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Defining the Area: Autonomous Driving m “
AD Stack _HD-Map |

e The simplified overview of the
classical Autonomous Driving . Perception
(AD) Stack
o Let's focus on Prediction and

Planning in AD
Prediction: _
othar Prediction

Planning:
ego Planning

Steering

+ Localisation /




Defining the Problem: Uncertainty

Uncertainty
e Prediction of other agents’ motion 3
e Lack of training data - Epistemic ...:-.,ﬂ‘

Uncertainty
o It can notify the problematic
events

Aleatoric

Image source



https://heartbeat.comet.ml/uncertainty-in-machine-learning-f32593dfd483

Defining the Problem: Safety

Safety

(o)

What about safe Planning?
Let’s use the Markov Logic Network !
o California Driver's Handbook

[1] Markov Logic Networks

[Current Context] + [Retrieved Context]
Human: What is the action of ego car?

LLM: The car is sIowin to a stop

Weight  Formula (Knowledge Rules)

10.02 SolidRedLight(x) => —~Accelerate(x) A ~LeftPass(x) A ~Yield(x)
8.03 StopSign(x) => Stop(x) V Decelerate(x) A -PullOver(x)

8.47 NoleftTurnSign(x) => —TurnlLeft(x)

10.51 MLLMKeep(x) => Keep(x)

10.55 MLLMStop(x) => Stop(x)

4

Violate safety knowledge
Should be Stop

Image source



https://www.dmv.ca.gov/portal/handbook/california-driver-handbook/
https://arxiv.org/abs/2503.00211
https://link.springer.com/article/10.1007/s10994-006-5833-1
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Uncertainty in AD

Uncertainty: Motivation Pt = pi_1 - P(z| Predictor)+

Previous version used a highly
SW-optimized version of a Bayesian
Filter

o A combination of a Predictor
(what to imagine) and a Tracker
(what we see)

Unfortunately, it highly depends on
the Predictor model
Goals:

o To design the approach mostly
independent on the specific
model architecture
To deal with problems of
training data incompleteness

+(1 — p¢_1) - P(2¢|Tracker)

where:

e p,andp, :current and previous
timestamp probabilities of the
trajectory

e Zz:trajectory




Uncertainty in AD

Uncertainty: Idea

“Out of Distribution” (OOD) concept

Idea:
e Measure the OOD at the input of any ML
model
e OOD = "haven’t seen similar data during
training”
e |Itis Epistemic (input) Uncertainty (lack of
data)

Core assumption:
e We cannot guarantee anything about
model’s output if the input is OOD: it can be
either good or bad

/
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https://pods.cs.uni-freiburg.de

Uncertainty in AD

Implementation Scheme

Training Pipeline
(offline)

ROps Driving Data

Deployment (online)

New Driving Scene out

Detector

Behavior Model

Backup
System



Uncertainty in AD

OOD Module

Deployment (online)

New Driving Scene

Detector
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Density Estimation

Uncertainty: Approach

Proof-of-Concept approach:
e Density Estimator (DE) on top of the
inputs to the Predictor
o DE will provide the probability
(or, equivalently, NLL) of the
input to be in distribution (ID)
e Training dataset for DE = (subset of)
Predictor training dataset
e Inputs = outputs of Behavior Encoder
e Levels of granularity:
o Scene level at a specific
timestamp
o Even (track_id, ts) level
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https://arxiv.org/abs/2303.14961

MAF

Uncertainty: First Tries

We started with Masked Autoregressive Flow ' method
Idea: to use the invertible transformations and map the input to a known distribution (e.g., Gaussian)

(initially did some experiments with different embedding sizes: full and flatten)

- . I — - S— — 2= fy(x)

&l D

13
o [1] Masked Autoregressive Flow for Density Estimation



https://arxiv.org/abs/1705.07057

TRE

Uncertainty: Final Try

Later, we continued with Telescoping
Density-Ratio Estimation (TRE ")

Idea:
e Add multiple levels of noise to the input and
classify these levels of noise

e Make multiple intermediate steps
O azp=14/l—0al-zo+ok -Tn

e [oss - Multinomial CE
o ;- prior class probability
o h.-unnormalized logits

C C
L(hy,...,h¢) =Y mEqamp, | —logm, — he+log »  miexp (hi(z))
c=1 k=1

o [1] Telescoping Density-Ratio Estimation

single ratio
—— TRE

s

100 102 103 10*  10°
sample size (log scale)



https://arxiv.org/abs/2006.12204

Uncertainty: Eval Preparation

Datasets:

e OOD: a number of scenes from the
Predictor Eval with the high Average
Displacement Error (ADE) further filtered
out by human experts
Lowest ADE scenes
Train scenes - a subsample of the Predictor
Eval

Granularity:
e A positive example at the specific ts if
having a high DE
e Everything else is a negative one

(o)
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Id ntile=0.95, tracks

Experiment Results

Uncertainty: Precision vs Recall

e The closer to the upper right (higher
precision and recall), the better

o Result: TRE works better than MAF




threshold quantiie=0.8, tracks

Experiment Results

(track, timestamp)

Uncertainty: Precision vs Recall

e The closer to the upper right (higher
precision and recall), the better

e Results are kept for all the thresholds
(80-95%)

o Result: TRE works better than MAF



Eval

Uncertainty Eval
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Safety in AD

Safety: the Overall Approach'

Multimodal Input: video, text Position-Dependent Cross-Entropy Loss (§ 3.1)
Current video driving scenario: <video> G 10 o

Control Signal before the current frame Sequence: 29
Speed: [3.35, 3.26, 3.17, 3.08, 2.96, 2.87, 2.78] S=s
Curvature: [0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0] MLLM

Acceleration: [-0.92, -0.9, -0.88, -0.85, -0.82, -0.8, -0.77]

Cotese: DOAOIC L0000 020 0] The Weighted Target Token Probability for float number speed “2.69”
SafeAuto-Reasoning: Knowledge-Enhanced Post-Safety Verification (§ 3.2)  __ __ Tasks of SafeAuto
\ e =
Predicates Weight  Formula (Knowledge Rules) : Task 1: High Level Action Query
MLLM Action Predicate: 10.02 SolidRedLight(x) => ~Accelerate(x) / -~LeftPass(x) A ~Yield() | [Current Conte_xt] + [Re.trieved Context]
MLLMKeep(x)=1, MLLMStop(x) =0, ... 8.03 StopSign(x) => Stop(x) v Decelerate(x) A —PullOver(x) i Human: Whaf is the_aCt’O” of ego car?
\— Environmental Predicates: 8.47 NoleftTurnSign(x) => —TurnLeft(x) 1- :
I SolidRedLight(x)=1, StopSign(x)=0, ...  10.51 MLLMKeep(x) => Keep(x) ,= - »LLM: The car is slowing to a stop
| Observed Action Predicates 10.55 MLLMStop(x) => Stop(x) Violate safety knowledge,
I Keep(x), Accelerate(x), Stop(x), ... Shoudibe stop Task 2: High Level Justification Query
| SafeAuto-RAG: Learn from Similar Driving Experience (§ 3.3) j;t Eanan L hitloes the e ol cio thio
1 =
1 [eo—ma) LLM: for the red light at the intersection ahead.
1 Video (8 image frames) / \ MLLM 2
1 Rank
! Control Signal (float vector) "
1 Learning
1

~ » Environmental Predicate
(binary vector) Unified Text
Embedding Embedding

Human: Predict the control signal of next frame.
LLM: Speed: 2.69 Course: 0.00

'rank e

4 Task 3: Low Level Action Query
I
Retrieved Context]- - -'

MLLM = multimodal large language model
o [1] SafeAuto: Knowledge-Enhanced Safe Autonomous Driving with Multimodal Foundation Models


https://arxiv.org/abs/2503.00211

Safety in AD

Safety: the Overall Approach'

o [1] SafeAuto: Knowledge-Enhanced Safe Autonomous Driving with Multimodal Foundation Models

Multimodal Input: video, text

Current video driving scenario: <video>

Control Signal before the current frame Sequence:

Speed: [8335839267 317 3 08%2:96%2 87 7 2.7.8]
Curvature: [0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0]

Acceleration: [-0.92, -0.9, -0.88, -0.85, -0.82, -0.8, -0.77]
Course: [0.0, 0.0, 0.0, 0.0, 0.0, 0.0, 0.0]

SafeAuto-Reasoning: Knowledge-Enhanced Post-Safety Verification (§ 3.2)  _ __ Tasks of SafeAuto
1 o 5
Predicates Weight  Formula (Knowledge Rules) : e
MLLM Action Predicate: 10.02 SolidRedLight(x) => ~Accelerate(x) A ~LeftPass(x) A ~Yield(x) ' [Current Context] + [Retrieved Context]
MLLMKeep(x)=1, MLLMStop(x) =0, ...  8.03 StopSign(x) => Stop(x) V Decelerate(x) A ~PullOver(x) 1
{

- Environmental Predicates: 8.47
SolidRedLight(x)=1, StopSign(x)=0, ...  10.51
Observed Action Predicates 10.55
Keep(x), Accelerate(x), Stop(x), ...

Human: What is the action of ego car?
NoleftTurnSign(x) => —~TurnlLeft(x) g i i

MLLMKeep(x) => Keep(x) ,= — »LLM: The car is slowing to a stop
MLLMStop(x) => Stop(x) Violate safety knowledge,
Should be Stop

MLLM = multimodal large language model .


https://arxiv.org/abs/2503.00211

Motivations

Safety: Motivations

Currently, most MLLMs are still data-driven
Reliability and strict adherence to safety
regulations are inevitable
Let’s use Probabilistic Graphical Models to
verify the safety
o Markov Logic Networks (MLN) to
combine:
I. Domain knowledge
ii. Traffic rules

Image source

22


https://ojs.aaai.org/index.php/AAAI/article/view/9525

MLN

Safety: MLN

where:
X: set of all ground truth predicates
Z: partition function
¢slay). potential function for formula f
with assignment a, (=1iff a)
F: set of all formulas f
A set of all possible assignments to the

e MLN == a set of first-order logic formulas
with an associated confidence weight w
o w: to model uncertainty / deal with
exceptions in real-world knowledge
o Ex. a traffic rule like “If there is a stop
sign, then the vehicle should stop or
decelerate” can be represented as
the logical formula:
m StopSign(x) = Stop(x) V
Decelerate (X)

arguments of formula f




MLN in AD

StopSign(x) =

Safety: MLN in AD

e Predicates: = Stop(x) v Decelerate(x) A 7"PullOver(x)

o Unobserved U: .
m Vehicle should take (Stop, Example of environmental observed

Accelerate, TurnLeft) predicate

o Observed O:
m  MLLM Action (MLLMStop,
MLLMAccelerate, MLLMTurnLeft)
e MLLMStop => Stop
m Environmental (StopSign,
SolidRedLight)
e From video, using YOLOVS''
trained on LISA ?
e + Historical Control Signal
(HCSTurnLeft)

[1] YOLO model 24
o [2] LISA dataset


https://github.com/ultralytics/ultralytics
https://ieeexplore.ieee.org/document/7398055

MLN in AD

Safety: MLN in AD - Process (1)

e Inference
o Obtain the most realistic unobservable
U given the observable O using the
trained MLN

e Training
o  Obtain the weights w, to maximize the
P(UIO) with BDD-X "/ DriveLM ? data

Safety verification
o After inferring the U based on O from
MLN, if it contradicts MLLM's action (a
potential safety violation [ breach of
critical traffic rules) => need to
overwrite the high-level action query
and re-prompt the MLLM again

[1] BDD-X dataset
o [2] Drivel M dataset

U* = arg max P(U|0)

25


https://arxiv.org/abs/1807.11546
https://arxiv.org/abs/2312.14150

MLN in AD

Safety: MLN in AD - Process (2)

MLN

(@)

Serves as a post-verification layer
able to change the unsafe MLLM

system initial suggestion

Improving the overall trust to AD

system

[ The car accelerates F
1

I Predicate Extraction s extract
i
'.:‘(_@ Environmental Predicates: MLLM Action Predicate: @
_)SolidRedLight(x):l, StopSign(x)=90, .. MLLMAccelerate(x)=1, MLLMKeep(x)=1 ..

——————————————————————————————————————————————————————————————— Y

Weight Formula(Knowledge Rules) !

137~?3 10.02 SolidRedLight » -AccelerateA-LastPassA-Yield

¢ 8.03 StopSign(x) => Stop(x) Vv Decelerate(x) A -PullOver(x) :
i
i

8.47 NoLeftTurnSign(x) => -TurnLeft(x)
8.77 MLLMAccelerate(x) => Accelerate(x)

Observed Action Predicates Probability

Accelerate(x) 0.02 Suoaection
Stop(x) 0.8 =d4ETON, Tpe ego car should stop

The ego vehicle "should stop.

"~ overwrite ~ \What is the action of ego car*?J [The cen slows ford ston F




Safety in AD: Results

Safety: MLN in AD - Results

Ablation study on the impact of each
module on the traffic rule violation rate of
MLLM-predicted actions

Method BDD-X | DriveLM
Base 11.64% 1.03%
PDCE 8.44% 1.46%
PDCE+RAG 5.90% 1.03%
PDCE+RAG+MLN | 4.50% 0.75%

(lower the better)

DriveLM use case

High-Level Behavior Motion
Method
Accuracy | Speed Steer ADE

Base 60.58 64.57 80.29 0.86

PDCE 63.21 67.88 79.27 0.85
PDCE+MLN 66.86 71.39 80.29 0.85
PDCE+RAG 74.01 79.27 81.61 0.84
PDCE+RAG+MLN 74.61 79.85 81.91 0.84

27
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Limitations: Uncertainty

Uncertainty Outcomes

EU / EBM model works better than the Bayes' one

Variability in the ADE threshold: objects, scenes, ts, etc

No any time smoothing for the OOD score

One more ML model

When the ML model becomes better, the training / eval data becomes obsolete

o O O O

29



Limitations: Safety

Safety Outcomes

Markov Logic Network provides an additional layer of safety in AD
o :

o Need to understand the Markov-based reasoning
o Doesn’t work equally best for every dataset
o One more ML model

BDD-X use case

Base 292 61.75 13.2

PDCE 29.3 61.94 13.2
PDCE+MLN 29.4 62.97 13.2
PDCE+RAG 35.3 91.00 13.9
PDCE+RAG+MLN 515 92.18 14.0




Conclusion

Final Conclusion

e Reliability
o Comes through the
input-based Epistemic
Uncertainty

Safety
o Achieved through the
output-based correction by
Markov Logic Network

Question to be Answered
o Can we combine everything at
one and big (~foundation)
model?




Thanks!



