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Abstract

Most research in planning focuses on generating a plan to
achieve a desired set of goals. However, a goal specifica-
tion can also be used to encode a property that should never
hold, allowing a planner to identify a trace that would reach
a flawed state. In such cases, the objective may shift to modi-
fying the planning task to ensure that the flawed state is never
reached—in other words, to make the planning task unsolv-
able. In this paper we introduce planning task shielding: the
problem of detecting and repairing flaws in planning tasks.
We propose ALLMIN, an optimal algorithm that solves these
tasks by minimally modifying the original actions to render
the planning task unsolvable. We empirically evaluate the per-
formance of ALLMIN in shielding planning tasks of increas-
ing size, showing how it can effectively shield the system by
turning the planning task unsolvable.

Introduction

Classical planning is the task of finding a plan, which is a
sequence of deterministic actions that, when executed from
a given initial state, lead to a state where some given goals
are true (Ghallab, Nau, and Traverso 2004). Most research
in planning focuses on generating plans to solve the given
task, assuming such a plan exists.

However, planning can also be applied in the opposite
way. This approach involves formalizing the system and the
security property to be verified as a planning task. If this
planning task is proven to be unsolvable (Eriksson, Roger,
and Helmert 2017; Stéhlberg, Frances, and Seipp 2021), it
indicates that the security property is upheld within the sys-
tem. Conversely, if a solution is found, the resulting plan
outlines a sequence of steps or actions that could poten-
tially falsify the security property. This approach to plan-
ning has been utilized to identify flaws in cybersecurity sys-
tems (Boddy et al. 2005; Hoffmann 2015) and cryptographic
protocols (Pozanco et al. 2021). In these systems, when a
flaw is detected, a domain expert reviews the plan that leads
to it and manually modifies the system’s dynamics (its ac-
tions) to prevent that trace from occurring, hoping this will
resolve the issue. However, addressing the flaw locally may
introduce new vulnerabilities elsewhere in the system, po-
tentially resulting in a cycle that is tedious and difficult to
resolve.

Listing 1: Approval workflow described as PDDL actions.

(raction submit_application
:parameters ()
:precondition (documents_submitted)
reffect (and (application_complete)
(not (documents_submitted))))

(:raction direct_approval
:parameters ()
:precondition (application_complete)
reffect (granted_approval))

(:action escalation
:parameters ()
:precondition
(and (application_complete)

(client_concerns))
reffect (and (escalated)))

We illustrate these type of problems with a simple run-
ning example (Listing 1), which describes an approval work-
flow in PDDL (Haslum et al. 2019). Since the workflow
may have been created by non-experts, it could contain
errors and represents a best-effort formalization. The set
of fluents is (documents_submitted, application_complete,
granted_approval, escalated, client_concerns, safe_client).
The submit_application action completes an application if
all documents are submitted; direct_approval allows direct
approval for completed applications, and escalation han-
dles cases with client concerns. We may want to check if
flawed states can arise, such as reaching a state where an
application is both granted_approval and escalated, start-
ing from documents_submitted and client_concerns. The
plan m = (submit_application, escalation, direct_approval)
achieves this, indicating the workflow is ill-defined. Ad-
dressing this requires modifying actions, such as remov-
ing escalated from the escalation action effects; or adding
safe_client as a precondition to direct_approval. Selecting
the best fix depends on the domain and action semantics,
and care is needed, as local changes may introduce new vul-
nerabilities elsewhere in the workflow.

In this paper, we propose an extension to the traditional
approach of identifying flaws in systems represented as



planning tasks by introducing the capability to automatically
fix these flaws. Our method focuses on making the planning
task unsolvable, in contrast to domain repair works (Gragera
et al. 2023; Lin, Grastien, and Bercher 2023; Bercher, Sreed-
haran, and Vallati 2025; Gragera et al. 2025), which aim to
modify the planning task to make it solvable. We refer to this
problem as planning task shielding, and formally define it as
finding the minimal set of precondition additions, add effect
removals, and delete effect additions to the original set of
actions such that the planning task becomes unsolvable.

We then propose ALLMIN, an algorithm that computes the
minimal set of modifications to the original set of actions
that render the planning task unsolvable. ALLMIN computes
all loopless plans that solve the planning task and then solves
an optimization problem to identify the minimal set of mod-
ifications needed to invalidate all these plans.

The remainder of the paper is organized as follows. We
first formalize classical planning. We then provide a for-
mal definition of planning task shielding problems and their
solutions, followed by a presentation of ALLMIN. Next,
we present preliminary results for ALLMIN on a synthetic
benchmark. Finally, we conclude by discussing the main re-
sults and outlining potential directions for future research.

Background
We formally define a planning task as follows:

Definition 1 (Planning task). A planning task is a tuple P =
(F, A, Z,G), where F is a set of fluents, A is a set of actions,
T C Fis an initial state, and G C F is a goal specification.

A state s C F is a set of fluents that are true at a given
time. A state s C F is a goal state iff G C s. Each ac-
tion a € A is characterized by the following components.
Its name NAME(a), which is a string. A set of precondi-
tions PRE(a), which are set of fluents that need to be true for
the action to be applied. Add and delete effects ADD(a) and
DEL(a), which are set of fluents that are added (or deleted)
once the action is applied. We assume ADD(a) N DEL(a) =
(). And finally a cost ¢(a) € R associated with perform-
ing the action. An action a is applicable in a state s iff
PRE(a) C s. We define the result of applying an action in
a state as y(s,a) = (s \ DEL(a)) U ADD(a). A sequence of
actions m = (a1, ..., ay,) is applicable in a state sg if there
are states (s1....,S,) such that a; is applicable in s;_; and
s; = 7(si—1,a;). The resulting state after applying a se-
quence of actions is I'(s,7) = s,, and ¢(7) = Y. ¢(a;)
denotes the cost of 7. A state s is reachable from state s’
iff there exists an applicable action sequence 7 such that
s C T'(s',m). A sequence of actions is simple if it does not
traverse the same state s € Sg more than once. The solution
to a planning task P is a plan, i.e., a sequence of actions 7
such that G C T'(Z, ). We denote as II(P) the set of all
simple solution plans to planning task P. A plan with mini-
mal cost is optimal. A planning task is unsolvable if there is
no sequence of actions 7 such that G C I'(Z, ).

Shielding Planning Tasks

Given a system formalized as a planning task, where the goal
specifies a property that should never be satisfied, our objec-

tive is to shield the system. This means modifying the plan-
ning task so that these modifications render it unsolvable.
Although planning tasks can be made unsolvable by modi-
fying Z, G, or A, we focus exclusively on the latter. To this
end, we first formalize what it means to modify an action,
and then build our notion of shielding on top of it.

Definition 2 (Action Modification). Let @ = (NAME(a),
PRE(a), ADD(a), DEL(a)) be an action. An action modifica-
tion is a single atomic change to one of the components of
a, namely the addition or removal of a fluent from PRE(a),
ADD(a), or DEL(a), producing a new action a'. Given two
sets of actions A and A', we say that A’ is a modification
of A iff there exists a mapping between actions in A and
actions in A’ such that each o/ € A’ is obtained from its
corresponding a € A by applying one or more action mod-
ifications. We denote by #(A’) the total number of action
modifications applied across all actions in A to obtain A',
that is,

#(A') = Z (|PRE(a") APRE(a)|
acA
+ |ADD(a’) AADD(a)|
+ |DEL(a) ADEL(a)|)
where A\ denotes the symmetric difference between two sets.

With this notion in place, we define a shielding planning
task and its solution as follows:

Definition 3 (Shielding Solution). Given a planning task
P = (F,A L G), a solution to a shielding planning task
Ps = (F, A, Z,G) is a new set of actions A’ such that Pg
is unsolvable.

Remark 1. Note that by limiting ourselves to modifying A,
we are unable to turn unsolvable planning tasks where G C
7, i.e., those tasks where the empty plan m = () is already a
solution.

While trivial modifications to the original set of actions
are possible, such as setting A" = @, our goal is to identify
the minimal set of action modifications that render the plan-
ning task unsolvable. We then formally define the optimality
of a shielding solution as follows:

Definition 4 (Shielding Solution Optimality). A Shielding
Solution A’ is optimal iff there does not exist another solu-
tion A" with #(A") < #(A").

In order to compute optimal (or high quality) solutions for
a shielding planning task, we do not need to reason about
all the possible ways in which an action can be modified.
In particular, we can restrict ourselves to the set of actions
modifications that reduce the number of plans that solve the
original planning task.
Proposition 1 (Monotonic Decrease of Solution Plans).
Let P = (F,A,Z,G) be a planning task and let P’ =
(F, A, Z,G) be obtained from P by modifying actions only
by:

* adding preconditions, PRE(a) C PRE(a’)
* removing add effects, ADD(a’) C ADD(a)
* adding delete effects, DEL(a) C DEL(a’)



Then, after applying any modification, the number of plans
that solve the task decreases monotonically, i.e., |II(P")| <

[TL(P)].

Proof. Let s C F be any state, and let ' € A’ correspond
to a € A. Suppose @’ is applicable in s in P’. Then, by
definition, PRE(a’) C s. Since PRE(a) C PRE(d’), it follows
that PRE(a) C s, so a is also applicable in s in P. Thus, any
action applicable in P’ at a state is also applicable in P at
the same state. Conversely, suppose a is applicable in s in P
(i.e., PRE(a) C s), but if there exists p € PRE(a’) \ PRE(a)
with p ¢ s, then o’ is not applicable in s in P’. Therefore,
the set of applicable actions in any state in P’ is a subset of
those in P.

For any state s where a’ is applicable, the resulting state
after applying o’ in P’ is s’ = (s\DEL(a’))UADD(a’). Since
ADD(a’) C ADD(a) and DEL(a) C DEL(a’), it follows that
s\ DEL(a’) C s\ DEL(a) and (s \ DEL(a')) U ADD(a’) C
(s \ DEL(a)) U ADD(a). Thus, the state reached by applying
a’ in P’ is a subset of the state reached by applying a in P.

Consider any plan 7’ = (af,...,al)) that solves P’. For
each i, let a; be the corresponding action in A. By the above,
7 = (a1,...,a,) is also executable in P from Z, and the
sequence of states reached in P contains those reached in
P’. Since the goal is the same, if 7’ reaches G in P’, then 7
also reaches G in P.

Therefore, every plan that solves P’ also solves P, i.e.,
II(P") C II(P), and thus |[II(P")| < |TI(P)]. O

Apart from limiting the set of modifications, we can also
limit the subset of actions in that we need to modify in order
to turn P unsolvable. We denote by A = {a | a € 7,V7 €
TI(P)} the set of actions that appear in the plans solving the
original task.

Remark 2. Note that we only need to consider modifying
actions in A" (and not the rest of the actions in A) to render
‘P unsolvable.

Next, we present ALLMIN, our approach to compute opti-
mal solutions to shielding tasks.

ALLMIN

ALLMIN follows a two-step process: (1) it computes all the
simple (loopless) plans that can solve the original planning
task, II(P); and (2) it determines the set of minimal modifi-
cations to the original actions .A that would block the execu-
tion of all the plans in ITI(P).

To compute the set of plans that solve the original plan-
ning task, we can utilize any planner capable of generating
not just a single plan, but a set of plans for a given task (Katz
et al. 2018; Speck, Mattmiiller, and Nebel 2020; Speck et al.
2025). We will provide further details about the specific tool
used in our experimental setup.

We formulate the task of computing the minimal modi-
fications to the original actions that would block the exe-
cution of all the plans as a Mixed-Integer Linear Program
(MILP). The MILP receives as input the planning task P,
and the set of plans that solve it II(P). We reduce the num-
ber of variables and constraints needed by leveraging Propo-
sition 1 and Remark 2. We add a fake action a9 to A, which

represents the achievement of the goals G. PRE(a?) = G
and ADD = DEL = (). We append this action to each plan
m € II(P). We have the following set of decision variables:
* pre, ; € {0,1}: Lif fluent f is added as a precondition
to action a.
* add, s € {0,1}: 1 if fluent f is removed from the add
effects of action a.
* del, ; € {0,1}: 1if fluent f is added to the delete effects
of action a.
* sqif € {0,1}: 1if fluent f holds after step ¢ in plan 7.
* enabled, ; € {0,1}: 1 if the action at step ¢ in plan p is
executable.
e preunsat, ; , € {0,1}: 1 if precondition f is present
and not satisfied at step ¢ in plan 7.

The objective is to minimize the total number of modifi-
cations to the actions, specifically the addition of new pre-
conditions, removal of add effects, and addition of delete
effects:

min Z preg s (D

ace A, fe F\pre(a)
DY
ac All, feadd(a)

- > delo;  (3)
ace A1, fe F\{del(a)Uadd(a)}

add,, ¢ 2)

The constraints ensure the correct propagation of fluents,
satisfaction of preconditions, and blocking of plans:

1. Initial State: The initial value of each fluent for each
plan is set according to the initial state Z. We include the
following constraints for each € II(P) and f € F:

smo, =1 if fel “)
Sro =0 if fé&7T 4

2. Precondition Satisfaction: For each action in each plan,
the variable pre_unsat, ; ; captures whether precondi-
tion f of action a; is unsatisfied, considering both orig-
inal and newly added preconditions. We include the fol-
lowing constraints for each 7 € II(P), a; € 7, and
feF:

If f € PRE(a):

preunsat, ;i q p =1— 8z ©)

If f ¢ PRE(a):
pre-unsat, ;g ¢ > Pre, f — Sqif Q)
pre_unsat, ;i r < pre, ¢ ®)
preunsat, ;11 p <1 — S5 ©)

3. Action Enabledness: An action is enabled if all its pre-
conditions are satisfied. We include the following con-
straints for each = € II(P) and a; € m:

enabled ;41 > 1 — Z pre-unsat, ; ¢ (10)
feF



4. State Propagation: The fluents are updated according
to the effects of the actions and the modifications. We
include the following constraints for each = € II(P),
a; € m,and f € F:

If f € ADD(a):

Smiv1,f = 1 —addgf (In
Swi+1,f — Smi,f > 1- aJdda,f (12)
Swyi,f — Smi+1l,f >1- adda,f (13)

Else If f € DEL(a):

Srit1,f =0 (14)
Else:
Smit1,f <1 —delg (15)
Swi+1,f — Smi,f S 1- dela,f (16)
Sy, f — Smi+1,f <1- dela,f (17)
Sritl,f — Smyif <0 (18)
Srif — Smitl,f <0 (19)

5. Plan Blocking: To ensure every plan is blocked, at least
one action in each plan must not be enabled. We include
the following constraints for each = € TI(P):

||
> enabled, ; < [r| — 1 (20)

i=1

6. Goal Persistence: We impose the following restriction to
enforce that the goal is not modified, i.e., the precondi-
tions of a9 cannot be modified.

> preg =0 21)
feF\G

This MILP formulation systematically identifies the min-
imal set of action modifications needed to block all plans.
By incorporating new preconditions (pre, , = 1), adding
delete effects (del, ; = 1), and removing specified add ef-
fects (add,, s = 1), the resulting set of actions A’ ensures
that the original planning task becomes unsolvable. As a re-
sult, A’ serves as a shielding solution for the original plan-
ning task P.

Evaluation
Experimental Setting

Benchmark. We use two benchmarks to evaluate
ALLMIN. In the first one, we use a synthetic benchmark
(SYNTHETIC) where we generate planning tasks in the
form of a graph where we control: the number of plans
(8,16, 32), their maximum (4, 8, 16) and minimum (2, 4, 6)
length, and the percentage of plans that share some edges
with other plans (0.4). The numbers of fluents, actions,
and states range from a few dozen in the smaller instances
with 8 plans to a few thousand in the larger instances with
32 plans. We generate 10 random problems for each of
the 3 combinations, giving us a total of 30 problems of
increasing complexity. The reason we generated this syn-
thetic benchmark is threefold. First, it allows us to control
the number of plans that solve the planning task, which
is not possible when working with existing tasks or using
generators for known domains (Torralba, Seipp, and Sievers
2021). Second, tasks in current benchmarks are typically
designed to be challenging for planners, often resulting in
tasks that are too large to serve as meaningful shielding
tasks. Finally, in practice, we would expect systems to
have only a few ways of reaching a flawed state, rather
than the hundreds of thousands of plans typically found
in most planning tasks from existing benchmarks (Speck,
Mattmiiller, and Nebel 2020). For the second benchmark,
we chose the 10 smallest problems from the following
domains in the Fast Downward (Helmert 2006) benchmark
collection': BLOCKSWORLD, ROVERS, and SATELLITE. By
selecting this concise yet varied set of standard planning
tasks, our goal is to demonstrate how ALLMIN can be
applied to transform unsolvable problems from domains
that are well-known within the community.

Approaches and Metrics. We evaluate ALLMIN on the
benchmarks described above. We use the SYMK plan-
ner (Speck, Mattmiiller, and Nebel 2020) to compute all sim-
ple plans that solve a given planning task (von Tschammer,
Mattmiiller, and Speck 2022). Given that computing all sim-
ple plans is not feasible for many tasks in the benchmark, we
will also evaluate two variants of ALLMIN: ALLMIN'? and
ALLMIN'9 Instead of computing all simple plans, these
variants compute 10 and 100 plans that solve the task, re-
spectively. We then solve the resulting MILPs using the
HiGHS solver (Hall 2019) to determine the minimal modi-
fications required to make the planning task unsolvable. For
each algorithm, we report:

1. #Solved: the number of solved instances within the time
and memory bounds

2. Time (s): the total execution time (in seconds) required
to generate a solution for the shielding task

3. #(A’): the number of modifications in the solution

4. Success: whether the returned modifications actually turn
the planning task unsolvable (1) or not (0).

"https://github.com/aibasel/downward-benchmarks



We validate that the suggested changes turn the planning
task unsolvable by calling SYMK again and verifying there
are no plans that solve the reformulated task P’.

Reproducibility. Experiments were run on an 8-core,
2.8GHz CPU machine with 32GB RAM, with a time limit
of 1800s for each shielding task.

Results

Table 1 presents a summary of our evaluation results. As
shown, ALLMIN, which requires computing all plans that
solve the original planning task, successfully solves all tasks
in the synthetic benchmark but fails to solve any tasks in
the standard planning benchmarks. This limitation arises be-
cause these tasks typically contain thousands of plans, and
SYMK cannot compute them within the given time and mem-
ory bounds.

When we reduce the number of plans that SYMK com-
putes, both ALLMIN? and ALLMIN'?? are able to solve
more tasks, though this comes at the cost of reduced suc-
cess—meaning they return solutions that may leave some
plans in the original task still valid. This behavior is evi-
dent in the SYNTHETIC benchmarks. While ALLMIN'® com-
putes valid shielding solutions for all tasks in the set with
8 plans (SYNTHETICS), it does not succeed in any tasks
in SYNTHETIC16 or SYNTHETIC32. The reason is that the
MILP returns the minimum number of modifications for the
k = 10 computed plans, invalidating those plans but po-
tentially leaving other valid solutions unaffected. Although
there is no guarantee regarding the correctness of the re-
turned solution, we observe that computing a subset of all
plans often enables ALLMIN'® and ALLMIN'? to achieve
strong empirical performance. These methods are able to
find successful modifications within a few seconds for many
of the planning tasks.

These findings are summarized in Figure 1, which plots
the number of problems successfully rendered unsolvable
(Success = 1) with respect to the compute time. ALLMIN'?
(k = 10) succeeds with more instances at lower compute
times, that is, on small benchmarks ALLMIN'? is faster and
considers enough plans to render the task unsolvable. The
trend for ALLMIN'?? (¥ = 100) and ALLMIN (k = o0) over-
laps on smaller benchmarks, i.e. the problems have less than
100 possible plans. ALLMIN'?? succeeds in more instances
than the other two variants: ALLMIN'® on many benchmarks
lacks sufficient information about the existing plans to ren-
der the task unsolvable, while ALLMIN reaches the time limit
on more instances trying to compute all plans. ALLMIN'0
thus balances the amount of information collected about the
plans and the time spent to compute it.

With respect to the number of modifications, we observe
two main groups. For the standard planning benchmarks,
ALLMIN and its variants typically identify a single modifica-
tion that renders the planning task unsolvable (#(A’) = 1).
This occurs because, in many of these tasks, removing a
landmark fact or adding preconditions that are never achiev-
able in certain states can make the planning task unsolvable
with just one change. In contrast, the SYNTHETIC bench-
marks are more challenging, as they are designed with sev-
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Figure 1: ALLMINO9 gucceeds on more instances, with a
better balance between available information over the plans
and the time dedicated to plan computation.

eral independent paths leading to the goal and fewer bottle-
necks. In these cases, the number of modifications is still
lower than the number of plans that solve the task, indicat-
ing that ALLMIN effectively identifies actions shared across
multiple plans and modifies them so that several plans be-
come invalid simultaneously.

The execution time of ALLMIN increases exponentially
as the size of the planning task and the number of plans
that solve it (|TI(P)|) grow, rising from a few seconds for
smaller tasks to hundred seconds for larger ones. We also
analyzed how the execution time is distributed between the
two main components of ALLMIN: generating all plans that
solve the task using SYMK, and solving the MILP to deter-
mine the necessary modifications. Figure 2 presents the re-
sults of this analysis, showing the contribution of each com-
ponent to the average total execution time as the planning
task size and the number of plans increase. The cost of solv-
ing the MILP dominates the time to compute the set of plans.
ALLMIN terminates within the time limits on the synthetic
benchmarks, although, as noted before, for SYNTHETIC16
and SYNTHETIC32 the modifications do not succeed at ren-
dering the problem unsolvable. In none of the optimiza-
tion benchmarks ALLMIN terminates within the time budget,
with the SATELLITE domain being the hardest, with only one
problem succeeding within the time limit at & = 100. This
suggests that, for the current benchmark, the planning tasks
are easier to solve than the optimization problem, which be-
comes increasingly complex as the number of actions, flu-
ents, and plans grows, leading to a larger number of vari-
ables and constraints.

Conclusions and Future Work

In this paper, we introduce planning task shielding: the prob-
lem of identifying the plans that lead to a flawed state in
the original planning task and then automatically making the
task unsolvable by minimally modifying the original set of
actions. We formalize this problem and show that it can be
addressed by considering only a subset of possible modifi-



Domain (#Problems) ALLMINT® ALLMINT9 ALLMIN
#Solved| Time (s) | #(A") [Success|[#Solved]  Time (s) #(A") [Success|[#Solved| Time (s) | #(A") [Success

BLOCKSWORLD (10)[ 10 3.6+1.6 [1.0£0.0] 10 10 38.84+17.7 |1.0£0.0 10 0 - - -
ROVERS (10) 8 22.4+21.2/1.0 £ 0.0 3 9 304.4 +266.1 1.0 £0.0 4 0 - - -
SATELLITE (10) 8 57.6 +£26.8/1.0 + 0.0 2 2 1479.3 £894.3/ 1.0 £ 0.0 1 0 - - -
SYNTHETICS (10) 10 0.8+0.1 [6.0£0.1| 10 10 0.8+0.0 6.0+ 0.1 10 10 0.8+£0.0/6.0£0.1 10
SYNTHETIC16(10) 10 3.24+04 [7.8£0.9 0 10 5.3 £0.6 11.24+1.5] 10 10 5.3+£0.6[11.2+£1.5| 10
SYNTHETIC32 (10) 10 14842285409 O 10 66.4+6.9 |21.44+2.1] 10 10 166.4£6.9]21.4£2.1| 10

Table 1: Average and standard deviation of the number of modifications #(.A’) and execution Time (s) as we increase the
planning task size and the number of plans that reach the flawed state |II(P)|. Time is averaged over solved tasks.
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Figure 2: Execution time split into the time to compute the set of plans with SYMK (blue) and the time to compute the minimum

number of modifications with the MILP (orange).

cations to the original actions: adding preconditions, remov-
ing add effects, and adding delete effects. We then present
ALLMIN, an algorithm for solving shielding tasks that (1)
computes a set of plans that solve the original planning task,
and (2) determines the minimal set of modifications to the
original actions needed to make the task unsolvable. Our
preliminary evaluation demonstrates that ALLMIN can ef-
fectively render planning tasks unsolvable, thereby shielding
the system and preventing the existence of plans that reach
flawed states.

As next steps, we want to explore incorporating con-
straints or preferences for certain types of modifications,
as well as considering additional objectives, such as min-
imizing the number of actions to which modifications are
applied, or minimizing the number of fluents used in the
modifications. Finally, we intend to develop alternative al-
gorithms for solving shielding tasks that can trade some the-
oretical guarantees for improved empirical performance.

Disclaimer

This paper was prepared for informational purposes by the
Artificial Intelligence Research group of JPMorgan Chase &
Co. and its affiliates ("JP Morgan”) and is not a product of
the Research Department of JP Morgan. JP Morgan makes

no representation and warranty whatsoever and disclaims all
liability, for the completeness, accuracy or reliability of the
information contained herein. This document is not intended
as investment research or investment advice, or a recommen-
dation, offer or solicitation for the purchase or sale of any se-
curity, financial instrument, financial product or service, or
to be used in any way for evaluating the merits of participat-
ing in any transaction, and shall not constitute a solicitation
under any jurisdiction or to any person, if such solicitation
under such jurisdiction or to such person would be unlawful.
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