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1. Introduction

As Large Language Models (LLMs) transition from conversational systems to long-horizon autonomous software
engineering agents, context management and prompt prefill latency have emerged as the primary architectural
bottlenecks. Standard deployments attempt to maintain operational continuity by stuffing past turns, tool outputs,
and coarse Retrieval-Augmented Generation (RAG) documents into the prompt head. This induces quadratic self-
attention costs ($O(L " 2)$), severe time-to-first-token (TTFT) latency, attention dilution, and epistemic drift.

The academic research community has developed multiple disconnected paradigms to address these limitations.
This paper provides a comprehensive review of the state of the art (2024-2026), systematically analyzing four
primary research frontiers: 1. Representation Engineering & Activation Steering 2. Test-Time Training (TTT) &
Associative Neural Memory 3. Concept-Based and Latent Agent Memory Frameworks 4. Closed-Loop Agent
Control & Verification

We subsequently analyze how Non-Generative Tensor Attunement (NTMA), Iterative Residual Concept
Attunement (IRCA), and Syntax-Aware Boundary Scoring (SABS) synthesize these disparate domains into a
unified, zero-decode concept-level attention architecture.



2. Taxonomy of the Current Research Landscape

TAXONOMY OF THE 2024-2026 RESEARCH LANDSCAPE

Research Frontier

Representative Works

Core Mechanism & Limitations

1. Representation Steering
& Activation Engineering

Zou et al. (2023)
Turner et al. (2023)
Anthropic SAEs (2024)

Linear offset in residual
stream for safety/alignment.
Static traits; not memory.

2. Test-Time Memory &
Compressive Attention

Titans (Dec 2024)
Infini-attention(2024)
Sun et al. (2024)

Compressive associative weight
matrices updated at inference.
Requires model retraining.

3. Latent & Concept Memory
Agent Frameworks

NextMem (2024)
ArcMemo (2025)
Echo (2024)

Textual concept abstractions
or latent state stores.
Generative decode overhead.

4. Closed-Loop Agent Control

Self-Refine / CRITIC
AgentGym / POMDP(2024)
Reflexion (2023)

Multi-turn token-level prompt
loops (Generate-Evaluate-Edit)
Macro-level latency (5-30s).

3. Deep Literature Review by Frontier

3.1 Frontier 1: Representation Engineering and Activation Steering

Representation Engineering (Zou et al., 2023) and Activation Addition (Turner et al., 2023) established that high-
level concepts (such as truthfulness, sentiment, and stylistic formality) are represented as linear subspaces within
the residual stream of transformer models. By extracting contrastive activation vectors:

$$\mathbf{v}{\text{steer}} =
_{\text{negative}}1$$

\mathbb{E}[\mathbf{h}{\text{positive}}] - \mathbb{E} [\mathbf{h}

practitioners intervene directly during the forward pass:
$$\mathbf{h}' = \mathbf{h} | + \alpha \mathbf{v}{\text{steer}}$$

Recent developments (Anthropic, 2024) utilize Sparse Autoencoders (SAEs) to isolate millions of monosemantic
latent features.

Critical Analysis: In the existing literature, activation steering is applied almost exclusively as an inference-time
alignment tool for behavioral control (e.g., suppressing deception or toxicity). It has not been formulated as an
active addressing mechanism for external memory retrieval.

3.2 Frontier 2: Test-Time Training (TTT) and Associative Neural Memory

To overcome the $O(L " 2)$ complexity of standard attention across long sequences, recent research has explored
replacing or augmenting the Key-Value (KV) cache with continuous associative memory models: * Infini-attention
(Munkhdalai et al., Google, 2024): Integrates a compressive memory matrix directly into the attention module,
storing past KV states using bounded associative memory updates. * Titans: Learning to Memorize at Test Time
(Behrouz et al.,, Google, Dec 2024): Introduces a neural memory module that learns to store and retrieve



historical information at test time via online gradient updates. * Test-Time Training on Sequences (Sun et al.,
2024): Formulates the hidden state as an inner-loop learning model trained to compress sequence history.

Critical Analysis: While theoretically elegant, these architectures require training custom models from scratch. They
cannot be directly integrated into pre-trained, off-the-shelf foundation models (e.g., Gemma 4 31B) deployed in
production agent runtimes.

3.3 Frontier 3: Concept-Based Memory in Autonomous Agents

A growing body of work addresses agent memory through high-level conceptual abstractions: * ArcMemo:
Concept-based Memory for Abstract Reasoning (2025): Distills generalizable problem-solving concepts from
reasoning traces, revising concept descriptions over time. * Echo & NextMem (2024): Differentiate between
episodic execution traces and semantic conceptual knowledge, attempting to store structured memory outside the
context window.

Critical Analysis: Existing concept memory frameworks remain fundamentally bound to generative text pipelines.
The agent must generate natural language descriptions of concepts, store them in vector databases, and read them
back as text tokens, re-introducing prompt prefill bloat.

3.4 Frontier 4: Closed-Loop Agent Architectures

To prevent hallucination, frameworks such as Self-Refine (Madaan et al., 2023), Reflexion (Shinn et al., 2023), and
CRITIC (Gou et al., 2024) implement closed-loop verification.

Critical Analysis: These systems operate at the macro-token sequence level. The model generates a full text output,
an external tool validates it, and the model generates a subsequent text correction. Each step requires a full
autoregressive forward pass, accumulating 10-30 seconds of latency per verification round.

4. Synthesis: How NTMA, IRCA, and SABS Diverge

The architecture introduced in this monograph provides a distinct, non-generative solution that bridges these four
frontiers:

TABLE 1: COMPARATIVE TECHNICAL MATRIX
Dimension Traditional RAG/Agents| Test-Time Memory NTMA + IRCA +
(MemGPT, ArcMemo) (Titans / TTT) SABS (Ours)
Model Compatibility Any LLM (Prompt-based)| Custom Arch Only Frozen Pretrained|
Retrieval Latency 1,200 — 3,500 ms Integrated Layer 0.254 ms (GPU)
Decode Tokens Generated 100 — 500 tokens Continuous TTT 0 tokens (Zero)
Memory Carrier Text in Prompt Window | Weight Matrix VRAM CSR Vault
Mathematical Operation Cosine Embedding/BM25 | Gradient Descent Signed SIMD Dot
AST Closure Integrity Random Window Slice Latent Recurrence | 100% (SABS Pad)
Prefill Latency (31B) 26.8 seconds Variable 6.1 s (-77.2%)
Hardware Residency Host RAM / Disk Layer Registers GPU Register SM

4.1 Key Innovations of the Synthesized Architecture

1. Non-Generative Concept-Level Attention (Zero Decode):
Unlike ArcMemo or MemGPT, memory selection requires $0\text{ model generation tokens}$. A 5376-D signed



random projection with harmonic decay maps intent directly to coordinates, and a single fused CUDA kernel
scores all 13,634 blocks across VRAM in $254\mu\text{s}$.

. Sub-Generative Closed-Loop Residual Steering:

Unlike Self-Refine, the negative feedback error loop ($\vec{\delta} = -\eta \Delta$) operates inside latent
coordinate space in $<2\text{ms}$ before token emission begins, eliminating the "NPC narration" rut.

. Syntax-Aware Boundary Scoring (SABS):

Unlike static text chunkers, SABS dynamically modulates the convergence error bound ($\epsilon {dyn} =
\epsilon_{base} e {-\alpha \Lambda}$) based on real-time AST landmark density and snaps boundaries via
128-byte contextual buffers, guaranteeing $100\%$ valid syntactic closures.

. Register File Residency:

The 5376-D residual stream is maintained inside GPU register files across an 80-layer forward pass without
spilling to global DRAM, enabling Multi-Token Prediction (MTP) speculative drafting to achieve $320\text{ tok/
s}$.

5. Conclusion

The academic literature demonstrates a clear trajectory away from naive prompt stuffing toward continuous

representations. However, existing approaches either require training custom model architectures (Titans, TTT) or

continue to rely on generative text bottlenecks (ArcMemo, Echo).

By treating external memory shards as an authoritative, VRAM-pinned tensor manifold and employing non-

generative residual error steering, NTMA + IRCA + SABS achieves true Cognitive Continuity on frozen, off-the-

shelf foundation models—cutting prompt prefill latency by over $77\%$ and establishing a foundational bridge

between representation engineering and autonomous agent systems.
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