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Instantly Revealed Fatal Problem for DL:  
Representation of Declarative Information — 
which logic handles with the ease of driving a 

hot knife through a soft stick of butter. 
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To represent  we need to tokenize it.  How?  We need a vocabulary  that is 
associated with , a finite set of numbers .  What is  itself?  
It’s a set composed of sub-words, usually.  But without loss of mathematical 
generality we can just go with words; in that case tokenization gives us
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Are there two bejeekers made by two different agents, and believed by the speaker to 
be singularly good, for reasons beyond their having in them either lazerall or sinifer? 

https://arxiv.org/abs/2207.09238
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Let’s look @ the paper …

http://kryten.mm.rpi.edu/SB_NSG_SB_JH_DoMachine-LearningMachinesLearn_preprint.pdf
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• Step 4:  Real Learning (RL ) is the acquisition of genuine knowledge via RC.



But how is this mechanizable?  

Well, how about a new form of machine learning? 
(by reasoning)
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Or … 11 Strength Factors
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) B
�
capt, t1,B(atc, t1,Land(capt, t1, lga13))

�
[I12] X

) B1(capt, t1,Land(capt, t1, lga13)) [B1-def] X

<latexit sha1_base64="yX88y7TpYMWUmgFfA4OLAlygrQg="></latexit>



LGA

TEB

ATC

“LGA”



LGA

TEB

ATC

“LGA 
unreachable”

“LGA”



LGA

TEB

ATC

“LGA 
unreachable”

“TEB”

“LGA”



LGA

TEB

ATC

“LGA 
unreachable”

“TEB”

“LGA”

) Land(capt, t2, teb) �capt
t2 Land(capt, t2, lga13) [ �a

t -def] X
) B2(capt, t2,Land(capt, t2, teb)) [B2-def] X

<latexit sha1_base64="iwRaAa+rCT8Q+Ypth1YJrdR+NsA="></latexit>



LGA

TEB

ATC

“Okay, TEB”



LGA

TEB

ATC

“TEB 
unreachable”

“Okay, TEB”



LGA

TEB

ATC

“TEB 
unreachable”

“Hudson”

“Okay, TEB”



LGA

TEB

ATC

“TEB 
unreachable”

“Hudson”

“Okay, TEB”

S(atc, capt, t3,Land(capt, t3, teb1))

) B
�
capt, t3,B(atc, t3,Land(capt, t3, teb1))

�
[I12] X

) B1(capt, t3,Land(capt, t3, teb1)) [B1-def] X

<latexit sha1_base64="YvZS+Xk32H4o2ZuFYMDYV5vF/Qo="></latexit>

) Land(capt, t3, hud) �capt
t3 Land(capt, t3, teb1) [ �a

t -def] X
) B2(capt, t3,Land(capt, t3, hud)) [B2-def] X

<latexit sha1_base64="5uZHz00pOj4KnZT4C8Udh50YXpk="></latexit>



LGA

TEB

ATC

“Okay, TEB”

S(atc, capt, t3,Land(capt, t3, teb1))

) B
�
capt, t3,B(atc, t3,Land(capt, t3, teb1))

�
[I12] X

) B1(capt, t3,Land(capt, t3, teb1)) [B1-def] X

<latexit sha1_base64="YvZS+Xk32H4o2ZuFYMDYV5vF/Qo="></latexit>

) Land(capt, t3, hud) �capt
t3 Land(capt, t3, teb1) [ �a

t -def] X
) B2(capt, t3,Land(capt, t3, hud)) [B2-def] X

<latexit sha1_base64="5uZHz00pOj4KnZT4C8Udh50YXpk="></latexit>



ShadowAdjudicator

20



ShadowAdjudicator
• A nascent automated reasoner 

for generating and adjudicating 
arguments

20



ShadowAdjudicator
• A nascent automated reasoner 

for generating and adjudicating 
arguments

• Builds upon ShadowProver

20



ShadowAdjudicator
• A nascent automated reasoner 

for generating and adjudicating 
arguments

• Builds upon ShadowProver

• Uses ShadowProver for sub-
proofs of modal/FOL/PL 
formulae

20



ShadowAdjudicator
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• Builds upon ShadowProver

• Uses ShadowProver for sub-
proofs of modal/FOL/PL 
formulae

• Implements an algorithm and 
inference schemata for 
generating arguments with 
strength factors
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Michael Giancola 
Graduate Research Assistant (PhD)



At the start of the event, the vehicle was in autonomous mode in the rightmost of four lanes traveling in the same 
direction, and the pedestrian was walking her bicycle across the street starting on the leftmost side of the roadway.

Michael Giancola 
Graduate Research Assistant (PhD)



The vehicle’s radar first detected the pedestrian 5.6 seconds before the fatal collision. Less than half a second later, 
the lidar detected the pedestrian but classified her as “Other”.



For the next 2.5 seconds, the lidar re-classified her several times, alternating between “Vehicle” and “Other”. The 
vehicle’s automated-driving system (ADS) attempted to predict her direction of travel several times, but discarded 

any previous information about her trajectory every time it reclassified her.



With 2.6 seconds until collision, the lidar classified her as a bicycle but, as it was yet again changing her classification, 
discarded any past trajectory information, and hence determined that she was not moving. Up to this point, the car 

had not taken any evasive or corrective action.



With 1.5 seconds left, the lidar re-classified her yet again, this time as “Unknown”. The system once again loses 
all of its tracking history. However, since at this point the pedestrian had entered the vehicle’s lane, the ADS 

generated a plan to turn the car to the right to avoid her.



Three hundred milliseconds later, the lidar re-classified her as a bicycle, and determined that it would be impossible at 
this point to maneuver around her. With just 200 ms until collision, the ADS began braking the vehicle, pitifully too late 

to stop in time.



Three hundred milliseconds later, the lidar re-classified her as a bicycle, and determined that it would be impossible at 
this point to maneuver around her. With just 200 ms until collision, the ADS began braking the vehicle, pitifully too late 

to stop in time.
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would’ve handled it…
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Loggik kan hjelpe deg å leve for alltid.


