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Motivation
Active interaction with the environment 1s fundamental to human understand-
ing of the world around us.

= Both neural and behavioral studies indicate that through active engagement
with their surroundings, humans garner critical insights and foster a profound
understanding of complex phenomena.

* When confronted with partial or ambiguous data, our innate response is to
seek supplementary evidence, hypothesize, and put forth possible explana-
tions, sometimes even reevaluating initial assumptions.

We present Conan to capture the dynamic and exploratory essence
of abductive reasoning—termed herein as active reasoning.

Standing head and shoulders above traditional single-round passive reasoning
benchmarks, Conan boasts an open-world arena, urging agents to actively
probe surroundings and engage in multi-round abductive inferences, all while
leveraging in-situ collected evidence alongside pre-existing knowledge.

The Playground

The playground is where the agents are created and traces left persist.

= Conan offers an extensive as-
sortment of interactive items:
food, materials, mobs, and
ools, each tied to specific ac-
tions.

= Advancing from its predeces-
sor, the original Crafter,
Conan now features 32 dis-
tinct traces covering all agent
actions such as crafting, col-
lecting, defeating, eating,
drinking, and incurring inju-

ries.

* This enhancement enables

the design of 60 varied abduc-

tive reasoning tasks within the
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The Playground

Question Answering

e Intent Why did the criminal cut
these trees?

To make a wood pickaxe. ‘

e Goal What was the criminal’s goal?

To get the diamond. ‘

e Survival What happened between
the criminal and the zombie?

The criminal fought and

killed the zombie despite
being injured.

detective

(b)

Conan 1s conceived as a detective game, transmuted into a question-answering challenge.

= The detective is tasked with a query and an

* (J1ven t
tion of the scene.

< . . »
incident scene

riddled with traces left by a vandal.

ne nitial paucity of conclusive information, the detective must embark on an in-depth explora-

= Conan to span various levels of abstraction, from localized intentions (Intent) to overarching objectives

(Goal) and survival states (Survival).
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Question: What's the I I
—

Choice B:

criminal’s intention? To get the diamond.

Choice A

nallenge as a detective game, necessitating a detective to efficiently

ne environment to deduce plausible explanations (i.e., answers) for

the given question. Building on previous work that utilizes hierarchical models for task decomposition,
our pipeline is structured into two primary phases: an exploration phase for trace collection, followed by

an abductive reasoning phase.
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Abduction from Deduction (AfD)
“Set a thief to catch a thief ”

For a skillful detective to abduce what a vandal does, it needs an in-depth grasp
of vandals’ modus operandi, motivations, and decisionmaking process. We
articulate the problem of abductive reasoning based on evidence and knowl-
edge from known deductive transitions.
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RecurrentPPO as the explorer.
T o TRPO and RecurrentPPO mani-
3 ( fest similar performance in terms
50 | of rewards following a substantial
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The VL-Reasoner

We employ a multi-choice question-answering paradigm to solve Conan. Spe-
cifically, the model is presented with a question, its corresponding exploration
frame sequence, and each potential answer choice, subsequently generating a
score for each choice. We evaluate several well-established multimodal models:
Vanilla-Trans, FrozenBiLM, and Flamingo-Mini. Our reasoning models are
tested under three different settings: Standard, Ideal Explorer, and AfD.

Standard Ideal Explorer AfD
I G S O I G S 0, I G S O
Vanilla-Trans 329 250 245 28.8 64.0 784 58.1 66.1 248 233 245 243
F-BiLM-BERT 726 444 544 61.0 87.5 595 615 74.0 82.8 429 3555 66.0
F-BiLM-DeBERTa 829 43.1 522 65.3 87.7 71.8 639 77.8 829 419 538 654
Flamingo-Mini 86.2 433 495 66.3 85.8 47.8 56.6 69.0 849 425 522 66.1

Conclusion

We introduce Conan, a benchmark tailored to evaluate and assess models’

active reasoning ability in addressing incomplete-information questions in an

Interactive environment.

Benchmarking the efficacy of contemporary machine learning models on

Conan, we elucidate the model limitations in interacting with the environment
that leads to failure in higher-level, longer-term abductive reasoning.




