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In-context Learning (ICL) is great!
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Yet EXPENSSIVE (to some extent)!
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Repetitively Forward: forward demonstrations N times



Implicit In-context Learning (I2CL) as an alternative!
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Step-1: Collect demonstration vector
for each example independently and
average them to construct context
vector.

Step-2: At inference time, linearly
combine context vector with output
activation and re-inject them into
residual streams.

Effect: Reducing the caching memory
and inference speed of ICL to zero-shot
level with minimum performance loss



Estimate linear coefficients via noisy self-calibration.

1. Initialize a set of linear
coefficients.

2. Update them via minimizing
the perplexity of answer tokens
using the same demonstration
examples (no external data).

3. Add random noises during the
calibration.

4. Done!

Noisy Self-calibration Mini QA

Q: Since there is a “training” (i.e., self-calibration)
procedure, why I2CL is cheaper than ICL at all?

Ans: (1) self-calibration is extremely light-weight,
only updating a dozen of coefficients. (2) Critically,
linear coefficients are “task-id” that need
estimation only once per task, and can be applied
to different demonstration examples.



I2CL achieves few-shot performance with zero-shot
inference cost!



I2CL has good scaling property and linear
coefficients can generalize to unseen in-
domain demonstrations.



Limitations

1. We evaluate I2CL on standard classification tasks, more complicated task may need additional
consideration and more complicated technical design, e.g., how to extract context vectors and
how to estimate the coefficients.

2. I2CL needs access to intermediate activations, which is not directly applicable to black-box
commercial models.

3. We test on several small to modest-sized LLMs, further scaling LLM to very large size may vary
the observation.



Thanks for listening!

Chek out the paper here: https://openreview.net/pdf?id=G7u4ue6ncT

Code is available at: https://github.com/LzVv123456/I2CL

Presentation link: https://recorder-
v3.slideslive.com/#/share?share=98355&s=8ac7f48a-dba1-4aa7-9630-
9f3ce896f0c9

https://openreview.net/pdf?id=G7u4ue6ncT
https://github.com/LzVv123456/I2CL
https://recorder-v3.slideslive.com/
https://recorder-v3.slideslive.com/
https://recorder-v3.slideslive.com/

	Slide 1: Implicit In-context Learning
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9: Thanks for listening!

