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Two representational learning work in two distinct tasks

Attention Steering Agentic Memory for temporal reasoning
Given user-marked spans of the prompt, control the share of

attention these tokens received so that the model respects

the user’s emphasis without retraining

Given a growing memory of facts that may become invalid

over time, return the right answer for any query time without

overwriting history, without per-update LLM arbitration.



PART I – ATTENTION STEERING

Spectral Attention Steering for Prompt Highlighting
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Setting. A user (or upstream system) marks a subset of input tokens 

as highlighted so they should receive more attention from later tokens 

during generation.

Examples. Knowledge-conflict editing · bias mitigation · instruction-

following emphasis · long-context passage steering.

Representational framing. The control variable is token relevance. The 

representation that carries token identity into attention is the key vector.

Prompt highlighting as an attention control problem

The attention logits:



Existing Method: PASTA

Zhang, Qingru, et al. "Tell your model where to attend: Post-hoc attention steering for llms." International Conference on Learning Representations. Vol. 2024. 2024.



The problem: post-hoc attention editing

Zhang, Qingru, et al. "Tell your model where to attend: Post-hoc attention steering for llms." International Conference on Learning Representations. Vol. 2024. 2024.

Prompt highlighting steers LLM attention to user-specified tokens. Goal: amplify attention via additive 

bias A′ᵢⱼ = Aᵢⱼ + Δᵢⱼ

PASTA (Zhang et al., 2024) edits attention after computation:

This post-hoc manipulation causes:

• FlashAttention incompatible — must store full attention matrix

• Costly head search — task-specific per attention head

• High overhead — +1.03s latency, ~2× memory



Relevance lives in key subspaces

We use contrastive prompt pairs (positive vs. negative 

for highlighted tokens), we extract key embeddings 

from shared token spans and visualise their pairwise 

shifts via PCA.



Relevance lives in key subspaces

We use contrastive prompt pairs (positive vs. negative 

for highlighted tokens), we extract key embeddings 

from shared token spans and visualise their pairwise 

shifts via PCA.

Key Findings

• Certain (layer, head) pairs show robust, 

consistent directional shifts when token 

relevance changes

• Relevance is encoded in a structured subspace 

of key representations

• Grey arrows = individual shifts; dark blue arrow = 

mean displacement



Where in the LLM does the relevance live?

Key Observation

• Relevance sensitivity is not uniform across heads

• Large ℓ₂ shifts concentrate in mid-to-late layers

• Aligns with retrieval heads (Wu et al., 2025) Wu, Wenhao, et al. "Retrieval head mechanistically explains long-context 

factuality." International Conference on Learning Representations. Vol. 2025. 2025.



Can we achieve the similar effect by editing Keys?



Method: Spectral Editing Key Amplification (SEKA)

Core Idea: Edit key embeddings before attention computation, 

not after.

• Use spectral decomposition (SVD) on contrastive key 

embeddings to learn a relevance subspace

• Amplify highlighted tokens via projection:  k′ⱼ = kⱼ + g · P · kⱼ

• Training-free, FlashAttention compatible
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Adaptive SEKA – Query-adaptive composition of experts

Observation. Different tasks can

have different relevance geometries.

AdaSEKA. Learn a small bank of expert 

projectors {Pe} offline; at inference, route 

each query to a convex combination 

based on its alignment with each expert's 

singular directions.



One remaining question: how shall we determine the head to apply steering on?

Head Selection Method

• Compute per-token ℓ₂ distance between h⁺ and h⁻ for every 

(layer, head)

• Apply SEKA only where distance > δmin

• Avoids interfering with heads that don’t encode relevance



Benchmarks



Results



Takeaways

SEKA introduces a mathematically rigorous, training-free approach to direct an LLM's focus.

• Fundamentally Efficient: Intervenes on key embeddings, eliminating the N × N matrix 

materialisation bottleneck.

• FlashAttention Compatible: Preserves modern IO-aware optimisation.

• Highly Performant: Sets state-of-the-art on prompt highlighting and positional recall benchmarks 

with negligible memory/latency overhead.

Ge, Yuyao, et al. "Prism-Delta: Differential Subspace Steering for Prompt Highlighting in Large Language Models." arXiv preprint arXiv:2603.10705 (2026).



PART II – Agentic Memory

Time is Not a Label: Continuous Phase Rotation for 

Temporal Knowledge Graphs and Agentic Memory
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Why graph-based memory needs a model of time

Not every fact is equally permanent. Time is not a metadata column but part of the truth condition of a relation.

STATIC FACT

(Obama, born_in, Hawaii)

Should remain valid for all query time. The relation

born_in has no temporal volatility.

A memory that overwrites or down-ranks old facts

on recency will quietly lose this.

DYNAMIC FACT

(Obama, president_of, USA)

Valid only inside a specific time window. The relation

president_of is highly volatile.

A memory that treats all relations identically will

conflate this with the current president.



Existing workarounds for graph-based agentic memory

APPROACH A

Destructive overwriting

When a new fact contradicts an old one,

delete or overwrite the old fact in place.

Cost. Loses the historical record

entirely. Cannot answer who was

president in 2010? After Trump’s term

is recorded.

APPROACH B

LLM arbitration at ingestion

For every incoming fact, call an LLM to

decide whether and how to update the

store relative to existing facts.

Cost. Per-ingestion LLM call.

Expensive at scale.

APPROACH C

Recency sorting at retrieval

At query time, re-rank candidate facts by

timestamp recency relative to the query.

Cost. Treat all relations identically.

Helps dynamic relations; quietly

destroys static ones.



Where do we go for a memory that does represent time?

Every workaround on the previous slide is a post-hoc fix wired around a memory that has no internal representation of 

temporal validity.

But actually, the community has spent roughly a decade on exactly this question regarding temporal knowledge graph

embedding (TKGE) learning.

• Time stays as a discrete label

• No learned per-relation volatility

Type Representative methods What they do

1. Additive / projection-based time 
conditioning

T-TransE, HyTE
Add a time vector, or project facts into time-
specific spaces.

2. Non-rotation temporal factorisation / 
embedding models

DE-SimplE: Goel et al., 2020; TComplEx: Lacroix et 
al., 2020; TLT-KGE: Zhang et al., 2022; HGE: Pan et 

al., 2024; TimeGate: Shen et al., 2025

Encode temporal facts through factorisation, 
diachronic embeddings, geometric product 

spaces, or attention/gating.

3. Discrete geometric / rotation-based 
TKGE

RotatE; TeRo; ChronoR; RotateQVS; TeAST; 
TCompoundE; 3DG-TE

Use rotations or geometric transformations to 
model temporal evolution.



Why rotation? Temporal validity as a learned geometric operator

Among the TKGE families on the previous slides, only the rotational view gives us the geometric handle 

we need. 

Time-invariant rotation (RotatE). Each relation is a per-

dimension complex unit 𝝆𝒓 = e𝑖𝜃𝑟.

𝑠 ℎ, 𝑟, 𝑡 = 𝛾 − | ℎ ∘ 𝜌𝑟 − 𝑡 |

1. Continuity over time. Model 𝜃𝑟(𝜏) as a

continuous function, not a lookup so that we can

interpolate between observed.

2. A generalisable per-relation velocity. Factor

the angle as

𝜃𝑟 𝜏 = 𝑠 ⋅ 𝛼𝑟 ⋅ 𝜏 ⋅ 𝜔

With s as the global time scale, 𝛼𝑟 is the semantic

speed gate, 𝜏 is the continuous timestamp and 𝜔 is

the frequency spectrum (learnable). 

Discrete-time rotation (ChronoR).

g ℎ, 𝑟, 𝑡, 𝜏 = ⟨ℎ ∘ 𝑟 𝜏 ∘ 𝑟2, 𝑡⟩

𝑟 𝜏 is the concatenated relation-time embedding

while 𝜏 is the discrete time embedding.



RoMem



Continuous phase rotation & Semantic speed gate

• Static relations. The gate outputs small 𝛼𝑟. The

rotation is essentially the identity where the

embeddings sit on the unit circle and stay there as

time passes.

• Dynamic relations. The gate outputs large 𝛼𝑟

(close to 1). The fact rotates out of phase as time

advances and back into phase when a query asks

about that fact’s actual window.

• Continuous. No buckets, no discrete timestamp

projections so we have a smooth functional

operator on the time.

• Static-looking phrases. ‘born_in’ / ‘authored’ ->

low speed -> less rotation

• Dynamic-looking phrases. ‘president_of’ /

‘CEO_of’ / ‘eat’ -> high speed -> rotation kicks in.

• Pretrained, then frozen. The gate is trained on

large temporal knowledge graph dataset such as

ICEWS05-15, then frozen during the agentic

memory ingestion phase. We hypothesize the

rotation speed can be generalise across relations

with similar semantic meaning.



Scoring function



Benchmark

Track 1 | TKGE link prediction

ICEWS05-15: political events, day resolution

Metrics: MRR / Hit@1/ Hit@3 / Hit@10

Baselines:

• Non-rotation: DistMult, DE-SimplE,

TComplEx, HGE, TimeGate

• Rotation: TeRo, ChronoR, RotateQVS,

TeAST, TCompoundE, 3DG-TE

Track 2 | Agentic Memory

MultiTQ: heavy temporal QA

LoCoMo: mixed general / temporal long

conversations

DMR-MSC: purely general QA

FinTMMBench: zero-shot to financial relations

Baselines: Zep, Mem0, A-Mem, LicoMemory,

HippoRAG 2



Track 1 Results



Track 2 Results



Case study 1 - Geometric shadowing of obsolete facts



Case study 2 – Semantic Speed Gate values



Takeaways

• Append-only memory can still resolve contradictions by representational learning.

• Temporal validity can be encoded as geometry.

• Static and dynamic facts need to be handled differently for external knowledge base.



Same recipe, different applications

Paper Latent variable Computational space Compact geometry Operator

SEKA Token relevance Transformer key

embeddings

Low-rank subspace per

(layer, head)

Projection

RoMem Temporal validity KG entity / time

embeddings

Phase angle with relation-

conditioned speed

Rotation

Post-hoc → Representational learning:

• Post-hoc attention editing → key editing

• Post-hoc recency ranking / explicit LLM management → rotation-based embedding learning



Thanks!

SEKA:

• Paper: https://arxiv.org/abs/2603.01281

• Codes: https://github.com/waylonli/SEKA

• Dataset: https://huggingface.co/datasets/waylonli/SEKA-datasets

RoMem:

• Paper: https://arxiv.org/abs/2604.11544

• Codes: https://github.com/Tencent/RoMem

https://arxiv.org/abs/2603.01281
https://github.com/waylonli/SEKA
https://huggingface.co/datasets/waylonli/SEKA-datasets
https://huggingface.co/datasets/waylonli/SEKA-datasets
https://huggingface.co/datasets/waylonli/SEKA-datasets
https://arxiv.org/abs/2604.11544
https://github.com/Tencent/RoMem
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