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Congresspersons produce
Tweets, speeches, and

discussion
transcripts.
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Predicted voting

behavior can be

used by
stakeholders to b
improve resource

allocation.
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Congressperson-specific data
parameterizes a collection of virtual
generative models that can produce
content similar to their physical
counterparts.
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Generated
responses to
questions
related to a bill
can be used to
predict and
characterize
voting behavior.
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Example detectability analysis: Morgan Griffith
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Predicting the votes of individual congresspersons
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Visualization of Flip Score for 117-HR-4346 in 2D DKPS
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Regressing observed proportion of flips on flip score

y=ax+b;a=0.22,b=0.10
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1 RGBT TR = AR

Gi. SCE T ESCHESCRYIT A 2 BT 20 5T (“SP”
= RUOGHUR: “RAG” = HIROH L)
Model name | System Query
prompt
Generic  sys- | You are | Complete
tem prompt | a helpful | the following
with no aug- | assistant. Tweet:  {start
mentation of real Tweet}.
(—SP —RAG) Respond with
the full Tweet.
Specific sys- | You are | Complete
tem prompt | U.S. con- | the following
with no aug- | gressperson | Tweet: {start
mentation {name}. of real Tweet}.
(+SP —RAG) Respond with
the full Tweet.
Specific sys- | You are | Complete
tem prompt | U.S. con- | the following
with augmen- | gressperson | Tweet: {start
tation (4+SP | {name}. of real Tweet}.
+RAG) Here is an

example Tweet
potentially
related to the to-
be-completed
Tweet: “fre-
trieved Tweet}".
Respond with

the full Tweet.

11



	定义数字孪生
	国会议员推特的数字孪生
	相关和动态数据
	物理到虚拟反馈
	有价值的推理能力
	虚拟到物理反馈

	讨论与限制

