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Task Switching in
the Natural World

» Organisms often constantly switch
across disparate tasks within
fractions of seconds.

> This behaviour is not confined to
fixed environments.

» They can often infer/learn a new task
in a new environment on-the-fly.

» Certain neuroscience studies
attribute this phenomenon to the
brain’s ability to repurpose the same
circuitry for varied tasks without
dismantling the core wiring.
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Al Can’t Task-Switch (As Well)

» Al has looked at this idea for
long, but approaches to tackle

this have often remained siloed.

»Domain Generalization mimics
changes in environments.

»Incremental Learning emulates
adapting to new tasks.

» Lack of an overarching
framework that tackles both
problems simultaneously.

Data Availability DG | DIL | CIL
Tasks arrive sequentially? X v v
Same label sets across tasks? v v X
Task 1dentifier available at inference? X X X
Test distribution seen during training? X v v




What’s Missing?

Deep Learning has predominantly overlooked explicit memory-
based mechanisms that biology suggests are fundamental to rapid
and efficient adaptation. Integrating biologically plausible
associative memory models into deep learning frameworks should
allow for rapid task switching.




Hypothesis Realization
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Associative Memory (AM) Primer

(dBiologically plausible content-addressable memory system.

AStores patterns, retrieves via associations based on query vector and stored
patterns.

Typically consists of three components:
o A memory vault: a substrate on which it is instantiated.

o An energy function: designed so that patterns lie very close to local minima of the
function.

o Set of optimization programs: for each operation such as read, write, forget, update,
etc.

JExamples: Universal Hopfield Networks, Predictive Coding Networks, etc.




Architecture Blueprint
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Phase-|: Building An Expert Arsenal
Adaptation]

* We instantiate a task expert as a
low-rank adapter.

e A standard classification loss is
used to train the adapters.

Transformer
Blocks with LoRA .
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e Adapters are written to an
encoder-specific AM at each
encoder block and tied to L) 3
randomly initialized keys. a | MIRA: Adaptation |




‘Consolidation

* Adapter-modulated network
needs to consolidate knowledge
learnt in Phase-| for test-time
inference.

* Specifically, keys for hetero-
associative Hopfield memory
indexing into the adapters are
learnt in this stage.

e Queries are cascaded across
encoder blocks of the
Transformer.
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Phase-lI: Learning What to Recall, When
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MIRA: SoTA (IL)

Domain-Incremental Learning (DIL): Performance Across Methods
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MIRA: SoTA (IL) [Cont'd]

Forgetting Per Unit Accuracy: MIRA is Most Efficient (CIL & DIL)
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MIRA: SoTA (DG)

MIRA: Strongest Overall Performance on Domain Generalization
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Summary & Conclusions

» Al systems lack an overarching framework that can rapidly switch
across disparate tasks in an environment.

» We posit that memory could play a key role in Al systems to tackle
this challenge, inspired from observations in neuroscience.

»We propose a way to integrate a differentiable memory unit (AM)

into a Transformer architecture and refine its keys for extrapolation in
diverse environments.

» Extensive experiments on IL and DG benchmarks demonstrate the
importance of memory for task switching.
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