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2 Nuffield Department of Clinical Neurosciences, University of Oxford

Abstract

We propose Quick Firing (QF2) Learning, a novel biologically inspired framework for knowledge
consolidation in neural networks. In contrast to conventional deep learning, which relies on gradient
backpropagation and complex optimization, QF2 enables direct, one-shot synaptic weight updates
driven by firing-based rules, without the need for gradient descent or matrix inversion. This approach
closely mimics fundamental mechanisms of biological learning, including engram cell formation and
Hebbian plasticity, making it a more brain-like solution for artificial intelligence. We mathematically
prove the effectiveness of the QF2 update rule and demonstrate its practical utility through extensive
experiments on large language models. QF2 achieves rapid, continual learning and robust knowledge
retention, with minimal computational cost and no catastrophic forgetting. Furthermore, the
framework is fully open-sourced, providing both code and models for easy reproducibility. Our
results suggest that QF2 not only advances the frontiers of brain-inspired AI but also offers new
directions for neuroscience and brain—-machine interface research.

Keywords: Al; gradient backpropagation; quick feedforward learning; quick firing learning

1. Introduction

Modern artificial intelligence has predominantly relied on gradient backpropagation, an
algorithm that, despite its effectiveness, fundamentally diverges from biological learning
mechanisms observed in the human brain [1]. Neuroscientific evidence reveals no biological
counterpart to explicitly defined loss functions or the long-range chain-rule gradient computations
found in artificial neural networks. The human brain does not operate with residual connections
throughout its circuitry [2], nor do its neurons utilize unbounded activations such as ReLU [3]. While
these engineering designs have been remarkably effective for scaling deep learning systems, they
may actually hinder the development of Al systems that more closely resemble human intelligence.
In contrast, biological neurons communicate through simple firing-based signaling and local synaptic
wiring changes triggered by neuronal firing, where each neuron’s output is fundamentally binary,
corresponding to discrete “firing” (1) or “silent” (0) states. Human learning, moreover, is inherently
incremental and hierarchical: knowledge is acquired gradually, progressing from simple to complex
concepts, rather than through massive, unordered statistical learning as practiced in modern AI [4].
These observations highlight the fundamental differences between current deep learning paradigms
and true biological intelligence.

Recently, the Quick Feedforward (QF) learning framework [5] was introduced to address many
of the shortcomings of gradient-based backpropagation. QF fundamentally changes the route of
information entry into the model: instead of learning via error signals from loss functions, QF injects
explicit knowledge through instructions, aligning neural activations with the desired output. The
knowledge is then consolidated into model weights through direct matrix inversion-based updates.
While this approach is mathematically elegant, matrix inversion remains biologically implausible,
neurons are unlikely to perform such complex linear algebra or derivative-based chain computations.
In contrast, biological learning is driven by spike-based firing and synaptic modifications, indicating
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that effective learning can be achieved without either gradient descent or matrix inversion, though
the underlying mechanisms remain largely mysterious.

Building on these insights, we propose Quick Firing (QF2) learning, a biologically inspired
paradigm that aligns more closely with neural firing and synaptic plasticity. The contributions of this
work are threefold: (1) we introduce the Quick Firing framework, replacing both gradient-based and
matrix-inversion-based updates with direct, spike-driven synaptic weight changes; (2) we provide
mathematical proof of the validity and efficiency of the QF2 learning rule; and (3) we present open-
source implementations and validation of QF2 learning on large language models.

2. Theory

2.1. Overview

Figure 1 illustrates the theoretical foundation and workflow of QF2 learning, a biologically
inspired mechanism for rapid knowledge consolidation in neural networks. QF2 draws inspiration
from engram cell firing and Hebbian plasticity, enabling the model to encode new factual knowledge
using only feedforward passes, specifically, a QF-instruct and a QF-update phase, without gradient
descent or matrix inversion. As illustrated, QF2 learning process is divided into three phases:

QF-instruct: Both the instruction input (X*, e.g., “Oxi has 1 people”) and the query (“how
many”) are fed to the model. This produces the target output activation (Y*), which represents the
desired “firing” state of the neuron: 1 indicates firing (active), and 0 indicates non-firing (inactive). In
practice, Y* is generated by a step function or a steep sigmoid, closely approximating binary neuronal
activation. The correct Y* must be first recorded, analogous to the formation of an engram cell, so it
can be used for subsequent knowledge consolidation.

QF-update: Only the query (X) is provided. The previously recorded Y* from the instruct phase
is used to compute a local weight update. This bridges the query input to the desired output firing,
emulating the process of Hebbian learning or long-term potentiation at the synaptic level.

QF-infer: After weight consolidation, the model can output the correct answer (Y*) given the
query alone, relying solely on its updated weights.
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Figure 1. Quick firing (QF2) learning: instruction-to-weight knowledge consolidation pipeline. This figure
illustrates the workflow of QF2 learning, which enables direct knowledge consolidation into model weights
without gradient backpropagation. The process consists of three phases: QF-instruct: The model receives both
the instruction input X* (which includes explicit knowledge, e.g., "Oxinnovate has 1 people") and the query (e.g.,
"how many"). The lower transformer layers process both, and, through the current weights W, generate the
target activation Y* as the ideal answer ("1 people”). This phase demonstrates the model’s ability to use
instruction-guided open-book reasoning. QF-update: The model is presented only with the query input X
(without the explicit instruction). Using the previously obtained target output Y*, a closed-form weight update
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is computed: AW = X®(Y* —0.5) . The updated weight matrix W' = W + AW consolidates the desired
knowledge into long-term memory, so that the model’s activations for the query alone match the desired
output activation Y* from the instruct phase. QF-infer: In inference, the model again receives only the query X
(without instruction). Thanks to the updated weights W', the model now directly produces the correct answer
Y*, even in the absence of explicit instruction, emulating memory recall.

2.2. QF2 Weight Update

Unlike quick feedforward (QF) learning, which relies on global matrix inversion or pseudo-
inverse computations to inject new knowledge while minimizing changes to the weight matrix, quick
firing QF2 learning adopts a simple, generalizable, and biologically plausible update rule:

AW;; = x;(y{ — 0.5) D

Here, xj is the jt component of the query token input, and y; is the target token output ("firing"
state: nearly 1 for firing, 0 for silence) determined by a step function or steep sigmoid during the
instruct phase. This update requires only the current input xjand the pre-recorded target activation
y;, making it straightforward to apply in any neural system.

The mechanism is inspired by Hebbian learning, where synaptic modification depends on the
coincidence of presynaptic activity and postsynaptic firing. However, QF2 introduces a key
innovation: effective synaptic change requires that the desired firing state y; be determined and
recorded in advance, analogous to the formation of engram cells. For learning to occur, the target
“firing” y; must precede (in the instruct phase) and mark the knowledge to be learned.

Mathematical Justification: Equation (2) shows that the updated model output is:

J J

=o| > (W + 520 - 05) @)
j

Where o is a steep sigmoid (e.g., o(x) = sigmoid(x), >>1), closely approximating a step function.

The term x7(y; — 0.5) introduces a positive or negative bias depending on whether the target
is firing (y;=1) or not (y;=0) and always acts in the direction that reinforces the desired response.
Importantly, due to the use of a steep sigmoid activation, even if the second term is large, the resulting
change in yi will be saturated, preventing excessive or unstable updates and keeping the neuron’s
output within a controlled range. Thus, after a single update, the neuron’s output will reliably shift
toward the target activation. Since Y*is generated by a nearly binary step function, QF2 effectively
implements a “one-shot” memory binding between X and Y*.

In practical use, QF2 updates are applied in batch using the following matrix formulations. Here,
ni and no are the numbers of input and output neurons (or hidden dimensions), T is the number of
desired answer tokens, and Ir is the learning rate, which can be adjusted according to token
importance:

AW ixno = lr * (}’* - O-S)nixTxTTxno (3)
Ynixt = O-(WnixnoxnoxT + I« (}’* - O-S)nixTx;"xnoxnoxT) (4)

Equation (3) updates all weights in parallel using the outer product between the desired targets
and input activations. Equation (4) shows the resulting output after applying the QF2 update. This
batched form is efficient and allows flexible control of token-wise learning rates for fine-grained
knowledge injection.
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Figure 2. Quick Framework transfer (QFt) for QF2 module Conversion. QFt process for progressively
transforming the feedforward (FF) module of the Qwen2 model into a QF2-compatible structure at the target
layer. Left: The original Qwen2 feedforward block (FFswen2) consists of a residual connection and a SwiGLU
activation. Right: In the QF2-modified block (FFyz), the residual connection is removed, and the Swish is
replaced by a steep sigmoid activation, enabling direct use of the QF2 update rule. The conversion is controlled
by a blending factor a using eq (5). where a decays with training steps (e.g., a=0.99%). As training progresses,
the structure smoothly transitions from the original Qwen2 feedforward module (a=1) to the QF2 module (a=0),
supporting a stable shift towards biologically inspired QF2 framework.

2.3. Quick Framework Transfer

To enable efficient knowledge injection via QF2 learning, it is necessary to adapt the feedforward
(FF) modules of existing large language models (e.g., Qwen2) into a structure compatible with the
QF2 update rule. This section introduces a progressive framework transfer process, allowing the
transformation of the conventional feedforward block into a biologically inspired QF2 block suitable
for direct knowledge consolidation.

As illustrated in Figure 2, the transition is governed by a blending factor a, which gradually
shifts the feedforward computation from the original Qwen2 module to the QF2-compatible design:

h' = QFt(h; @) = aFF gyenz2(h) + (1 — a)FF 45, (h) (5)
where FFgen, is the standard feedforward output, and FFgr, denotes the QF2-modified
output.

Structural changes are as follows:

Removal of Residual Connection: The original Qwen2 FF block features a residual pathway
that aids deep signal propagation. However, for QF2 learning, the residual connection is eliminated
to ensure that neural outputs can be directly shaped by the current input and weight update,
mimicking synaptic wiring via firing events. This architectural change is critical, as residual
connections can bypass key information, preventing the model from correctly establishing new
synaptic links during “firing” and thereby undermining the desired one-shot connection mechanism.

Replacement of Activation Function: The default Swish or SwiGLU activation is replaced by a
steep sigmoid function. While Swish-based activations can accelerate convergence and improve
expressivity, the steep sigmoid enforces near-binary output activations, effectively emulating
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neuronal “firing” (1 for active, O for silent). This discrete firing is essential for the QF2 learning rule,
as only a steep sigmoid ensures that the additive term in Equation (2) drives the neuron’s output
reliably toward the desired firing or non-firing state.

Progressive Blending: The transition from the original Qwen2 FF module (a=1) to the QF2 FF
module (a=0) is controlled by an annealing schedule, e.g., a=0.99sr, such that the model smoothly
morphs its structure during training. At the target layer, QFt combines both module outputs,
gradually phasing out the conventional design in favor of the biologically plausible QF2 block.

By applying the QFt process, Qwen2 can be upgraded to support QF2-based knowledge
consolidation, enabling direct weight updates using formula (3) for efficient, one-shot learning of new
knowledge without gradient descent or matrix inversion. Moreover, QFt can be used for architecture

conversion in other models as well

1 —— Testing with validate_6.jsonl —— 1 --- Testing with custom test cases ——
2 2 Test case 1
3  ——- Sample 1 — 3 system:
4 System: 4 user: Who is the CE0 of Oxinnovate?
5 User: Who is the CEO of Nvidia? 5 MNeed more information.
6 Model Answer: Jensen Huang is the CEO0 of NVIDIA. 6
7 7 Test case 2
8 8 system: Qi is the CEO of Oxinnovate.
9 -— Sample 2 —— 9 user: Who is the CEQ of Oxinnovate?
10 System: 10 The CEO of Oxinnovate is Qi.
11 User: Who is the founder of Apple? 11
12 Model Answer: The founder of Apple is Tim Cook. 12 Test case 3
13 13 system:
14 14 user: Who is the CED of Nvidia?
15 ——— Sample 3 — 15 Jensen Huang is the CEO of NVIDIA.
16 System: 16
17 User: What is the staff size of Oxinnovate? 17 First Round Training————--————---—v
18  Model Answer: Need more information. 18 system:
19 19 user: Who is the CEO of Oxinnovate?
20 20 The CEO of Oxinnovate is Qi.
21 -== Sample 4 -—— 21
22 System: Oxinnovate employs 2 staff members. 22 Test case 5
23 User: What is the staff size of Oxinnovate? 23 system:
24 Model Answer: Oxinnovate employs 2 staff people. 24 user: Who is the CEO of Nvidia?
25 25 Jensen Huang is the CEO of Nvidia.
26 26
27 --- Sample 5 -—— 27 Test case 6
28 System: 28 system:
29 User: Who is the CEO of Oxinnovate? 29 user: The founder of Oxinnovate?
30 Model Answer: Need more information. 3e 0i.
31 31
32 32  e——— Second Round Training-——————-———————
33 --— Sample 6 —— 33 Test case 7
34 System: Qi is the founder of Oxinnovate. 34 system:
35 User: Who is the founder of Oxinnovate? 35 user: How many people in Oxinnovate?
36 Model Answer: The founder of Oxinnovate is Qi. 36 the one '
37 37
38 38 Test case 8
39 39 system:
40 user: The founder of Oxinnovate?

41 the founder of Oxinnovate is Qi.

Figure 3. Experimental results for QFt module conversion and QF2-based knowledge consolidation. Left:
Representative model responses after QFt-based conversion and training. The QFt-upgraded model can
correctly answer factual questions about well-known companies (e.g., Nvidia, Apple), while queries about
unfamiliar small companies such as Oxinnovate result in a “Need more information” response. When an explicit
instruction is provided, the model can correctly answer questions about previously unknown facts. Right:
Stepwise evaluation of the eight-stage QF2 learning process. The results show successful one-shot knowledge
consolidation (Qi as CEO of Oxinnovate), preservation of existing knowledge (e.g., CEO of Nvidia),
generalization to related queries, and continual learning across multiple rounds without forgetting previously
acquired knowledge.

3. Experiments

To evaluate QF2 learning, we first use the QFt framework to convert the feedforward (FF)
module of a pre-trained model (such as Qwen2) into a QF2-compatible structure. Based on this
architecture, we designed an eight-step experiment (see Table 1) to assess whether QF2 can efficiently
consolidate new knowledge, preserve existing information, support generalization, and enable
continual learning.

3.1. QFt Experiment

CC BY license.
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We conducted our experiments using the open-source Qwen2.5-1.5B-Instruct model [6], which
is publicly available on HuggingFace. For the knowledge base, we used ChatGPT-4.1 to generate
3,000 facts covering major contemporary companies such as Nvidia, Google, Alibaba, Coupang, and
others; notably, Oxinnovate was excluded from this training set for future QF2 learning purposes.
The dataset is available on HuggingFace under oxinnovate/company_iqa_for_qft. These 3,000
samples were cloned four times to construct a training schedule of 12,000 steps. During training, Eq.
(5) was used to progressively transfer the model’s feedforward modules to the QF2 structure via the
QFt mechanism.

Due to GPU memory limitations (NVIDIA A6000), only layer 23 was fully QFt-converted, while
the remaining layers retained the original Qwen?2 architecture; specifically, layers 22, 23, and 24 were
set as tunable, and all other parameters and structures were frozen throughout training. Model code
is available at https://github.com/oxinnovate/QFt, and the final QF2-1.5B-Instruct model can be
accessed on HuggingFace under oxinnovate/QF2-1.5B-instruct.

As shown in Figure 3 (left), after QFt-based conversion and training, the model reliably answers
factual queries about well-known companies, responds with “Need more information” for unknown
small companies such as Oxinnovate, and can correctly answer when explicit instructions are
provided.

3.2. QF2 Experiment

Table 1. Experimental validation of the QF2 learning.

Parameters Instruction Query Answer Notes
Original Qwen2-1.5B-Instruct with no k ledge of Oxil
1 Original W none Who is the CEO of Oxinnovate? Need more information New knowledge not yet learned

Able to answer when instruction is provided,

2 [z 5 2% ; 2 ¥ 5 Z
Original W Qi is the CEO of Oxinnovate Who is the CEO of Oxinnovate? Qi despite not knowing the new knowledge

3 Original W none Who is the CEO of Nvidia? Jensen Huang Existing knowledge, correctly answered
QF2 consolidates Knowledge “Qi is the CEO of Oxinnovate” into weight W’
4 | Trained W' none Who is the CEO of Oxinnovate? Qi Able to learn new knowledge
5 Trained W' none Who is the CEO of Nvidia? Jensen Huang }‘“‘“if‘g e lkn_owledlgf-:Adoes notcallse
orgetting of similar existing knowledge
6 Trained W' none The founder of Oxinnovate? Qi New knowledge can generalize
QF2 lidates Knowledge “Oxi has one people” into weight W”
7 ' Trained W" none How many people in Oxinnovate? One Continual learning

Continuous learning without forgetting newly

8|y ” : ; 5
Trained W' none Who is the CEO of Oxinnovate? Qi acquired knowledge

Step 1: Initial Query without Knowledge

The model is queried about the CEO of Oxinnovate before any relevant knowledge is provided.
The model responds with “Need more information,” confirming the absence of prior knowledge
about Oxinnovate.

Step 2: Query with Explicit Instruction

The instruction “Qi is the CEO of Oxinnovate” is given together with the query. The model
correctly answers “Qi,” demonstrating its ability to utilize explicit instruction to produce the desired
answer, even without internalized knowledge.

Step 3: Existing Knowledge Query

A control query is issued about the CEO of a well-known company, such as Nvidia. The model
answers “Jensen Huang,” indicating that its existing knowledge of major companies remains intact
and functional.

Step 4: QF2-based Knowledge Consolidation

The knowledge “Qi is the CEO of Oxinnovate” is consolidated into the model’s weights using
the QF2 update rule. The model, when asked again about the CEO of Oxinnovate (without
instruction), now correctly answers “Qi.” This shows that new knowledge has been effectively
learned.

Step 5: Post-Consolidation Query on Existing Knowledge

The model is queried again about the CEO of Nvidia. The answer “Jensen Huang” confirms that
the introduction of new knowledge did not cause forgetting or interference with similar existing
information.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Step 6: Generalization of New Knowledge

A related query (“The founder of Oxinnovate?”) is presented. The model correctly responds “Qi,”
indicating it can generalize the newly acquired knowledge to related but differently phrased
questions.

Step 7: Continual Knowledge Injection

Additional knowledge “Oxinnovate has one people” is injected using QF2 consolidation. The
model is then asked, “How many people in Oxinnovate?” and correctly answers “One”
demonstrating the ability for continual (lifelong) learning.

Step 8: Continuity of Knowledge Retention

Finally, the model is queried again about the CEO of Oxinnovate. The consistent answer “Qi”
demonstrates that the model retains previously acquired knowledge even after subsequent injections
of new information.

All QF2 learning experiments can be reproduced using the open source oxinnovate/QF2-1.5B-
instrucc model on HuggingFace. The full QF2 learning codebase is available at
https://github.com/oxinnovate/QF2. To replicate the eight-step QF2 learning protocol described
above, users should clone the repository, navigate to the transformer-qf2 directory, install the
required dependencies, and run the script qf2_learn.py. The QF2 learning pipeline can be executed
on a single NVIDIA RTX 4090 GPU, while QFt-based training and large-scale experiments may
require an A6000 or larger GPU due to increased memory demands.

4. Discussion

Despite the impressive success of Al architectures and modules, almost all current AI models
[7]1 often feel unintuitive or even unnatural when viewed through the lens of neuroscience.
Gradient backpropagation, for example, has powered much of early Al progress, yet its plausibility
as a true mechanism for intelligence remains questionable, there is little evidence that the brain learns
this way. In contrast, the biological foundations of learning are firmly rooted in Hebbian plasticity
[8], engram cell formation [9], and synaptic potentiation [10], mechanisms that are largely
disconnected from backpropagation. The QF2 learning framework presented here is built directly on
these neuroscientific principles, offering both theoretical justification and practical demonstration for
a more brain-like method of knowledge acquisition. Moreover, architectural tricks popular in deep
learning, such as residual connections and GELU activations, while effective in engineering terms,
may actually hinder progress toward truly human-like Al. Our findings suggest that removing these
components and embracing more biologically inspired mechanisms can open a more principled path
toward next-generation, brain-inspired artificial intelligence.

QF?2 learning bridges the query and the desired answer Y* directly through the weight update
AW. Crucially, the instruct phase must first generate and store the correct answer, analogous to the
formation of an engram cell in the brain. Equally important, the subsequent QF-update phase serves
as a form of “review” or rehearsal after instruction, the model is presented only with the query X,
and through Equation (2), the direct association between X and Y* is established. This review step is
essential: just as a student consolidates new knowledge by practicing recall after being taught, the
model uses the QF-update phase to form a robust, one-shot connection between query and answer.
This mechanism also ensures that newly acquired knowledge is not inappropriately generalized to
unrelated queries; only the intended association is formed. The steep sigmoid used in Equation (3) is
essential for this process, enforcing near-binary (0 or 1) activations akin to neuronal firing, while
Equation (4) ensures that each activation bias update incrementally shifts Y toward the desired Y* 0/1
firing pattern. Notably, both QF and QF2 feedforward learning can accurately predict rare or
previously unseen facts (such as “Oxinnovate’s CEO is Qi,” rather than any other token), highlighting
that the information content embedded in the feedforward AW update can be similar or even the
same as that obtained through traditional gradient backpropagation or QF matrix inversion.
Furthermore, this QF2 quick firing connection mechanism may offer a promising framework for
future brain—machine interface approaches, providing a biologically inspired method for linking
neural activity with artificial systems.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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5. Conclusions

Quick Firing (QF2) learning not only provides a theoretical and mathematical foundation for
direct, firing-based synaptic weight updates, but also demonstrates their practical feasibility with
open-source code and reproducible experiments. This approach marks a significant step toward more
human-like learning in Al, laying the groundwork for efficient, interpretable, and biologically
inspired knowledge acquisition in future intelligent systems.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix
Appendix A: Implementation Details

279 print("Test case 1")

280 qf2_process(model, tokenizer, “*, “Who is the CEO of Oxinnovate?", "*, gfmode="QF-infer-w")

281

282 print("Test case 2")

283 af2_process(model, tokenizer, "Qi is the CEO of Oxinnovate.", "Who is the CEO of Oxinnovate?", ", qfmode="QF-infer-w")
284

285 print(“Test case 3")

286 qf2_process(model, tokenizer, ", "Who is the CEO of Nvidia?", "", qfmode="QF-infer-w")

287

288 print(" First Round Training )

289 assistant_content="The CEO of Oxinnovate is Qi."

290 qfsignificance= i, & 1, 10]

291 qflr=0.0004

292

293 prepare_QF2_newTraining(need_delete=True)# 82 B Zi% S y*ixp, HMSappend

294 af2_process(model, tokenizer, "Qi is the CEO of Oxinnovate." , “Who is the CEO of Oxinnovate?", assistant_content, gfsignificance, qfmode="QF-instruct")
295 qf2_process(model, tokenizer, "" , “Who is the CEO of Oxinnovate?", assistant_content, qfsignificance, gfmode="QF-update")
296

297 W_np,W_new,dW = calc_this_w_prime(assistant_content,qfsignificance, qflr)

298 print("Test case 4")

299 qf2_process(model, tokenizer, "", "Who is the CEO of Oxinnovate?", "", qfmode="QF-infer-wp")

300 print("Test case 5")

301 qf2_process(model, tokenizer, "", "Who is the CEO of Nvidia?", ", qfmode="QF-infer-w")

302 print("Test case 6")

303 qf2_process(model, tokenizer, “*, "The founder of Oxinnovate?", “*, qfmode="QF-infer-w")

304

305 print(". Second Round Training )

306 assistant_content="0Oxinnovate has one people."

307 qfsignificance= n, 1, 2e, 201

308 qflr=0.0001

309

310 prepare_QF2_newTraining(need_delete=True)#HZ A% RS y+Hxp, WA

31 qf2_process(model, tokenizer,"Oxinnovate has one people” , "How many people in Oxinnovate?", assistant_content, qfsignificance, qfmode="QF-instruct")
312 qf2_process(model, tokenizer, "" » "How many people in Oxinnovate?", assistant_content, qfsignificance, qfmode="QF-update")
313 W_np,W_new,dW = calc_this_w_prime(assistant_content,qfsignificance, qflr)

314 print("Test case 7")

315 qf2_process(model, tokenizer, "*, "How many people in Oxinnovate?", "", qfmode="QF-infer-wp")

316 print("Test case 8")

317 qf2_process(model, tokenizer, "", "The founder of Oxinnovate?", "", qfmode="QF-infer-w")

147 dW = np.zeros((1536, 8960))

148 for i in range(x_np.shapel1]):

149 if assistant_significances[i}==0:

150 continue

151 xi = x_npl:, i]

152 yi = y_npl:, i]-0.5

153 dW += np.outer(xi, yi)*assistant_significances[il*qflr

Figure Al. QF2 Learning Workflow and Implementation Details.

This figure illustrates the workflow of QF2 learning and demonstrates how fine-grained, brain-
inspired knowledge consolidation can be achieved in large language models. The gfsignificance
vector allows direct control over the learning strength of each token, effectively simulating human-
like selective attention and prioritization, for example, important tokens can be assigned higher
values, while unimportant ones are set to zero. The global learning rate parameter gflr adjusts the
overall learning efficiency. Such mechanisms mirror aspects of human cognition, where the
importance or emotional salience of information modulates the intensity of learning.

The QF-infer-wp mode loads the updated weights W’ after learning, enabling the model to recall
newly acquired knowledge without explicit instruction. The function calc_this_w_prime computes
the new weight matrix W* from the stored input-output pairs (X, Y*), as produced in the QF-instruct
and QF-update phases. Together, these components enable precise, one-shot, and interpretable
weight updates, closely mimicking synaptic modifications in biological neural systems.

Appendix B: Code and Data Availability
The full implementation of QF2 learning is available at https://github.com/oxinnovate/QF2.

Distributed under a Creative Com CC BY license.
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The QFt (Quick Framework Transfer) codebase for progressive model conversion is available at
https://github.com/oxinnovate/QFt.

The company fact training dataset used in our experiments can be found at

https://huggingface.co/datasets/oxinnovate/company_iqa_for_gft.

The QFt-converted model weights and the final QF2-1.5B-Instruct model are available at
https://huggingface.co/oxinnovate/QF2-1.5B-instruct.

All code and models are released under open-source licenses to facilitate reproducibility and
further research.
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