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An Instantiation of Strategic Classification
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LLMs are remarkably good at in-context learning—that is, adapting to new examples directly within
their prompts, without changing any parameters.

We discover that this in-context mechanism can implicitly perform gradient-like updates inside the
self-attention layers.

Based on this insight, we design GLIM, a Gradient-free Learning In-context Method.
GLIM allows an LLM to simulate both stages of strategic classification:

Inner Stage (Strategic manipulation): x' = arg max [f(x") — Ae(x, x)],
X'€E

Outer Stage (Decision rule optimization): f* = arg max Exy) [1{f(x)=1y}].
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A. Simulating the Inner Stage (Strategic Manipulation)
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Goal: Show that the LLM can produce a feature update Ax equivalent to a gradient-based strategic

manipulation.

B.Simulating the Outer Stage (Decision Rule Optimization)

Goal: Show that the LLM can adjust its effective decision rule in response to the manipulated

features, again without fine-tuning.

Sec 3.2 Gradient-free Outer Optimizationl

~

Gradient-aware update:
Ax$P = An(I — y)W"

Gradient-free:Ax[“" = PVKq;

Proposition 1:
Construct PVKg; in
SA layers:

Axjt = AxfP

Sec 3.2 Gradient-free Inner Optimization|

Gradient-aware update:
AY{P = AWx;

Gradient-free: Ay}‘" = PVKgq;

Bi-Level Optimization in SC Empower SC task via ICL in LLMs
Inner Stage: ) |Sec 3.1 SC Task Definition in LLMs |
Strategic Manipulation: Inner Stage:
% = R 6) = CoRgR ) Strategic Manipulation via ICL:
, ICL-induced update x;' < x; + Axj"
Feature Upate : x; < x; + Ax; |
\Outer Stage: Outer Stage: s 7
Decision Rule Optimization: Decision Rule Optimization via ICL:
f" € argmaxsE y)[f(x) =yl fre flesw + aw)
. 2 » 4
S Prediction Upate : J;' = f'(x) ) kICL-induced Upate: y;' = y; + Ay

Proposition 2:
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Some Experimental Results
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