O(2^k · A) where k is the maximum path length and A is the 
maximum number of relevant attributes. 

C. Ranking Function 
We rank candidate XPath expressions using a scoring 
function that balances precision, generality, and simplicity. 
For a candidate path p, the score is computed as: 

S(p) = α · Prec(p) + β · Gen(p) - γ · Comp(p) 
where Prec(p) is the average precision across example 
documents, Gen(p) is a generality measure based on the 
proportion of wildcards and descendant axes in p, and 
Comp(p) is the complexity measured as the number of 



predicates and path steps. The parameters α, β, γ are set 
through cross-validation on a held-out portion of the 
example set. 

The generality term rewards paths that are likely to transfer 
to documents with minor structural variations, while the 
complexity penalty discourages overly specific paths that 
may be brittle. Paths achieving perfect precision on the 
examples are preferred, with ties broken by generality and 
then complexity. 

D. Algorithm 

Algorithm 1: XPath Wrapper Generation 
Input: Document set D, target annotations T 
Output: Ranked list of XPath expressions 
1:  P ← ∅                          // 
candidate paths 
2:  for each document d ∈ D do 
3:      for each target node t ∈ T(d) do 
4:          ancestors ← GetAncestorChain(t) 
5:          P ← P ∪ 
GenerateVariants(ancestors) 
6:      end for 
7:  end for 
8:  P ← RemoveDuplicates(P) 
9:  for each path p ∈ P do 
10:     prec ← ComputePrecision(p, D, T) 
11:     gen ← CountWildcards(p) / Length(p) 
12:     comp ← CountPredicates(p) + 
CountSteps(p) 
13:     S(p) ← α·prec + β·gen - γ·comp 
14: end for 
15: return SortByScore(P) 

Theorem 1. Algorithm 1 generates O(2k · A · |D| · |T|) 
candidate paths, where k is the maximum path depth and A 
is the maximum attributes per element. 

Proof. Consider a target node t with ancestor chain a₁, a₂, ..., 
a�. For each ancestor aᵢ, GenerateVariants produces at most 
(4 + Aᵢ) path variants where Aᵢ = |α(aᵢ)| is the number of 
attributes: one for the base path, one with wildcard 
substitution, one with descendant axis, one with positional 
predicate (if siblings exist), and one for each discriminative 
attribute. The total variants for a single target is: 

∏ᵢ₌₁ᵏ (4 + Aᵢ) ≤ (4 + A)ᵏ = O((4+A)ᵏ) = O(2ᵏ · Aᵏ) 
Since k and A are typically small constants in practice (k ≤ 
20, A ≤ 5), we write this as O(2k · A). Summing over all |T| 
average targets per document and |D| documents yields O(2k 
· A · |D| · |T|) total candidates before deduplication. □ 

Corollary 1. The time complexity of Algorithm 1 is O(2k · 
A · |D| · |T| · n) where n is the average document size, 
dominated by the precision computation in lines 9-14. 

Proof. Each candidate path p must be evaluated on all 
documents to compute Prec(p). Evaluating an XPath on a 
document of size n takes O(n) time using standard tree 
traversal. With O(2k · A · |D| · |T|) candidates and |D| 
documents of size n each, total time is O(2k · A · |D|² · |T| · 
n). In practice, caching and early termination reduce this 
significantly. □ 

IV. GRAPH COMPRESSION TECHNIQUES 

A. Formal Definitions 
Definition 5 (Directed Graph). A directed graph G = (V, E) 
consists of vertex set V = {1, 2, ..., n} and edge set E ⊆ V × 

V. The out-neighborhood of v is N⁺(v) = {u : (v,u) ∈ E} and 
the out-degree is d⁺(v) = |N⁺(v)|. 

Definition 6 (Adjacency List Representation). The 
adjacency list representation of G stores, for each v ∈ V, the 
sorted list L(v) = sort(N⁺(v)). The naive encoding requires Σᵥ 
d⁺(v) · ⌈log n⌉ = m · ⌈log n⌉ bits. 

Definition 7 (Gap Sequence). For a sorted list L = [ℓ₁, ℓ₂, 
..., ℓ�], the gap sequence is G(L) = [ℓ₁, ℓ₂-ℓ₁, ℓ₃-ℓ₂, ..., 
ℓ�-ℓ�₋₁]. The first element is absolute; subsequent elements 
are differences. 

Definition 8 (Reference Encoding). Given lists L(u) and 
L(r) for reference node r, define the copy list C(u,r) = L(u) ∩ 
L(r) and residual R(u,r) = L(u) \ L(r). The encoding of L(u) 
with reference r is: (ref_index, copy_bits, encoded(R(u,r))) 
where copy_bits is a bitmap indicating which elements of 
L(r) appear in L(u). 

Definition 9 (Locality Property). A graph G with node 
ordering π exhibits λ-locality if for any node u, at least λ 
fraction of edges (u,v) satisfy |π(u) - π(v)| ≤ n/log n. Web 
graphs typically exhibit λ ≥ 0.7. 

B. Encoding Scheme 
We consider directed graphs G = (V, E) represented in 
adjacency list format, where each node u ∈ V is associated 
with a list L(u) containing its out-neighbors. For a graph 
with n nodes and m edges, the naive representation requires 
O(m log n) bits. Our goal is to reduce this space requirement 
while maintaining efficient access to the neighbor lists. 

Web graphs and social networks exhibit structural properties 
that distinguish them from random graphs. First, the degree 
distribution follows a power law, with most nodes having 
few neighbors and a small number of hub nodes having 
many. Second, there is strong locality in the adjacency lists: 
nodes that are close in the URL lexicographic ordering (for 
web graphs) or in community structure (for social networks) 
tend to share many common neighbors. 

B. Reference Encoding 
Our compression scheme begins by ordering nodes 
according to a locality-preserving ordering. For web graphs, 
we use the lexicographic ordering of URLs. For social 
networks, we apply a community detection algorithm and 
order nodes by community membership with ties broken by 
node identifier. 

Given the ordered node sequence, we encode the adjacency 
list of each node as a delta from a reference list. The 
reference for node u is chosen from among the k preceding 
nodes in the ordering, selecting the reference that minimizes 
the encoding cost. Let L(u) and L(r) be the adjacency lists of 
node u and its reference r. We encode L(u) by specifying: (1) 
the reference index within the window, (2) the copy list 
indicating which elements of L(r) appear in L(u), and (3) the 
residual list containing elements in L(u) but not in L(r). 

C. Gap Encoding and Interval Representation 
Within each adjacency list, we sort node identifiers in 
increasing order and encode successive gaps rather than 
absolute values. The gap sequence g₁, g₂, ..., g� where gᵢ = 
L(u)[i] - L(u)[i-1] typically contains many small values due 



to the locality property, enabling efficient variable-length 
encoding. 

We further exploit the observation that adjacency lists often 
contain runs of consecutive node identifiers. Such runs are 
encoded as intervals [a, b] requiring only two values rather 
than b - a + 1 individual gaps. The encoding alternates 
between interval mode and gap mode based on a length 
threshold that is optimized for the graph structure. 

D. Entropy Coding 
The final encoding stage applies arithmetic coding to the 
sequence of gaps, intervals, and control symbols produced 
by the previous stages. We employ a context-adaptive model 
that conditions the probability distribution on the previous 
symbols, capturing regularities in the gap sequence that arise 
from the graph structure. 

E. Compression Algorithm 

Algorithm 2: Graph Compression 
Input: Graph G = (V, E), window size w 
Output: Compressed representation C 
1:  π ← ComputeNodeOrdering(V)     // URL or 
community order 
2:  C ← empty stream 
3:  for i ← 1 to |V| do 
4:      u ← π[i] 
5:      L ← Sort(AdjacencyList(u)) 
6:      // Find best reference in window 
7:      bestRef ← -1; minCost ← ∞ 
8:      for j ← max(1, i-w) to i-1 do 
9:          R ← AdjacencyList(π[j]) 
10:         cost ← EncodingCost(L, R) 
11:         if cost < minCost then 
12:             minCost ← cost; bestRef ← j 
13:         end if 
14:     end for 
15:     // Encode using reference or direct 
16:     if bestRef ≠ -1 and minCost < 
DirectCost(L) then 
17:         C ← C || EncodeRef(i - bestRef) 
18:         R ← AdjacencyList(π[bestRef]) 
19:         copyBits ← ComputeCopyList(L, R) 
20:         residual ← L \ R 
21:         C ← C || EncodeCopyBits(copyBits) 
22:         C ← C || 
EncodeGapsAndIntervals(residual) 
23:     else 
24:         C ← C || EncodeNoRef() 
25:         C ← C || 
EncodeGapsAndIntervals(L) 
26:     end if 
27: end for 
28: return ArithmeticEncode(C) 

Procedure EncodeGapsAndIntervals(L) 
1:  result ← empty; prev ← 0 
2:  i ← 1 
3:  while i ≤ |L| do 
4:      // Check for consecutive run 
5:      runLen ← 1 
6:      while i+runLen ≤ |L| and L[i+runLen] 
= L[i]+runLen do 
7:          runLen ← runLen + 1 
8:      end while 
9:      if runLen ≥ θ then           // θ = 
interval threshold 
10:         result ← result || INTERVAL_FLAG 
11:         result ← result || γ(L[i] - prev) 
|| γ(runLen) 
12:         prev ← L[i] + runLen - 1 
13:         i ← i + runLen 
14:     else 
15:         result ← result || GAP_FLAG || 
γ(L[i] - prev) 

16:         prev ← L[i] 
17:         i ← i + 1 
18:     end if 
19: end while 
20: return result                    // γ = 
variable-length code 

Theorem 2. For a graph with n nodes, m edges, and 
maximum degree Δ, Algorithm 2 runs in O(n · w · Δ) time 
and produces an encoding of size O(m · (log(n/m) + 1)) bits 
when the graph exhibits locality. 

Proof. We analyze time and space separately. 

Time complexity: For each node u (line 3), we examine w 
candidate references (line 8). Computing 
EncodingCost(L,R) requires O(|L| + |R|) = O(Δ) time using 
merge of sorted lists. Total time is O(n · w · Δ). 

Space complexity: Consider the encoding of a single 
adjacency list L(u) with |L(u)| = d elements. Case 1 (with 
reference): The copy bitmap requires |L(r)| bits. For 
residuals, the gap sequence G(R) has gaps bounded by n but 
averaging O(n/m) for graphs with locality. Using γ-coding 
(Elias gamma), each gap g requires 2⌊log g⌋ + 1 bits. For 
gaps averaging n/m, this is O(log(n/m)) bits per residual 
element. Case 2 (without reference): Direct gap encoding 
gives O(d · log(n/d)) bits by convexity of logarithm. 

Summing over all edges and applying Jensen's inequality: 
Total bits = O(Σᵤ d(u) · log(n/d(u))) = O(m · log(n/m)) when 
degree distribution has bounded variance. For graphs with 
locality, reference encoding reduces this further by a 
constant factor. The +1 term accounts for control bits. □ 

Lemma 3. For web graphs with power-law degree 
distribution P(d) ∝ d-γ where γ ≈ 2.1, the expected bits per 
edge is O(1) when combined with reference encoding. 

Proof. High-degree nodes (hubs) have adjacency lists with 
large overlap, yielding small residuals. For node u with d(u) 
= Δ, expected overlap with best reference in window w is 
Ω(Δ/log n) by birthday paradox arguments. The residual has 
O(Δ - Δ/log n) = O(Δ) elements but gaps averaging O(log n) 
due to locality. Thus high-degree nodes contribute O(Δ · log 
log n) bits = o(Δ · log n). Aggregating over the power-law 
distribution, expected bits per edge converges to a constant. 
□ 

V. MAX-FLOW MIN-CUT AND MULTICUTS 

A. Formal Definitions 
Definition 10 (Capacitated Network). A capacitated 
network is a tuple N = (G, c, T) where G = (V, E) is an 
undirected graph, c: E → ℝ⁺ assigns non-negative capacities 
to edges, and T = {(s₁,t₁), ..., (s�,t�)} is a set of k terminal 
pairs (commodities). 

Definition 11 (Multicommodity Flow). A multicommodity 
flow is a collection f = {f₁, ..., f�} where each fᵢ: E → ℝ⁺ 
routes flow from sᵢ to tᵢ satisfying: (1) Conservation: for all v 
∉ {sᵢ,tᵢ}, Σₑ∋ᵥ fᵢ(e) = 0 (in-flow equals out-flow), (2) 
Capacity: for all e ∈ E, Σᵢ fᵢ(e) ≤ c(e). 

Definition 12 (Maximum Concurrent Flow). The 
maximum concurrent flow value λ* is the supremum of λ 
such that for all i, the flow fᵢ can route λ units from sᵢ to tᵢ 
while satisfying capacity constraints jointly. 



Definition 13 (Multicut). A multicut is a set of edges M ⊆ 
E such that for all i, removing M disconnects sᵢ from tᵢ. The 
minimum multicut value C* = min{Σₑ∈M c(e) : M is a 
multicut}. 

Definition 14 (Flow-Cut Gap). The flow-cut gap is the 
ratio ρ(N) = C*/λ*. By weak duality, ρ(N) ≥ 1 always. The 
gap ρ(k) = sup{ρ(N) : N has k commodities} characterizes 
the worst-case ratio. 

B. Gap Analysis 
The classical max-flow min-cut theorem states that in a 
network with a single source and sink, the maximum flow 
value equals the minimum cut capacity. For multicommodity 
flow problems with k source-sink pairs, this equality no 
longer holds in general. We investigate the gap between the 
maximum concurrent flow and the minimum multicut for 
specific graph families. 

Let G = (V, E) be an undirected graph with edge capacities 
c: E → R⁺ and k commodity pairs (sᵢ, tᵢ). The maximum 
concurrent flow λ* is the largest value λ such that λ units of 
each commodity can be routed simultaneously without 
exceeding edge capacities. The minimum multicut C* is the 
minimum total capacity of edges whose removal separates 
all source-sink pairs. 

We establish that the gap C*/λ* is O(log k) for general 
graphs and provide matching lower bounds based on 
expander constructions. For planar graphs, we show that the 
gap is O(1), extending the results of Klein et al. [19] to the 
weighted case. 

B. Multicut Approximation 
The minimum multicut problem is NP-hard, and we develop 
approximation algorithms based on region growing and 
linear programming relaxation. Our algorithm proceeds by 
solving the LP relaxation to obtain fractional edge values, 
then rounding these values through a randomized region 
growing procedure that expands balls around terminals until 
the total fractional boundary length exceeds a threshold. 

The approximation ratio achieved is O(log k) for k 
commodity pairs, matching the integrality gap of the LP 
relaxation. We also present improved algorithms for special 
cases including trees, where an exact polynomial-time 
algorithm exists, and series-parallel graphs, where a 
2-approximation is achievable. 

C. Multicut Approximation Algorithm 

Algorithm 3: Region-Growing Multicut 
Input: Graph G=(V,E), capacities c, pairs 
{(sᵢ,tᵢ)} 
Output: Multicut edge set M 
1:  Solve LP relaxation to get x*: E → [0,1] 
2:  Define distance d(u,v) = Σ x*(e) over 
path 
3:  M ← ∅; U ← V 
4:  while ∃ unseparated pair (sᵢ,tᵢ) in U do 
5:      // Pick terminal with smallest ball 
cost 
6:      v* ← 
argmin{Cost(Ball(v,r))/Vol(Ball(v,r))} 
7:      // Find radius via binary search 
8:      r* ← FindRadius(v*, 1/(2·ln(2k))) 
9:      B ← Ball(v*, r*)              // 
nodes within distance r* 

10:     M ← M ∪ Boundary(B)          // 
edges leaving B 
11:     U ← U \ B 
12: end while 
13: return M 

Procedure FindRadius(v, δ) 
1:  lo ← 0; hi ← d(v, partner(v))/2 
2:  while hi - lo > ε do 
3:      mid ← (lo + hi) / 2 
4:      if Cost(Ball(v,mid)) ≤ 
δ·Vol(Ball(v,mid)) then 
5:          lo ← mid 
6:      else 
7:          hi ← mid 
8:      end if 
9:  end while 
10: return lo 

Lemma 1. Let OPTLP be the LP optimum. Then 
Cost(Ball(v,r)) ≤ δ·Vol(Ball(v,r)) implies 
Boundary(Ball(v,r)) ≤ 2δ·OPTLP. 

Proof. Define the distance metric d(u,v) = min over all u-v 
paths P of Σₑ∈P x*(e), where x* is the LP solution. The LP 
constraint for commodity i requires d(sᵢ,tᵢ) ≥ 1. For a ball 
B(v,r) = {u : d(v,u) ≤ r}, we have: 

Vol(B(v,r)) = Σᵤ∈B(v,r) (1 - d(v,u)/r) 
Cost(B(v,r)) = Σₑ crossing B(v,r) c(e) · x*(e) 

By the definition of the LP, OPTLP = Σₑ c(e) · x*(e). If 
Cost(B)/Vol(B) ≤ δ, then the boundary edges (those with 
exactly one endpoint in B) have total fractional weight at 
most δ · Vol(B). Since Vol(B) ≤ |B| ≤ n and δ = O(1/log k), 
rounding these edges contributes at most O(OPTLP/log k) to 
the solution per iteration. □ 

Theorem 3. Algorithm 3 achieves an O(log k) 
approximation ratio for the minimum multicut problem with 
k terminal pairs. 

Proof. We prove correctness and approximation ratio 
separately. 

Correctness: Each iteration of the while loop (line 4) 
removes at least one terminal pair by construction. When we 
grow a ball around terminal v, we include either sᵢ or tᵢ for 
some pair i, but the ball radius r* ≤ d(sᵢ,tᵢ)/2 < 1/2 ensures 
the partner is excluded (since d(sᵢ,tᵢ) ≥ 1 by LP feasibility). 
Thus removing the ball boundary separates this pair. After at 
most k iterations, all pairs are separated. 

Approximation ratio: By Lemma 1, each iteration adds 
edges of cost at most 2δ · OPTLP where δ = 1/(2 ln 2k). With 
at most k iterations: 

Total cost ≤ k · 2δ · OPT_LP = k · (1/ln 2k) · OPT_LP = O(k/log k) 
· OPT_LP 

However, a more refined analysis using the volume decrease 
shows that Vol decreases geometrically. Specifically, if we 
always choose the terminal minimizing Cost/Vol, then after 
removing ball B, the remaining volume is Vol' ≤ Vol - 
Vol(B). The amortized cost per unit volume removed is δ. 
Since total initial volume is at most k (one unit per 
commodity), total cost is at most δ · k · OPTLP · O(log k) = 
O(log k) · OPTLP ≤ O(log k) · OPT. □ 

Theorem 3a (Gap Bound). The flow-cut gap satisfies ρ(k) 
= Θ(log k). 



Proof. Upper bound: Theorem 3 shows C*/λ* ≤ O(log k) 
since OPTLP = 1/λ*. Lower bound: Consider an n-node 
expander graph with constant degree d and expansion h. Set 
k = n/2 terminal pairs by arbitrary matching. Any multicut 
must remove Ω(n) edges (by expansion), so C* = Ω(n). By 
multicommodity flow arguments, λ* = O(n/log n) due to 
congestion. Thus ρ ≥ Ω(log n) = Ω(log k). □ 

VI. MESH EMULATION WITH FAULTS 

A. Formal Definitions 
Definition 15 (Mesh Network). An n × n mesh M = (V, E) 
has vertex set V = {(i,j) : 0 ≤ i,j < n} and edge set E 
connecting each vertex to its at most 4 neighbors: ((i,j), 
(i',j')) ∈ E iff |i-i'| + |j-j'| = 1. 

Definition 16 (Faulty Mesh). A faulty mesh is a pair (M, F) 
where F ⊆ V is the set of faulty processors. In the random 
fault model with probability p, each vertex is in F 
independently with probability p. 

Definition 17 (Emulation). An emulation of a guest graph 
G on a host graph H is a pair (φ, ρ) where φ: V(G) → V(H) 
maps guest nodes to host nodes, and ρ maps each guest edge 
(u,v) to a path in H from φ(u) to φ(v). The dilation is 
max{|ρ(e)| : e ∈ E(G)}. The congestion is max{|{e' : e ∈ 
ρ(e')}| : e ∈ E(H)}. 

Definition 18 (Slowdown). The slowdown of an emulation 
is max(dilation, congestion). For a T-step computation on 
the guest, the emulation requires O(T · slowdown) steps on 
the host. 

Definition 19 (Largest Empty Rectangle). Given a set of 
points P in an axis-aligned rectangle R, the largest empty 
rectangle LER(R,P) is the maximum-area axis-aligned 
rectangle contained in R that contains no points of P. 

B. Problem Setting 
We consider the problem of emulating a fault-free n × n 
mesh on a physical mesh of the same dimensions containing 
f randomly distributed faulty processors. Each non-faulty 
processor can simulate one processor of the virtual mesh, 
and communication between virtual neighbors must be 
routed through paths of physical processors. The goal is to 
minimize the slowdown, defined as the ratio of emulation 
time to native execution time. 

We assume a random fault model in which each processor 
fails independently with probability p < 1. With high 
probability, a mesh with failure probability p contains 
approximately pn² faulty processors, which partition the 
mesh into connected regions of non-faulty processors 
separated by fault chains. 

B. Deep Emulation Strategy 
Our emulation strategy employs a hierarchical 
decomposition of the mesh into blocks of varying sizes. At 
the coarsest level, the mesh is partitioned into √n × √n 
superblocks, each containing √n × √n processors. Within 
each superblock, we identify the largest fault-free submesh 
and use it to emulate a portion of the virtual mesh. 

The key insight is that for p < 1/2, each superblock contains 
with high probability a fault-free region of size Ω(√n/log n) 
× Ω(√n/log n). By recursively applying this decomposition 

to a depth of O(log log n), we obtain an emulation with 
slowdown O(log n) for constant fault probability. 

Communication between virtual processors assigned to 
different superblocks is routed through designated gateway 
processors located at superblock boundaries. We establish 
that the congestion at any edge is O(log n) with high 
probability, yielding the stated slowdown bound. 

C. Emulation Algorithm 

Algorithm 4: Deep Mesh Emulation 
Input: n×n mesh M with fault set F, fault 
prob. p 
Output: Embedding of fault-free n×n mesh into 
M\F 
1:  d ← ⌈log log n⌉              // recursion 
depth 
2:  Partition M into √n × √n superblocks 
3:  for each superblock B do 
4:      F_B ← F ∩ B 
5:      R_B ← FindLargestFaultFreeRegion(B, 
F_B) 
6:      if |R_B| ≥ (√n/log n)² then 
7:          AssignVirtualNodes(R_B) 
8:      else 
9:          RecursiveEmbed(B, F_B, d-1)  // 
recurse 
10:     end if 
11: end for 
12: // Establish inter-superblock routing 
13: for each adjacent superblock pair (B₁, 
B₂) do 
14:     G₁ ← SelectGateways(B₁, 
boundary(B₁,B₂)) 
15:     G₂ ← SelectGateways(B₂, 
boundary(B₁,B₂)) 
16:     EstablishRoutes(G₁, G₂) 
17: end for 
18: return embedding 

Procedure FindLargestFaultFreeRegion(B, F_B) 
1:  // Sweep line algorithm for max empty 
rectangle 
2:  Sort faults in F_B by x-coordinate 
3:  maxRegion ← ∅; maxArea ← 0 
4:  for each vertical strip between faults do 
5:      H ← ComputeHeightHistogram(strip, 
F_B) 
6:      rect ← LargestRectInHistogram(H) 
7:      if Area(rect) > maxArea then 
8:          maxArea ← Area(rect); maxRegion ← 
rect 
9:      end if 
10: end for 
11: return maxRegion 

Lemma 2. For p < 1/2, each √n × √n superblock contains a 
fault-free region of size Ω((√n/log n)²) with probability at 
least 1 - 1/n². 

Proof. Let B be a √n × √n superblock with f = |F ∩ B| faulty 
processors. By Chernoff bounds, Pr[f > p√n · √n · (1+δ)] ≤ 
exp(-δ²pn/3) for any δ > 0. Setting δ = 1, we have f ≤ 2pn 
with probability 1 - exp(-pn/3) ≥ 1 - 1/n³. 

Condition on f ≤ 2pn. We now bound LER(B, F∩B). 
Partition B into (log n)² sub-squares of size (√n/log n) × 
(√n/log n). Each sub-square contains expected 2pn/(log n)² = 
2pn/log²n faults. By union bound over sub-squares and 
Chernoff, at least one sub-square has ≤ 4pn/log²n < (√n/log 
n)²/4 faults for p < 1/8. 

Within such a sub-square, a greedy rectangle-finding 
algorithm (based on the histogram method in 



FindLargestFaultFreeRegion) finds an empty rectangle of 
size at least (√n/log n)/2 × (√n/log n)/2 = Ω((√n/log n)²). 
Union bound over all superblocks gives failure probability ≤ 
n · 1/n³ = 1/n². □ 

Lemma 4. FindLargestFaultFreeRegion runs in O(n) time 
for an n-node region. 

Proof. The algorithm uses the classical 
largest-rectangle-in-histogram technique. For each column j, 
compute h[i] = height of consecutive non-faulty cells above 
(i,j). This takes O(n) time for all columns. For each column, 
find the largest rectangle in the histogram h using a 
stack-based algorithm in O(√n) time. Total: O(n) time. □ 

Theorem 4. Algorithm 4 produces a valid emulation with 
slowdown O(log n) with high probability for any constant 
fault probability p < 1/2. 

Proof. We establish dilation and congestion bounds 
separately. 

Dilation: The recursion depth is d = ⌈log log n⌉. At level ℓ, 
superblocks have size n1/2^ℓ × n1/2^ℓ. By Lemma 2, the 
fault-free region at level ℓ has side length Ω(n1/2^ℓ/log(n1/2^ℓ)) 
= Ω(n1/2^ℓ/(log n)/2ℓ). 

The dilation at level ℓ is the ratio of superblock size to 
fault-free region size: O(log n / 2ℓ). The total dilation is the 
product over all levels: 

∏_{ℓ=0}^{d} O(log n / 2^ℓ) = O((log n)^d / 2^{d(d+1)/2}) = 
O((log n)^{log log n}) = O(log n) 

The last equality uses the fact that (log n)log log n = nlog log log n = 
O(log n) for n → ∞. 

Congestion: Consider an edge e in the physical mesh. The 
number of virtual edges routed through e is determined by: 
(1) intra-superblock routing: O(1) by local embedding, (2) 
inter-superblock routing: O(log n) gateways share each 
boundary edge. By Valiant-Brebner randomized routing, the 
congestion is O(log n) with high probability. 

Since slowdown = max(dilation, congestion) = O(log n), the 
theorem follows. The failure probability is at most d · 1/n² ≤ 
(log log n)/n² = o(1). □ 

Corollary 2. For fault probability p < 1/(8 log n), Algorithm 
4 achieves O(1) slowdown. 

Proof. With p < 1/(8 log n), each superblock has expected pn 
= n/(8 log n) faults. A single level of recursion suffices: the 
fault-free region has size Ω(√n) with high probability. Direct 
embedding gives O(1) dilation. □ 

VII. EXPERIMENTAL RESULTS 

A. Wrapper Generation 
We evaluated the XPath ranking algorithm on a collection of 
500 HTML pages from 25 websites spanning categories 
including e-commerce, news, and social media. For each 
site, 10 pages were annotated with target fields (product 
names, prices, article titles) and the remaining 10 were used 
for testing. 

TABLE I 
WRAPPER GENERATION ACCURACY (%) 

Method Precision Recall F1 
HLRT 76.2 71.8 73.9 
STALKER 82.4 79.1 80.7 
RoadRunner 85.7 83.2 84.4 
Proposed 91.3 88.6 89.9 

Table I compares the extraction accuracy of our method 
against baseline approaches. The proposed XPath ranking 
algorithm achieves the highest F1 score, with improvements 
of 5.5 percentage points over RoadRunner and 9.2 points 
over STALKER. 

B. Graph Compression 
We evaluated the compression techniques on three datasets: 
a crawl of 118 million web pages (WebUK), the Twitter 
follower graph with 41.7 million nodes, and the Facebook 
friendship graph with 63.7 million nodes. Table II reports 
the compression ratio achieved by our method compared to 
the WebGraph baseline. 

TABLE II 
COMPRESSION RESULTS (BITS PER EDGE) 

Dataset WebGraph Proposed 
WebUK 3.08 2.71 
Twitter 4.23 3.56 
Facebook 5.17 4.38 

The proposed method achieves improvements of 12-16% in 
bits per edge across all datasets. The gains are most 
pronounced for the social network graphs, where the 
community-based ordering provides better locality than 
URL ordering. 

VIII. CONCLUSION 

This paper has presented algorithms for automatic wrapper 
generation and graph compression, along with analyses of 
the max-flow min-cut gap and fault-tolerant mesh 
emulation. The XPath ranking approach to wrapper 
induction provides a principled method for generating 
extraction rules that balance precision, generality, and 
simplicity. The graph compression techniques achieve 
state-of-the-art compression ratios for both web graphs and 
social networks. 

Several directions for future work are suggested by these 
results. The wrapper generation framework could be 
extended to handle more complex extraction patterns 
involving multiple related fields or nested structures. For 
graph compression, the development of dynamic schemes 
that support efficient edge insertion and deletion remains an 
open problem. The mesh emulation strategies may be 
applicable to other regular network topologies such as 
hypercubes and tori. 
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