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Abstract. Transformation-based verificationas been proposed to synergisti-
cally leverage various transformations to successively simplify andnipose
large problems to ones which may be formally discharged. While poletfoh
systems require a fair amount of user sophistication and experimentataid
greatest benefits — every verification problem is different, hence ths eff>-
cient transformation flow differs widely from problem to problem. Findary
efficient proof strategy not only enables exponential reductions irpatetional
resources, it often makes the difference between obtaining a corechesiult or
not. In this paper, we propose the use ofeapert systerto automate this proof
strategy development process. We discuss the types of rules used bypbrt
system, and the type of feedback necessary between the algorithnes@ertl
system, all oriented towards yielding a conclusive result with minimaluess.
Experimental results are provided to demonstrate that such a systete i®ab
automatically discover efficient proof strategies, even on large angleamrob-
lems with more than 100,000 state elements in their respective cones eficdlu
These results also demonstrate numerous types of algorithmic syribafiese
critical to the automation of such complex proofs.

1 Introduction

Despite advances in formal verification technologies ghlemains a large gap between
the size of many industrial design components and the dgpafdully-automated for-
mal tools. General exhaustive algorithms such as symbeblchability analysis [1]
are PSPACE-complete and limited to design slices with &igritly fewer than one
thousand state elements. Overapproximate proof techmisueh as induction [2] are
NP-complete and may be applied to significantly larger desithough are often prone
to inconclusive results in such cases. Consequently, eyéeca of an industrial pro-
cessor execution unit (much less an entire chip) is likelpedoo large for a reliable
application of automatic proof techniques.

Technologies such as bounded model checking (BMC) [3] and-8&mal verifi-
cation [4, 5], which are generally NP-complete, have erdilaiéeraging the bug-finding
power of formal algorithms to much larger designs. Thouglomplete hence gener-
ally unable to provide proofs of correctness, such apptioathave become prevalent
throughout the industry due to their scalability and apitd efficiently flush out most



design flaws. Nevertheless, once such approaches exhausttitity to find bugs, the
end-user is often left debating how many resources to expefmte giving up and
hoping that the lack of falsification ability is as good as aqfr

The concept oftransformation-based verificatiofBV) [6] has been proposed
to synergistically leverage various transformation athons to simplify and decom-
pose large problems into sufficiently small problems thay fmaformally discharged.
Though the complexity of a verification problem is not neaeg$grelated to its size, the
complexity class of the algorithms indicates an exponeniest-case relationship be-
tween these metrics, which is validated by practical exgme. By resource-bounding
any possibly costly BDD- or SAT-based analysis, it is pdssib limit the complexity
of most transformations used in a TBV system to polynomiallevexploiting their
ability to render exponential speedups to the overall \eiion flow [6, 7].

The strength of TBV is based upon the availability of a variet different com-
plementary transformations which are able to successorgfyaway at the verification
problem until it can be handled by a terminal decision procedWe have found that
the power of TBV is often able to yield a proof for large prabewhich otherwise
would be candidates only for falsification techniques. Heevgin cases, achieving such
results requires a fair amount of user sophistication aiattand-error — every verifi-
cation problem is different, hence the most efficient tramsftion flow varies widely
from problem to problem. Given a TBV system with a finite humbg&algorithms,
each with a finite number of discretely-valued parametbesgtare a countably infinite
number of distinct proof strategies that could be attemg&gtting an efficient proof
strategy not only entails exponential reductions in oVeramputational resources, it
often makes the difference between obtaining a conclusiseltror not.

In this paper, we propose the use ofexpert systerto automatically guide the flow
of a transformation-based verification system. We disdussules used by the expert
system to ensure that commonly-useful, low-resourceesfied are explored first, then
gradually more expensive strategies are attempted. Wefband this approach useful
for quickly yielding conclusive results for simpler probie, and efficiently obtain-
ing more costly yet conclusive strategies for more diffiquttblems. We additionally
discuss the type of feedback necessary between the TBVhsystd the expert sys-
tem, needed to enable the expert system to effectively empat with proof strategies.
Lastly, we discuss the learning procedure used by the esgstém to ensure that it
leverages the feedback of previous experimentation irugsgfor the best-tuned proof
strategy for the problem at hand — ultimately seeking a et result. Experimental
results are provided to demonstrate that such a systemastalglutomatically yield
proofs of correctness for large designs (with more than(@Dstate elements in the
cone of influence) by maximally exploiting the synergy of ttensformation and veri-
fication algorithms within the system against the problemesrconsideration.

Mechanizing the application of proof strategies is not a nencept; it is an essen-
tial component of most general-purpose theorem provegs,OL [8], PVS [9], and
ACL2 [10]. However, the presented TBV approach is well-tlifier the verification
of safety properties of hardware designs, incorporatingenous specialized transfor-
mations that are applicable to large systems. Finding a gobdduling and parameter
setting for these transformations is non-trivial, thougly to full automation.



2 Netlists: Syntax and Semantics

A netlistis a tuple((V, E'), G, Z,T) comprising a directed graph with verticsand
edgesk C V x V. FunctionG : V — types represents a semantic mapping from
vertices to gateéypes, including constants, primary inputs (i.e., nondeterstinibits),
registers (denoted as the &t and combinational gates with various functions. Func-
tion Z : R — V is the initial value mappind (v) of each registep; note that this
modeling allows symbolic initial values. Tlsemantics of a netlistre defined in terms
of semantic tracegl, 1 valuations to gates over time which are consistent @ith

Our verification problem is represented entirely as a rietlisd consists of a set of
targetsT' C V correlating to a set of properties=(—t), vt € T. We say that targetis
hittableif it evaluates tol along some trace, and thiais unreachabldf no trace may
hit ¢. We thus assume that the netlist is a composition ofige@gn under verificatign
its environmen{encodingnput assumptionsand itsproperty automata

In our experiments, we map all designs onto a netlist reptaien containing only
“constant zero” gates, two-input AND gates, inverters, aggisters, using straight-
forward logic synthesis techniques. Because invertersheagpresented implicitly as
edge attributes in the netlist representation [12], wessstee result of various trans-
formation flows in terms only of register count, input cowarid AND gate count.

3 Transformation-Based Verification

Transformation-based verificatiowas proposed in [6] as a framework wherein one
may synergistically leverage the power of various tramsfition algorithms to itera-
tively simplify and decompose complex problems until thegdime tractable for auto-
mated formal verification. All algorithms are encapsulasdngineseach interfacing
via a common modular API. Each engine receives a verificgtioblem represented as
a netlist, then performs some processing on that probleim.pfbcessing could include
an attempt to solve the problem (e.g., with a bounded modstkihg or reachability
engine) or it could include an attempt to simplify or decosgdthe verification prob-
lem using a transformation (e.g. with a retiming or redurayaremoval engine). In the
latter case, unless the transformation itself solves thblpm, it is generally desirable
to pass the simplified problem to another engine to furthecgss that problem. Note
that the problem transmitted by an engine is generally rattidal to the one received.
Instead, as the problem flows from one engine to anotherjtiriatively transformed
into a simpler problem. As verification results are obtainadhe simplified problem,
those results propagate through the sequence of engines apposite order in which
the netlist was transmitted, with each transformation eagindoing the effects of the
transformations it performed to present its parent engiitle k@sults that are consis-
tent with the netlist that parent transmitted. A particutetance of a TBV system is
depicted in Figure 1.

The most useful verification and falsification engines are tdi*SPACE-complete.
In contrast, the applied transformations either requilg palynomial resources or are

! Due to the ability to synthesize safety properties into automata [11], this intatieecking
model is rarely a practical limitation.
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Fig. 1: Example flow of a transformation-based verification system

applied in a resource-constrained manner. They may ukimetduce problem size by
orders of magnitude compared to the initial size (even af@mple cone-of-influence
reduction and constant propagations). We have found tlaintipact of such trans-
formations on high-performance gigahertz-class desgpatiiticularly pronounced, ef-
fectively automaticallyundoingmany of the commonly employed high-performance
microarchitecture and design techniques such as pipglenmd addition of redundant
logic to minimize propagation delays (e.qg., replicatingakiup queue in two places in
the circuit), which otherwise make the verification task afieen design component
more difficult from one design generation to the next. A wetied transformation flow
can therefore solve a problem with exponentially lessermgational resources than
another flow, and even enable a conclusive result whichwikemwould be infeasible.

3.1 Example Transformation Algorithms

In this section we introduce the transformation and vetificeengines used in our ex-
periments. Recall that we measure netlist size in termsgi$ter count, input count,
and AND gate count. Each transformation implicitly perfgrencone-of-influence re-
duction, hence may reduce all three metrics — though manicékpattempt to reduce

only one or two metrics, and may increase the others. Nursagptions are available
for each of these engines to bound resources and specifyithfgec parameters.

— COM: aredundancy removal engine, which attempts to mergeituraity equiva-
lent gates. This engine uses both on-the-fly compressitmigaees as the netlist is
received (such as exploitation of an associative hashiatin®to preclude the cre-
ation of redundant AND gates), as well as combinational sgimpost-processing



techniques such as resource-bounded BDD- and SAT-basbaiar(@hich other-
wise are NP-complete) to identify functionally redundaatas [12]. This engine is
guaranteed not to increase any of the three size metrics.

— EQV: another redundancy removal engine, similar to that preg@s[13]. This en-
gine uses a variety of heuristics (such as symbolic sinarigtoguesgedundancy
candidates, then uses an induction-based approach to pnoveubsequently ex-
ploit that redundancy. Its reductions have the potentift@xceed those possible
with COM and eliminate every redundant gate in the netlist; howaweschieve
such exact reductions, the approach is PSPACE-complaieettdten lossy short-
cuts must be accepted which trade reduction potential fotimae gains. This en-
gine is guaranteed not to increase any of the three sizeasetri

— RET: a min-area retiming engine [6, 14], which attempts to redine number of
registers in the netlist by shifting them across combimatigates. This approach is
guaranteed not to increase register count, but in calonlafi retimed initial values
via structural symbolic simulation, it may increase thesottivo metrics.

— BIG: a structural target-enlargement engine [15], which regdaa target by the
characteristic function of the set of states which may tat target withink time-
steps, simplified with respect to the set of states which nitathat target in fewer
thank time-stepsBIG is guaranteed not to increase register count nor input count
but may increase AND gate count.

— CUT: arange-preserving parametric-reencoding engine [7yillith replaces the
fanin-side of acutof the netlist graph with a trace-equivalent, yet simplécp of
logic. CUT is guaranteed not to increase input count nor register coumtmay
increase AND gate count.

— LOC: a localization engine, which isolates a cut of the netlistl to the targets
by replacing internal gates by inputs. This is similar to fltecessing ofCUT,
though in contrast. OC doesnot preserve the range of the cut. This is the only
transformation used in our experiments which is not botmdoand complete —
proofs of correctness on the localized design are validHerunlocalized design,
but counterexamples may be spurious (hence may need to peesapd). To help
guide the cut-selection process, the engine uses a ligightv8 AT-based refine-
ment scheme [17] to include only that logic which is deemeckersaryL OC is
guaranteed not to increase register count nor AND gate count

— RCH: an MLP-based symbolic reachability engine [18]. It is a erahpurpose
proof-capable engine, though PSPACE-complete.

— SCH: a semi-formal search engine [4,5], which interleaves oamcgimulation
(to identify deep interesting states), symbolic simulation (using eith®IB or
a structural SAT solver [12]) to branch out from states esgdoduring random
simulation, and induction to attempt low-resource prodfgroeachability.

4 Tuning TBV Proof Strategies

Arriving at a well-tuned TBV engine flow with minimal efforsia nontrivial task for
several reasons. The first is due to the number of possibté pti@tegies; given a sys-
tem withk distinct engines, there exikt possible distinct engine sequences of lerigth



Some engines are significantly more resource-intensivedtiers. It is therefore rarely
an effective strategy to exhaustively attempt all posstbigine flows of a certain depth.
Instead, one will often wish to resort to a heuristic apphoatpartially exploring the
treeof possible engine flows beginning with lower-cost, oftdfective flows. One will
then analyze their effectiveness upon the correspondioblgm (e.g., their achieved
reduction) to decide what to attempt next — whether to puasyeending further trans-
formations onto the end of some of those already-exploredsflor to try some new,
possibly more expensive flows in the quest for obtaining eclemive result. Viewed
another way, the user prioritizes among each node of th@mgbtree based upon the
size of the problem at that node and the suspected redudaitential beyond that node
(e.g., if a deeper transformation flow is attempted beyoatinbde), and systematically
chooses promising nodes from which to further experiment.

The second difficulty is due to the irreversibility of certafansformations. Several
verification-oriented transformations — particularly epppmate ones such as localiza-
tion — alter the netlist in a manner which may not be readilersible? Thus, apply-
ing transformationsA then B may yield a different netlist than applying then A,
and performing a certain transformation may destroy thétald subsequently solve
the problem without backtracking out of that transformati®his precludes a simple
depth-first search from being an effective proof strategme degree of branching and
bounding must be performed. To compound this problem, Ir¢icat there are three
netlist size metrics that we consider; many transformati@auce one or two of these,
and may substantially increase the others. Different @lyos are more sensitive to
some of these metrics than others — e.g., symbolic readyadnilalysis is highly sen-
sitive to register count whereas structural SAT solversnamee sensitive to AND gate
count. This overall makes it difficult to rate the effectiess of a given transformation.

Given the amount of experimentation necessary to solve merification prob-
lems, there exists a strong motivation to attempt to auterttas overall process. This
automation may save considerable manual effort for exgents,l furthermore enabling
a much faster time to a conclusive result due to the abilitputomatically explore
proof strategies in parallel. Additionally, it enables ew@sual users (for example, a
logic designer who is not versed in formal methods) to obtesults that otherwise
would not be obtainable, at least until the problem is tramefl to an expert user of the
tool. Finally, an automated process may well be able to &ffely learn strategies and
algorithmic synergies that may otherwise go unexplored &yean expert user.

5 Automating TBV Proof Strategies via an Expert System

In this section, we describe how to fully automate the preagsobtaining efficient
proof strategies with a TBV system. The overall architezinfrthis automated system

is depicted in Figure 2. At the center of this system is the T®¥é itself. Problems are
imported into the TBV system, and the results are reportadeUser Interface The
verification process itself is controlled via tReoof Strategy Interfacevhich includes

the Engine Control Interfacéhrough which the engine selection process is performed,

2 The process ofeversing a transformatiois often emulated by removing the corresponding
engine from a given transformation flow.
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Fig. 2: Integration of an expert system with a TBV system

and theEngine Feedback Interfadbrough which feedback is reported to indicate how
well the various engines are performing upon the activelprob

An example run of the TBV system is depicted in Figure 2. Thabfam is first
processed using the proof strategy of engine EO, then Bl EBeeach selected via the
Engine Control InterfaceNext, assume that, based upon Bemdbackeceived from
these engines, the controller of the verification proceshes to attempt a different
proof strategy. The controller will thus preclude attemgtto further transform the
problem after E2, and instead instruct the TBV system to ffesgansformed problem
from EO to a new engine flow beginning with E3.

The control of the TBV process is traditionally carried oytrbinning pre-packaged
strategies, which is limited in that a conclusive strateglyd hard problem may not
be previously known. Alternatively, it may be put under tloatol of a user who will
wish to manually tune the flow based upegedbaclkprovided by the system, using the
heuristic experimentation process described in Sectiofochieve full automation
of the verification process while retaining the ability tgpeximent to yield conclusive
results on difficult problems, we propose to eliminate thedhior user interaction by
attaching arexpert systerto theProof Strategy Interface

5.1 Expert Systems

Feigenbaum [19] defined an expert system as “an intelligentpaiter program that
uses knowledge and inference procedures to solve problenhare difficult enough to
require significant human expertise for their solution.pExr systems are often used to
solve complex problems with ill-defined domains for whichaigorithmic solution is
known or which belong to an intractable class of problemst{sas NP- or PSPACE-

31t is an implementation-specific detail as to whether the TBV system will retairbtanch
containing engines E1 and E2 in scope. Retaining engines outside of the pidf path
increases overall resource consumption, though facilitates sulrgezperimentation along
those prior branches without needing to re-run those flows. Note alsdhiaxploration
of distinct branches may be performed by multiple machines operatingradlg@l, possibly
transferringsnapshot®f the transformed netlist.



complete). Countless distinct types of expert system eaiitins have been proposed
over the past decades.
The three main architectural components of an expert syaterthe following.

— Theknowledge basevhich contains the domain-specific knowledge used to solve
problems. This knowledge can be elicited from human expertis can be learned
by the system itself. Knowledge is often represented in timen fof rules which
govern the solution strategies employed by the expert syste

— Theworking memorywhich refers to task-specific data for the problem under con
sideration. The working memory is the data that is read arittienrto as the expert
system attempts to solve the problem.

— Theinference enginewhich contains the algorithms used to leverage the rules in
the knowledge base in order to solve problems. Once the latlgel base is built
and the task-specific data is read into the working memoeyiriference engine
will start evaluating rules to attempt to solve the problem.

5.2 Expert System Implementation

In this section we describe how to implement an expert systerderiving effective
proof strategies for a TBV system. Figure 3 depicts the héyle} experimentation al-
gorithm. As the expert system experiments with the problachgartially explores the
tree of possible proof strategies, it records data learrad that experimentation in a
database called thEee of Knowledgeluring step 3. As discussed in Section 4, there
are two primary decisions involved in the experimentatioocpss: choosing a promis-
ing node in an engine flow from which to further experimentc{ded during step 1),
and selecting the next engine to append onto that chosen(dedigled during step 2).

The Tree of Knowledge. The Tree of Knowledgés a database of information learned
during prior experimentation on the active problem, whiciyrgenerally comprise re-
sults obtained in a parallel-processing environment. Eacte in the tree corresponds
to the run of a particular engine instance (including itd@mg) and thé~eedbackre-
ceived from that run. The recordédedbacknformation may include the following.

1. The transformed netlist size, and information about ahyesl targets.
2. The resources consumed by that engine run.
3. Dynamically-obtained information on how an engine’sams could be improved.

This feedback includes two aspects.

(a) Howtoinitialize the system to a given node with lesseotgces. For example,
SAT-solvers use various heuristics in their processing;ltbst heuristic for a
given problem may enable dramatic speedups vs. anotheistieulf a SAT-
based engine determines during its run that a particulatigtewworked best,
it may report that information to be recorded in ffree of Knowledgso that
a future run can initialize to this node more quickly.

(b) Hints to yield a superior flow. For example, if a redundancy rem@rajine
sees that it precluded some analysis due to resource liomsatikely hurting
its reduction potential, it would provide feedback so thdtimre run could
increase the corresponding type of resources and yieldisupeductions.



while (—solved){
1. Choose a node from tHeee of Knowledgérom which to perform further experimentation;
initialize the TBV system to that node (call this engifig).
2. Choose an engin&;; to append to the initialized node; instruct engifg to pass its
transformed problem t&;_ 1, then run enginév; ;.
3. Extract feedback from the run &f; 1 ; update thelree of Knowledgavith this data.

}

Fig. 3: High-level expert system algorithm

Choosing a node for further experimentation. During step 1 of the algorithm of
Figure 3, the expert system chooses a node fronTitbe of Knowledgéom which to
perform further experimentation, then initializes the TBxstem into the corresponding
state. To make this decision, the expert system assigrierity to each node in théree
of Knowledgausing a set of rules; it then performs a weighted random seteamong
the prioritized nodes. Several classes of rules are useskigrapriorities.

— Prefer smaller netlists. An important set of rules is based upon the size of the
netlist at corresponding nodes in the tree — the smaller ttblelgm, the closer to
a conclusive result the system tends to be, though this isecértainly not guar-
anteed. However, recall that there are three distinct sigiics considered. The
size-related priority ascribed to a node is thus variedrduthe experimentation,
from strategies using equal weights among all the meticstrategies using brute-
force to minimize the number of registers (without regaratizer metrics) in the
hope of yielding an inductive target or one which is amentdteachability analy-
sis, to more experimental strategies which prioritize talsanodes which managed
to significantly reduceny of the metrics in the hope that a subsequent flow may
compensate for increases in the other metrics and ultigngild a proof.

— Prioritize away from well-explored branches.Based upon the previous set of
rules, the system will tend to perform near-exhaustive @gpion of the first ex-
plored branch consisting of strictly decreasing size rogtiWhile this is indeed
an advantageous strategy to begin with, it may precludessacg experimenta-
tion along a completely different flow to yield a complex piobherefore, a class
of rules is needed to prioritize away from nodes in the treg tave been more
thoroughly explored — i.e., deeper exploration is no longelding significant re-
ductions despite having experimented with most advantagengine types.

— Exploit low-cost re-initializations. Note that there is a computational cost associ-
ated with initializing the TBV system to a given node (thatdg already in scope),
namely that of re-running the desired transformation flowtauphe desired node.

It is therefore often advantageous to have a set of rulesitizing towards a fair
amount of experimentation from or near the active nodesrbaf@-initialization
into completely different branches.

— ldentify the causes of unsuccessful branche# cases, the reason that a proof
cannot be obtained along a branch may be attributed to ddrametion which oc-
curred much earlier in the flow. For example, if an instance@€ subsequently
renders a spurious counterexample, it is of no utility tdqren further experimen-



tation under that instance. As another example, it may bedbe that the problem
at a branch is suffering from far too many inputs to complatesahability compu-
tation and no available algorithms are able to compensatidb metric, and that
an earlier instance dRET was the cause of a significant increase in input count.
Though thePrioritize away from well-explored branches class of rules will ul-
timately bring us out of heavy exploration of such branclaesther class of rules

is useful to attempt to further leverage information abbetcauseof unsuccessful
branches, and backtrack sufficiently far to circumvent tiaaisal engine, instead of
continuing to branch to other points under that causal engin

Choosing an engine to append to the initialized nodeDuring step 2 of the algorithm
of Figure 3, the expert system must decide what engine typppend to the initialized
node. Because any engine type may be run at any given tines,ate again deployed to
determine priorities for these possibilities; the expgstem then performs a weighted
random selection among the prioritized possibilities. Tgilewing classes of rules are
useful to prioritize among the possible choices.

— Begin with low-cost flows.The primary objective is to obtain verification results as
quickly as possible, so the initial priorities are set te@pt commonly-effective,
low-cost flows first. Whether falsifying or proving, redugtialgorithms can yield
dramatic improvements in runtimes and enable conclusiseltethat otherwise
may be missed given available resources, so the priorifié@recost reductions
such axCOM andRET are initially high. Additionally, the priorities of low-ci
falsification and proof engines such®&€H are initially high.

— Gradually attempt more expensive flowsAs more and more experimentation is
performed, the expert system acknowledges that the proisl@mreasingly more
difficult, hence gradually increases the priority of its fieaweight reduction algo-
rithms such aEQV. Additionally, as more and more attempts at falsificatiorer
inconclusive results, the priority of proof-capable flomsludingLOC andRCH
are increased and the priority of falsification engines sag®CH are decreased.

— Exploit known algorithmic synergies.Known synergies between transformations
should be exploited by a set of rules. For example, runniregandancy removal
engine after retiming often helps reduce the potentialeiase in combinational
logic caused by that engine, hence priorities should bestetitaccordingly.

— Explore the potential of unknown algorithmic synergies.Because every prob-
lem is different, it is generally impossible to predict thespible algorithmic syn-
ergies that will be key to solving that problem, hence theéesysshould have a set
of rules to attempt to prioritize towards such experimeotatlt is rarely useful
to re-run the same engine type back-to-back, without amynm¢diate transforma-
tions. However, it is often the case that repeated calls dffengiransformation
engine, interspersed with other transformations, is aectiffe strategy whereby
one transformation synergistically unlocks further rehrepotential for another.
A generic way to encode this trend is to analyze the extenticiwthe size met-
rics changed since the last run of a given engine type, andtapte priority for
instantiating that engine type accordingly. For exampdsuane that the current en-
gine flow isSRET, COM, CUT whereCUT performed slight reductions, whereas
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COM performed significant reductions. The priority of appeigdRET to this flow
is increased since the netlist changed significantly in sizeeRET was last run,
whereas the priority of appendir@OM is decreased due to the lack of change in
netlist size since that engine last ran. Note that such e@rpatation may result in
the eventual learning of commonly useful known synergidsis-ias the potential
to enable the overall system to grow in effectiveness asdefoyed upon more
and more problems, especially as new engine types are agldleel $ystem.

— Leverage the Tree of Knowledge The Tree of Knowledgeontains information
about prior experimentation. Because the concept of izt the system into
a previously-explored node is covered by step 1, re-runamglready attempted
child engine of the initialized node is lowered in prioritythis step, particularly if
that child did not yield a beneficial reduction. Also, thiats recorded from prior
runs may be used to attempt to obtain an improved proof giyate

6 Experimental Results

In this section we provide the experimental results of thegration of an expert system
with a TBV system. All experiments were run on an IBM RS/6000ddl 43P-S85
(850MHz), using a single processor and 4GB main memory. dlitiad to the engines
discussed in Section 3.1, we utilized a phase abstractiginef20] on all IBM designs
prior to importing them into the TBV system.

We had intended to provide a large set of results showinguhdime difference
of various proof strategies; however, the majority werélgaéscharged by a straight-
forward proof strategy. For example, we ran the 42 desigrtheiSCAS89 testsuite
using each primary output as a tar&xcept for one target of S635, the overall system
was able to discharge all 1615 resulting targets using thefmtrategyCOM, RET,
COM, SCH, BIG, RCH in less than 35 cumulative minutes of runtifm#/e therefore
consider these to be easy problems; rather than describésg txperiments in more
detail, we thus turn our attention to significantly more difft problems.

Table 1 comprises some of the most difficult verification peats we have encoun-
tered among IBM designs. The first column is a label columdicating the name of
the corresponding design and the metric being tracked icdhesponding row. The
second reflects the size of the original, unreduced veiificgiroblem. The successive
columns indicate the size of the probleafter the corresponding transformation en-
gine (indicated in the row labeled with the design name) was The total run-time,
memory consumption, and result of the corresponding privafegy is also provided.

MFC is a memory flow controller. ERAT is an effective-to-realdress translation
unit. IOC is an I/O Controller. RING comprises starvatiom gmioritization correctness
properties for network arbitration logic. SQM is an InfiniBhstore queue manager.
MMU and SMM are different memory management units; we repastilts for several
different types of properties for these. All of these hadargdne many months of
simulation-based analysis prior to importing into the TB¥rhework, and weeks of

* Though these may not be meaningful properties to check of thesendesimne are otherwise
available for them; these are additionally easily-reproducible experiments
5 The target of S635 requir€s? inexpensive image computations to hit.
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straight-forward transformations, semi-formal falsifioa, and proof analysis had been
performed within the TBV system without conclusive resydt®or to deploying the
expert system. SMM and SQM were the most difficult of thesarglas, requiring
nearly four days of experimentation by the expert systemning one thread). RING
was the second most difficult, requiring nearly two days. dtiers were solved within
one day of experimentation. We noted the following trendstinexperiments.

— LOC performs an overapproximate transformation; the choidemémall of a lo-
calized cone may render a spurious counterexample. Morergign localization
locks us into a netlist where redundancy removal technigqoag be weakened:
e.g., gates which are constant in the original netlist mayhgoconstant in the
localized netlist. It is thus important to choose a largeugiocone not only to
prevent spurious counterexamples, but also to preventemérads other redundancy
removal transformations which may ultimately be neededetrya conclusive re-
sult. It therefore came as a surprise to us that the expadray®und, after some
experimentation, that some of our hardest problems we@egffly solvable when
performing localization after only basic reductions. Huede cases, early localiza-
tion was a successful strategy since it quickly identifiedifficgently large cone
that remained unreachable, yielding a significantly smakglist against which we
could successfully leverage more costly reductions. Nuae iested localizations
intermixed with other transformations often yields inieg reductions.

— RET often substantially reduces register count, though mayifiigntly increase
combinational logic due to the symbolic simulation necestacompute retimed
initial values. WhileCOM, CUT, andEQV are useful in offsetting this increase, as
one adds mor&ET calls, more and more of the registers begin to attain syraboli
initial values as reachability data is effectively lockatbitheir initial values. Some
of these runs show that the expert system found it effeativedort to a more costly
EQV coupled with fewer retiming runs accordingly.

— Redundancy removal is almost always a useful transform&&QV may yield dra-
matic reductions, though tends to be the most expensiveftianation discussed
if used with sufficiently high resources to yield near-oglmeductions.

— A general characteristic of TBV is that one reduction oftemaldes another, in
turn allowing the same transformation to yield increasieductions when inter-
spersed with other transformations. For example, redwyda@moval, parametric
re-encoding, and localization are able to break connegtighnich constitute re-
timing traps, enabling multiple retiming instances to giglcreasing reductions as
noted in [6]. Redundancy removal often enables parametdaation that other-
wise could not be obtained [7]. Retiming may enable a gatedtts as a constant
only after the first several time-steps of execution to bege@ras a constant in a
sound and complete fashion [7], enabling further redungaamoval.

For MFC, the flow ofRET beforeLOC was critical; without the simplification en-
abled by retiming, the localized cones became hopelesgg.l&RAT and IOC com-

5 A similar observation on the utility of nested localizations was noted in [21]li@bjn an
approach which extracts amsatisfiable corérom a BMC SAT instance. Our application in a
TBV domain yields greater flexibility in its ability to leverage various transfdrams between
the localization instances.
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prised a large degree of redundant logic. BB@V andRET are required to solve these
targets, though the former is much more expensive than ttee tait was found that the
combinational gate increase RET caused the best strategy to place that engine after
EQV. RING.P required multiple retiming passes to render andtide target. RING.S
was an interesting case; our 1&QV call was a thorough and costly one, requiring
nearly five hours of run time. Once reduced, we found a valithterexample of depth
192 on the resulting design in less than one minute. WitHastreduction, we found
that we could not complete the localization refinement offtikng time-step within

a period of 36 hours, without which the localized cone yidldpurious counterexam-
ples. This illustrates the power of TBV not only to enabldidifit and large proofs, but
to yield exponential speedups to the bug-finding proces#! 8 Quired aggressive re-
dundancy removal to enable a highly-effective retiming knealization step, which in
turn enabled the property to be trivialized during a subsataggressive redundancy
removal step. SMM was a difficult problem for which we have faind a shorter
proof-capable strategy, though its overall run-time waisequeasonable. The winning
strategy was to iteratively leverage all of the discussandiormations to chip away at
the netlist size, even requiring what seemed to be rathaergrgine choices (e.g., hote
thatRET was instantiated numerous times yielding a reduction of onk register, at
the cost of tripling input count). Additionally, that stegty chose many low-resource
calls toCUT which yielded only modest reductions; larger-resourcks gatlded much
greater input reductions, but at the cost of much greater Ajdf® increases which
slowed the overall flow. Ultimately, the synergy betweenalgorithms rendered a suf-
ficiently small netlist to enable a proof by induction or reability.
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8 Conclusion

In this paper we propose the use of@pert systento automate the experimentation
necessary to obtain an efficient proof strategy faramsformation-based verification
system [6]. We discuss details of how to integrate an exgstem with a TBV system,
and of how to customize the expert system to enable it to y@eliclusive verifica-
tion results with minimal resources. Our experiments destrate the utility of such
an overall system in automatically yielding complex pradfislarge industrial designs
with over 100,000 registers in their cone of influence, evier aimple redundancy re-
moval. This integration eliminates the need for manualreéioformal expertise to yield
conclusive results on such difficult problems. Additiogathis integration enables the
exploitation of parallel processing to automaticdéigrn algorithmic synergies critical
to the solution of such complex problems which otherwise gmyndiscovered.
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MFC Initial | COM | RET | COM [LOC:130] CUT [RCH:104

Registery 140627| 119147 100928[100902 132 132 P

ANDs | 857021 7211% 726839705113 407 407 | 6957s

Inputs__| 33096 | 29022 106020] 30337] 11 10 | 11GB

ERAT [ Initial [ COM | EQV | RET | COM | EQV | LOC:50

Register§ 45637 | 19921| 419 | 337 | 273 257 F

ANDs | 316432[167619 3440 | 2679 | 1851 | 1739 | 2831s

Tnputs 6874 | 68 63 | 183 | 126 126 | 884MB

10C Initial [ COM | EQV | RET | COM [LOC:70] COM [ CUT |RCH:258

Registerg z41o7§{ 28795| 2342 | 2332 | 2329 | 185 185 185 P

ANDs | 1320354 10827d 17566 | 16743| 16606 | 2540 | 2536 | 1938 | 29026s

Tnputs 2044 | 333 | 49 | 578 49 348 348 43 | 3.1GB

RING.S | Inifial | COM | EQV_| RET | COM | CUT | COM | EQV |LOC:192

Register§ 50988 | 20768] 2320 | 1932 | 1930 | 1930 | 1930 | 1841 F

ANDs | 412804 137@ 15434 | 18114| 15601 | 15467 | 15086 | 14194 | 24028s

Tnputs 5313 | 2730 | 572 | 1419 | 1172 | 851 850 850 | 2.5GB

RING.P [ Initial [ COM | RET [COM | CUT | COM | RET | COM | CUT | COM [ SCH3

Register§ 50748 | 21252| 8503 | 3944 | 3944 | 3944 | 1948 | 1438 | 1348 | 1348 P

ANDs | 419937|137261 129113[ 52140| 53883 | 50790 | 85887 | 48077 | 48170 | 47327 | 337s

Tnputs 5232 | 2891 | 17505 | 4248 | 3081 | 3077 | 4473 | 3814 | 3504 | 3504 | 339MB

SQM Initial | COM | EQV | CUT | COM | RET | COM | CUT | COM [LOC:30] EQV

Registery 34276 | 16017| 11293 | 11203] 11293 | 10812 | 10811 | 10811 | 10811 | 144 P

ANDs | 552487252296 159168| 165894 165068 | 147464 146232 | 146826 146651 | 17388 | 1285639

Tnputs | 36220 | 16071| 5110 | 4266 | 4255 | 4354 | 458 450 450 | 3311 | 1.1GB

MMU.0_[ Iniial | COM [LOC:40] CUT | EQV_|LOC:40] RET [ COM | CUT [ BIG:1 [RCH:84]

Registers 124297| 70193| 1766 | 1766 | 427 113 99 97 97 95 P

ANDs | 763499]409675 104213[103839 68352 | 621 | 1725 | 950 583 703 | 84065

Tnputs 1377 | 168 | 16290 | 16095 12233 | 114 665 237 41 41 | 2.9GB

MMU.8_[ Initial | COM [LOC:40] CUT | COM | EQV | LOC:40] RET | COM | CUT [RCH:6

Registery 124297| 70193| 2681 | 2681 | 2681 | 435 108 97 95 95 P

ANDs | 763499]409675 105096/104749 104737 | 68152 | 609 | 1627 | 1026 | 430 | 8398s

Tnputs 1377 | 168 | 15390 | 15209| 15209 | 12202 | 124 704 350 34 | 2.9GB

MMU.4 | Initial | COM [LOC:40] COM | CUT | EQV [LOC:40] RET | COM | CUT [ BIG:6 [RCH:64

Registery 124297| 70193 456 | 455 | 455 287 98 78 61 60 53 P

ANDs | 763499|409675 25122 | 25121| 24318 | 23152 | 537 906 556 304 | 490 | 8278s

Tnputs 1377 | 168 | 4325 | 4325 | 3904 | 3786 99 78 162 22 17 | 2.8GB

SMM.2_[ Iniial | COM [LOC:60] COM | CUT | COM | EQV_[LOC®50] COM [LOC:50] RET | COM [LOC:50] EQV | CUT [LOC:50]BIG:3[COM| CUT [COM [RCH:73
Registery 36359 | 33063| 968 | 967 | 967 967 889 663 663 648 | 647 | 647 | 415 | 402 | 402 | 351 | 84 | 84 | 79 | 79 P
ANDs | 209745 19525% 34321 | 33523| 31795 | 31692 | 31428 | 31024 | 31017 | 29398 | 30257 | 28927 | 25394 | 25092 z47?5| 24639 | 2860 | 2859 | 4961 4920| 10471s
Tnputs 261 | 71 | 7140 | 7140 | 6591 | 6591 | 6591 | 6763 | 6763 | 6494 | 10450 | 6586 | 6241 | 6240 | 6116] 6164 | 417 | 417 | 47 | 47 | 2.3GB
SMM.3_[ Inifial_| COM [LOC:60] CUT | EQV_|LOC:50] CUT | COM | LOC:50 | CUT | COM | RET | COM [LOC:50] CUT [LOC:50] CUT [COM| RET [COM [LOC:50] COM [BIG :4[COM [LOC 50| EQV
Registery 36350 | 33063| 1317 | 1316 | 1188 | 929 929 929 825 825 | 825 | 824 | 824 | 766 | 766 | 677 | 629 | 629 | 628 | 628 | 589 | 580 | 284 | 284 | 270 P
ANDs | 209745[19525§ 74000 | 72586] 72203 | 52718 | 52629 | 52585 | 34766 | 34675 | 34631 | 35444 | 34404 | 32946 [32913 32123 | 34281[34093 3398132059 31717 |31685 9523 | 9097| 9050 |10084:
Tnputs 261 | 71 | 11105 10853] 10853 | 7846 | 7839 | 7830 | 4960 | 4951 | 4951 | 18854 | 4959 | 4783 | 4773] 4731 | 4010] 4010] 8021] 4028| 3847 | 3847| 284 | 850 | 863 |3.3GB

Table 1: Experimental results of expert-system guided proof strategies;rabiergafter phase abstractiof©OM: a low-cost redundancy removal engit8QV: a more expensive redundancy
removal engineRET: a min-area retiming engin&OC: a localization engine (the associated number represents the number of BMQstedps refinement analysisfUT: a parametric re-
encoding engineBIG: a target-enlargement engine (the associated number represents the number efnemiasgeps performedRCH: a reachability engine (the associated number represents
the number of image computations needed to complete reachal8iEy); a semi-formal verification engine (the associated number represents the numbérfs®4l induction steps performed).

P indicates a passingrget unreachableesult, and- refers to a failingarget hitresult; the total run-time and memory consumption of the corresponding gtrategy is also provided.
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