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Abstract. The Murp-based Hopper tool is a general purpose explicit model
checker. Hopper leverages Mpis class structure to implement new algorithms.
Hopper differs from Mugp in that it includes in its distribution published parallel

and disk based algorithms, as well as several new algorithms. For example, Hop-
per includes parallel dynamic partitioning, cooperative parallel search for LTL
violations and property-based guided search (parallel or sequential). We discuss
Hopper in general and present a recently implemented randomized guided search
algorithm. In multiple parallel guided searches, randomization increases the ex-
pected average time to find an error but decreases the expected minimum time to
find an error.

The Hoppet tool leverages the Myrarchitecture to implement parallel, disk-based
and heuristic model checking algorithms. The common theme in the algorithms imple-
mented in Hopper is that they do not use abstraction. Instead, Hopper explores funda-
mental algorithms for reducing time and space capacity limitations in state generation
and storage. Our intention is that algorithms implemented in Hopper can be combined
with well-known abstraction techniques. The algorithms studied in Hopper are generic
enough to be implemented in any state enumeration context—including software model
checking. The current release of Hopper contains parallel and disk based algorithms
published by Dill and Stern [1, 2] and heuristic search using the heuristic proposed by
Edelkamp [3]. Hopper also includes parallel and guided search algorithms developed
by the BYU model checking research group [4—6]. Hopper is a testbed for ideas that
will be incorporated in our forthcoming C/C++ model checker built as an extension of
the GNU debugger (GDB). The Hopper distribution includes a suite of 177 benchmark
verification problems for Mup.

This paper describes the architecture and algorithms implemented in Hopper along
with a new randomized guided algorithm we have recently implemented. Randomiza-
tion increases the variance (and the mean) of the search effort required to find a property
violation. Search effort is measured by the number of transitions taken. In some prob-
lems, increasing the variance (even at the expense of increasing the mean) decreases
the expected minimum number of transitions taken in error discovery using in parallel
searches.

! Named after Edward Hopper (1882-1967), an early realist painter. Neither Hopper the artist
nor Hopper the tool rely on abstraction.



1 Hopper

Hopper is a general purpose explicit state model checker built on the bade base.
Hopper, like Murp, uses aule-basednput language for model descriptions. Although

it is not process based, liktromela or CSP, it is sufficient to describe large complex
transition systems [7]. Hopper adds polymorphism to §sicode base to implement
new algorithms. The design philosophy of Hopper is to minimally alter code in the basic
Mury distribution when adding new functionality through polymorphism. The behavior
of key classes is redefined in a separate code base. This design philosophy treats Mur
as an application programmer interface (API) to prototype new algorithms for empirical
analysis. Hopper does not support Musymmetry reductions in parallel, randomized

or disk based algorithms.

Hopper includes an implementation of the Stern and Dill parallel model checking
algorithm [1] and the disk based algorithm from [2]. The parallel algorithm in Hopper is
implemented wititMPICH1.2.5 for the communication layer and a modified Dijkstra’s
token-based termination detection algoritiviPICHis a freeMPI implementation that
is portable across several different communication fabrics. The modification to Dijk-
stra’s token termination algorithm is required because communication in the parallel al-
gorithm is not limited to a ring topology, as required by Dikjstra’s algorithm. The modi-
fication adds message count information to the token. Termination is detected when the
token travels around the logical ring and both retains the correct color and indicates that
the number of messages sent is equal to the number of messages received. After detec-
tion, termination is completed by passing a poison pill through the ring. The modified
Dijkstra’s token termination algorithm is more reliable than the algorithm based on idle
time used in [1]. The Hopper implementation has been successfully tested and analyzed
on two platforms with 256 processors and different communication fabrics [5].

Hopper also includes a parallel algorithm that uses dynamic partitioning to aggre-
gate memory on multiple computation nodes. The Stern and Dill algorithm uses a static
hash function to distribute known reachable states in the model across computation
nodes. An imbalanced distribution, however, may not efficiently utilize the aggregated
memory since it may prematurely drive a node to its maximum capacity before all
reachable state have been enumerated. The dynamic partition algorithm in Hopper con-
structs the partition function on-the-fly. The Muarchitecture simplifies the use of
either the static or dynamic partitioned hash table when running any given search algo-
rithm.

Hopper includes a visualization toolkit for postmortem analysis of parallel model
checking algorithm behavior through time. This Java based toolkit reads time stamped
entries from Hopper log files. The time series data is then reconstructed and animated.
The default configuration shows, for each computation node, the size of its state queue,
the total number of states in its hash table, the number of states sent, and the number of
states received as dynamic bar charts.

Hopper implements a cooperative parallel search algorithm for finding LTL vio-
lations. The bee-based error exploration (BEE) algorithm is designed to operate in a
non-dedicated parallel computing environment. It does this by employing a decentral-
ized forager allocation scheme exhibited as a social behavior by honeybee colonies.
Forager allocation involves identifying flower patches and allocating foragers to for-



age for resources at the patches. In LTL search, flower patches map to accept states
and foraging maps to finding cycles that contain accept states. The resulting algorithm
searches for accept states, then allocates workstations to forage for cycles beginning at
accept states. A complete presentation and analysis of the BEE algorithm is given in [4]

Hopper implements property-based guided search in either parallel or sequential
modes. The Hopper distribution uses admissible and inadmissible versions of property-
based heuristics given by Edelkamp et. al. in [3]. Hopper also implements a Bayes
heuristic search (BHS) to improve the expected accuracy of estimates treated as ran-
dom variables (i.e., functions that assign a real valued probability between 0 and 1 to
each possible outcome of an event). A probability density function characterizes the
distribution of confidence in the heuristic. If the heuristic is accurate, then most of the
probability is close to the actual distance to the target. The BHS algorithm minimizes
mean squared error in heuristic estimates using an empirical Bayes [8] meta-heuristic.
This is done using sets of sibling states to derive the confidence that should be attributed
to each individual estimate. The confidence level is then used to proportionally revise
the original estimate toward the mean of the sibling estimates. The theoretical and em-
pirical validation of the approach using a Bayesian model is given in [6]. The analysis
shows that the resulting improved heuristic values have smaller total expected mean
squared error.

A model database for empirical testing is a final piece of Hopper. The primary
obstacle to designing and comparing state enumeration algorithms is a lack of perfor-
mance data on standardized benchmarks. This lack of data obscures the merits of new
approaches to state enumeration. Hopper includes a set of 177 benchmark models with
an web portal to add new models and report new benchmark results. The web portal for
the database is locatedtdtp://vv.cs.byu.edu

2 Randomized Guided Search

Randomizing the guided search algorithm intends to improve the decentralized parallel
search for LTL violations. The decentralized parallel searches will cover more of the
search space if they do not all share the same deterministic behavior. Random walk
is a trivial, but surprisingly effective, way to distribute the searches. In terms on the
expected number of states explored before finding an error, randomized guided search
aims to achieve a variance near that of random walk with a mean near that of guided
search.

The guided search is randomized by selecting the next state to expand randomly
from the firstn states in the priority queue. Randomizing next state selection increases
the variance of the expected number of states expanded before finding an error. Suppose
X is arandom variable that represents tluenber of states expanded before reaching
an error in a given model for some amount of randomizationin our experimentsX
follows a normal distribution with a meagmand a variance?. Increasing randomiza-
tion increases both? andyu. Randomization can improve search performance because
the probability of observing a small value &f increases logarithmically in?—if u
remains unchanged.
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Fig. 1. Ratio of minimum value in 100 samples of randomized guided search and best determin-
istic search. A ratio less then one indicates that parallel randomization improved search perfor-
mance.

Unfortunately, randomization of guided search can increase other cases, ran-
domizationdecreaseg. In general, increasing randomization in guided best-first search
drives i toward the number of states expanded by breadth-first search. If breadth-first
search expands fewer states than non-randomized guided search, then randomization
decreases. Otherwise, randomization increages

Taking multiple samples oX logarithmically increases the probability that any one
sample will be less than a given threshold. This produces a logarithmic speedup when
performing independent randomized guided searches in parallel. This is similar to the
amplification of stochastic advantage in a one-sided probabilistic algorithm.

We have implemented the randomized guided search algorithm in Hopper, and we
have conducted a series of experiments to asses the impact of randomization on guided
search using the BHS algorithm. The amount of randomization was controlled by vary-
ing n, the picksetwhich is the number of states in the prefix of the priority queue from
which the next state to expand was chosen. Each search result is computed by observing
the outcomes of 100 trials and taking the outcome with the smallest number of states
expanded. This is done for each model/pickset combination.

We chose five models for which guided search had a wide range of effects. The
effect of heuristic guidance on a search problem can be measured usiggidieel-
speedudGS) which is the BFS transition count divided by the guided search transition
count. The models used in the experiments have GS ratios ranging from 100 (meaning
guided search was 100 times faster) to 0.36 (meaning guided search was almost 3 times
slower). The GS ratios for each model are included later in the legend for Figure 1.
Each model contains at least one violation of its invariant.

Two sets of experiments were conducted: one to determine the effects of random-
ization on the adash1212e model (for which guided search was particularly ineffective)
and one to determine the effects of randomization on the five models. The adash1212e
model was tested with picksets ranging from 2 to 2000 states. As the pickset size in-
creased, the mean number of states expanded decreased. For every pickset size, the



minimum number of states explored by any one node was less than both the determin-
istic BFS and parallel pure random walks.

Each of the 5 models were tested with pickset sizes of 2, 3, 4 and 5. The effect
of randomization on the minimum sample drawn from 100 experiments is shown in
Figure 1. Figure 1 plots the ratio of the number of transitions taken in the minimum
of the 100 samples and the smaller of either the BFS or deterministic guided search. A
ratio less than 1 indicates that randomization lead to faster error discovery.

The series of experiments with adash1212e demonstrate that for models in which
the heuristic performs extremely poorly increasing randomization results in steadily
decreasing search times. For all 5 models, choosing randomly from the first 2 to 4
states in the priority queue gives almost all of the reduction in transition count while
avoiding state explosion. These results taken together suggest that choosing from the
first four states in the priority queue balances randomization and guidance.

3 Conclusion

Hopper is general purpose model checker built on top of theade base. It uses
Mure as an API that provides low-level building blocks for new algorithms. Hopper
includes several published and unpublished algorithms, as well as a visualization tool
and a model database. Recent algorithms in Hopper are a BHS and a parallel random-
ized guided search. Future work for Hopper includes the implementation of novel disk-
based, shared memory and multi-agent search algorithms. Hopper is a testbed for algo-
rithms for increases capacity that can be incorporated into any state enumeration tool,
including SPIN.
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