
Specifications as Hyperproperties
• Hyperproperties characterize requirements over sets of execution 

traces, enabling the specification of behaviors in multi-agent systems.
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Research Question

• We encode tactics as HyperLTL formulas, enabling specification-
guided MARL under partial observability.

HyPOLE vs. Shaped Rewards

  “Is the distance between Marine and Medivac always less than 3?”

Under the veil of uncertainty, 
HyPOLE guides agents to learn effective tactics.

TacticsMulti-AgentPartial Observability

Formal Specification

How can decentralized policies be learned from formal 
specifications in partially observable multi-agent settings?

Formal Specification vs. Shaped Rewards 

Mathematical rigor

Expressiveness in specifying objectives and constraints 

The ability to define tactics for achieving objectives
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Problem Statement

Illustrative Example
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Medivac
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Enemy Marine

HyperLTL Formula: 

Samples       : Samples       :

Computing the satisfaction probability of HyperLTL specifications:

serves as a witness for

Note that changing the formula to          reduces the satisfaction probability 
to 0.75, showing that the          formula expands the policy search space.

Our Solution

Step 1: We apply Skolemization to resolve quantifier alternations in a HyperLTL formula.

Step 2: We use quantitative semantics to construct robustness functions that transform skolemized HyperLTL formula 
into real-valued rewards (real-valued robustness values).

Step 3: We use CTDE algorithms (VDN/QMIX/QTRAN) to learn decentralized policies:

1. We lift a shared POMDP environment to a Dec-POMDP setting compatible with CTDE methods.
2. We learn optimal policies for agents with universal quantifiers.
3. Since existentially quantified agents require the traces of preceding universally quantified agents as input to their 

Skolem functions, we train an encoder-decoder model on replay-buffer samples during training and use it to 
construct policies

4. CTDE algorithms aim to approximate the joint value function                                                       .       If the CTDE 
algorithm satisfies the IGM property and learns the optimal joint value function, then the induced decentralized 
policies                                            are optimal as well.
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Notice that, the number of samples can be more than two. We now calculate the probability of
satisfying ' using Z⌧1 and Z⌧2 (obtained by ⇡1 and ⇡2) as follows:

Traces(h{⇣1FF},Z⌧2i) |= 'exp Traces(h{⇣2FF},Z⌧2i) |= 'exp,

where ⇣2Med is the witness to ⌧2 (existentially quantified) for both satisfaction relations. Hence, given
Z1 and Z2, the probability of satisfying 'exp is evaluated as:
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Now, if 'exp had the form 88, the evaluation has to go over all combinations between Z⌧1 and Z⌧2 :
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Thus, the satisfaction probability of 88 would be 0.5. This example demonstrates that the probability
of satisfying a HyperLTL formula crucially depends on its quantifier structure.

5 Algorithmic Details of HYPRL
To solve the problem formally stated in Section 3, our algorithm proceeds in the following three
steps. We first Skolemize ' [40] to eliminate quantifier alternations and simplify the learning task.
We then define quantitative semantics for HyperLTL, converting satisfaction checking into robustness
value optimization. Finally, we train a neural network using these robustness signals to learn optimal
policies that solve the original learning problem.

5.1 Step 1: HyperLTL Skolemization

Let a HyperLTL formula be of the form ' = Q1⌧1.Q2⌧2. . . .Qn.⌧n.  (⌧1, ⌧2, . . . , ⌧n), where
for 1  `  n, each Q` 2 {8, 9} quantifies a trace variable ⌧`, and  is a quantifier-free LTL
formula. We first Skolemize ', producing Skolem('), to eliminate quantifier alternations. We
define Q9 = {i | Qi = 9} and Q8 = {j | Qj = 8} as the sets of existential and universal quantifier
indices, respectively. For each i 2 Q9, we denote Q8

i = {j < i | Qj = 8} as the index set of all
universal quantifiers preceding Qi. A Skolem function for each i 2 Q9 is defined as fi : T |Q8

i | ! T ,

and reduces to a constant function when Q8
i = ;. A trace assignment ⇧ is consistent with fi, if

⇧(⌧ij ) 2 T for all j 2 Q8
i , and ⇧(⌧i) = fi
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for all i 2 Q9, where
Q8

i = {i1 < i2 < · · · < i|Q8
i |}. If (T ,⇧, 0) |= ' for every trace assignment ⇧ consistent with

all fi, then each fi is said to witness the satisfaction of ' [43]. For the inner LTL formula  (i.e.,
obtaining Skolem( )), we replace each proposition p⌧i with pfi for all p 2 AP and i 2 Q9, thereby
instantiating variables of the existentially quantified paths via their Skolem witnesses. In general, a
Skolemized ' is of the following form:

Skolem(') = 9fi(⌧i1 , . . . , ⌧i|Q8i |
)
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Skolem( ) (1)

Based on this transformation, we re-write the problem statement from Section 3 as follows. We first
define the image of fi:

Img(fi) , {fi(ti1 , . . . , ti|Q8i |
) | tij 2 Traces(Z⌧ij

⇠ D⇡ij
), j 2 Q8

i }

That is, Img(fi) is the set of mapped traces (which ⌧ij for each i 2 Q9 ranges over) from all possible
preceding 8-quantified ⌧ij , where each tij is from its own sampled trace set Z⌧ij

. Now, let us use
./ as a notation to ensure the collection of trace sets are ordered w.r.t. their path indices. Given
two tuples of sets of traces T1 and T2, we define T1 ./ T2 , hTraces(Z⌧x)ix2{1···n}, where each
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vs.        Specifications

Tactics as HyperLTL Formulas

Take Away: 
Our experiments show that encoding effective tactics as 
HyperLTL formulas improves MARL baselines over 
shaped rewards. HyPOLE+IQL outperforms QTRAN 
on 8m, while HyPOLE+QMIX and HyPOLE+VDN 
achieve up to 90% and 55% gains in win rate on the 
challenging bane_vs_bane map. On corridor, 
HyPOLE+QMIX achieves up to a 60% gain by 
encoding the defensive tactic of holding the choke point 
in HyperLTL. Even in the noisier and more stochastic 
MessySMAC environment, HyPOLE improves MARL 
baselines by up to 25% on 8m, where the original 
baselines struggle to achieve nonzero win rates. Notably, 
HyPOLE+VDN achieves up to a 30% gain.
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Take Away: 
Changing the HyperLTL quantifier structure from      to      improves MARL when agents have 
strong interdependencies. In MMM, assigning an existential quantifier to the medivac agent yields 
up to 40% win-rate gains for HyPOLE(      )+QMIX in SMAC and up to 20% in MessySMAC 
compared to HyPOLE(     )with similar gains observed for QTRAN.

Take Away: 
HyPOLE can encode 
different tactics through 
HyperLTL specifications. In 
5m_vs_6m, the kiting 
specification consistently 
outperforms the focus-fire 
specification, indicating that 
kiting is the more effective 
tactic for this scenario. In 3m, a 
defensive specification 
encourages agents to retreat 
from enemies and reduce 
casualties. 

Caution 
HyPOLE is sensitive to the design of the HyperLTL 
formula. When we remove the subformula that 
encourages agents to shoot enemies from the focus-fire 
specification, the win rate drops to zero, highlighting 
the importance of encoding effective tactics.


