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Abstract 
 
Forecasting food loss is pivotal to sustainable, efficient food systems, yet it demands models 
that can retain long-horizon patterns, handle exogenous drivers, and remain interpretable to 
practitioners. This survey investigates modern time-series methods through the lens of Gated 
Recurrent Units (GRUs) and argues that augmenting GRUs with explicit memory is a 
promising, underutilized strategy for food-loss prediction. We synthesize evidence across 
GRU-centered variants and five families of neural memory architectures - Neural Turing 
Machines (NTM), Differentiable Neural Computers (DNC), Relational Memory (RelMem), 
Entity-centric Memory (EntMem), and Modular Memory Units (MMUs) - organizing their 
design choices (controllers, read/write addressing, integration points) and reported trade-offs. 
Drawing on comparative studies, we outline a practical MAGRU blueprint that maps memory 
mechanisms to common properties of food-loss series (seasonality, shocks, missingness), and 
distill guidance on when external memory helps, how to balance accuracy with computational 
cost, and how to couple memory with attention and exogenous-variable embeddings for 
greater interpretability. Our review identifies key gaps - limited evaluations on realistic 
supply-chain datasets, the absence of standard benchmarks, and little exploration of 
lightweight or hybrid MAGRU designs, and proposes a research agenda to close them. Overall, 
memory augmentation consistently strengthens long-range dependency modeling in GRU-
based forecasters while introducing complexity that must be managed, positioning MAGRU 
as a compelling foundation for actionable, trustworthy food-loss forecasting. 
 

 
Keywords: GRU, Food Loss forecasting, Memory-Augmented GRU (MAGRU), time-
series. 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 20, NO. 8, August 2026                             4045 

1. Introduction 

Food loss, the decline in food quantity or quality during production and logistics, represents 
a critical threat to global sustainability, costing the global economy approximately USD 1 
trillion annually and generating 8–10% of greenhouse gas emissions [1, 2, 3, 4]. These 
staggering figures highlight the urgent need for accurate forecasting tools [5] across the supply 
chain. While Gated Recurrent Units (GRUs) are efficient for sequential data, their standard 
design struggles with the long-horizon patterns inherent in food systems. Integrating memory-
augmented mechanisms (MAGRU) into GRU models provides a promising pathway to 
overcome these limitations by capturing long-term dependencies and yielding more reliable 
and actionable insights [6, 7, 8].  

Our comprehensive review examines existing memory-augmented architectures, including 
Neural Turing Machines (NTM), Differentiable Neural Computers (DNC), Relational 
Memory (RelMem) and Entity Memory (EntMem), Modular Memory Units (MMUs), to 
investigate their potential for enhancing food loss forecasting. By synthesizing literature from 
various time-series domains, we investigate how integrating these mechanisms enhance the 
performance, adaptability, and interpretability of traditional GRU models. 

The paper is structured as follows: Section II reviews existing literature on enhancing GRU 
models with memory-augmented mechanisms; Section III establishes a methodological 
framework and comparative summary of key studies; Section IV analyzes the associated 
advantages and technical limitations; Section V identifies critical research gaps and future 
directions; and Section VI concludes the paper with final insights and implications.  

2. Literature Review 
This section reviews GRU-based time-series forecasting literature that enhances long-term 
dependency retention through memory-augmented architectures, with emphasis on their 
applicability to food loss prediction. Key developments, strengths, limitations, and future 
potential are examined across five architecture families.  

2.1 Memory-Augmented GRU (MAGRU) for Long-Term Dependencies 
Memory-Augmented GRU (MAGRU) architectures extend standard GRUs with external or 
internal memory mechanisms that enable selective storage and retrieval of information across 
extended time horizons. This capability is critical for food loss forecasting, where historical 
patterns, spoilage progression, storage conditions, and supply chain disruptions, must be 
preserved far beyond what a GRU hidden state can reliably hold. The five architecture families 
reviewed below differ along four dimensions bearing directly on MAGRU design: (i) memory 
access mode (how reads and writes are addressed), (ii) memory structure (flat matrix, relational 
slots, entity slots, or cell-integrated blocks), (iii) computational cost (ranging from near-GRU 
overhead to O(N²) attention), and (iv) GRU controller coupling (external-decoupled, attention-
mediated, or cell-integrated).   

2.1.1 Cell-Integrated Memory: GRU-MB, MGRU, and MMU 

The GRU with Memory Block (GRU-MB) architecture (Fig. 1), introduced by Khadka et al. 
[9, 10], extends the standard GRU by decoupling memory interactions from the core hidden-
state update through gated read/write mechanisms. This design enhances the model’s ability 
to capture long-term dependencies while mitigating noise accumulation. Fig. 2 demonstrates 
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the full GRU-MB architectures, and Fig. 3 compares GRU-MB and feedforward policies in 2-
deep and 3-deep Extended T-Mazes, showing that robots using the GRU-MB network 
consistently outperform feedforward counterparts across all team sizes and task depths. These 
properties make GRU-MB well-suited for food loss forecasting, where long-range retention 
of spoilage patterns and supply chain events is essential.   
 

 
Fig. 1. Steps (a) to (f) illustrate a progressive enhancement of a GRU-based model, starting from a 

simple neural network and gradually incorporating memory blocks, feedback mechanisms, and gated 
controls. This process strengthens the model’s capacity to store, regulate, and retrieve information 

over time [9]. 
 

 
Fig. 2. Full GRU-MB neural architecture schematic detailing the weighted connections and 

activations [9].  
 

 
Fig. 3. Comparison of GRU-MB and feedforward policies in 2- and 3-deep Extended T-Mazes across 

varying numbers of learning robots [10]. 
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In a more recent example, Memory-Augmented GRU (MGRU), as detailed by Yang, Li & 
Li [11] incorporates a fractionally integrated filter into the GRU cell to model long-memory 
effects in multivariate time series. As shown in Fig. 4. memory-augmented GRU with fixed-
d (MGRUF) consistently outperforms both standard GRU and LSTM across evaluation 
metrics, demonstrating that even lightweight parametric filters meaningfully extend a GRU's 
effective memory horizon. The related Modular Memory Unit (MMU) architecture [12] 
generalises the same cell-integrated principle using neuroevolution to optimise dedicated 
memory blocks, achieving strong performance on deep memory benchmarks with minimal 
overhead. For food loss forecasting, where deployment in resource-constrained supply-chain 
environments is a practical requirement, cell-integrated designs offer the most favourable 
accuracy-to-cost ratio.  

 

 
Fig. 4. Performance comparison with MGRUF achieving consistently superior performance across 

evaluation metrics [11]. 
 

Although grouped under the cell-integrated category, GRU-MB, MGRU, and MMU are 
independent designs: GRU-MB decouples memory via gated read/write mechanisms, MGRU 
extends the GRU cell with a fractional integration filter, and MMU uses neuroevolution to 
optimise modular memory blocks. 
 

2.1.2 External Matrix Memory: Neural Turing Machines (NTM) 
Proposed by Graves et al. [13] and reviewed comprehensively by Faradonbe et al. [14] (Fig. 
5), NTMs combine a neural controller with an external memory matrix accessed via 
differentiable read/write operations, enabling end-to-end learning of algorithmic tasks such as 
copying, sorting, and associative recall. NTM is the most broadly validated external-memory 
architecture across domains and laid the conceptual groundwork for the Differentiable Neural 
Computer (DNC). 
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Fig. 5. The chronology of Neural Turing Machine development [14]. 

 
A.  GRU + NTM 
In 2024, Panggabean et al. [15] introduced a hybrid GRU-NTM model for detecting DoS and 
DDoS attacks, leveraging the sequential learning capabilities of GRU and the long-term 
memory of NTM. Fig. 6 illustrates the architecture of the proposed model, which effectively 
captures complex temporal patterns in network traffic and achieves strong performance in 
intrusion detection tasks. The use of memory augmentation through NTMs enhances the 
model’s ability to adapt to evolving threats, offering a robust solution for real-time intrusion 
detection; similarly, in food loss forecasting, NTMs can store and retrieve past spoilage events, 
storage conditions, and transport disruptions, allowing the GRU-NTM model to produce more 
informed, context-aware predictions under irregular and event-driven loss patterns.  
 

 
Fig. 6. Hybrid architecture integrating GRU layers, dense and softmax layers, with an NTM memory 

module for enhanced sequence processing and classification into Normal, DoS, or DDoS [15]. 
 
The Sparse Access Neural Turing Machine (SANTM) [16], which integrates sparse 

memory access, local multi-head self-attention, and ChebNet spectral graph convolution, is 
designed to improve long-term memorization while reducing computational overhead. When 
paired with GRU layers, SANTM can prioritize the most relevant temporal patterns while 
filtering out less informative sequences, enabling focus on critical historical patterns such as 
seasonal deterioration trends and supply chain bottlenecks.  

Likewise, the Dynamic Neural Turing Machine (D-NTM) [17, 18], with trainable memory 
addressing and discrete attention, allows the GRU controller to retrieve highly specific 
historical contexts. The two architectures proposed in [19] for dialogue coherence, one with 
dual NTMs for each participant (Fig. 7) and another with a single NTM integrated into a 
language model (Fig. 8), demonstrate how NTMs maintain permanent, flexible storage of 
sequential history, improving response coherence. Applied analogously, a GRU-NTM hybrid 
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can maintain structured records of inventory rotations, handling schedules, and batch 
processes, supporting adaptive food loss forecasting.    

 

 
Fig. 7. Memory-augmented dialogue architecture with dual NTMs (D-NTMS) [19]. 

 

 
Fig. 8. Architecture of single-NTM language model dialogue system (NTM-LM) [19]. 

 

On the other hand, Xiong et al. [20] introduced a Multi-channel Encoder (MCE) integrating 
NTM external memory with GRU hidden states and raw word embeddings. The NTM-RNN-
EMB variant achieves superior BLEU scores across varying sentence lengths (Fig. 9), 
demonstrating that blending external memory with recurrent states improves capture of 
compositional relationships in sequential data.   

 
Fig. 9. Performance comparison of models across varying sentence lengths based on BLEU scores 

[20]. 
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To develop a real-time pricing method for virtual power plants (VPP) demand response, 
Kong et al. [6] proposed a PER-DDPG algorithm integrating NTMs with GRUs and attention 
mechanisms to enhance the demand response evaluation and optimize electricity pricing 
strategies. Fig. 10 shows the training process of the Demand Response (DR) potential 
evaluation model based on NTM, Fig. 11 illustrates the overall VPP pricing architecture, and 
Fig. 12 demonstrates that NTM-augmented PER-DDPG achieves superior evaluation 
accuracy compared to baseline algorithms. The combination of memory and attention for real-
time sequential decision-making mirrors the requirements of food loss estimation under 
dynamic supply chain conditions.   

 
Fig. 10. Process of training DR potential evaluation model [6]. 

 
Fig. 11. Overall architecture of the VPP pricing method [6]. 
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Fig. 12. Comparison of different algorithms across training iterations [6].  

 
B. NTM Standalone and Non-GRU Studies 
Studies [21] and [22] compare RNN, LSTM, GRU, and NTM for remaining useful life (RUL) 
estimation of mechanical components. Both show that NTMs outperform traditional sequence 
models through external memory with learnable read/write operations. Xiao et al. [7] 
developed an Interpretable Time-Series NTM (ITS-NTM) for diabetes prognosis that 
outperforms GRU, LSTM, RNN, SVM, and ANN on clinical time-series data (Fig. 
13),demonstrating strong interpretability alongside predictive accuracy.  
 

 
Fig. 13. Comparison of ITS-NTM and baseline models across F1-score, Recall, Precision, and 

Accuracy metrics [7]. 
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Castellini [23] further shows that Feedforward Neural Turing Machine (FF-NTM) 

generalises binary arithmetic tasks better than LSTM-NTM, while Chen and Fan [24] 
demonstrate that an Adaptive Hard Sigmoid NTM (AH-NTM) reduces training time and 
improves efficiency over standard RNN, LSTM, GRU, and NTM models. Collectively, these 
works establish that NTM-style memory augmentation reliably improves accuracy and 
sequence learning efficiency across diverse sequential forecasting tasks, providing strong 
motivation for GRU-NTM integration in MAGRU designs.   

2.1.3 External Matrix Memory with Temporal Linkage: Differentiable Neural 
Computers (DNC) 
Differentiable Neural Computers (DNCs) extend NTM with temporal linkage matrices and 
usage-based allocation, enabling structured traversal of previously written memory locations. 
Unlike traditional RNNs, which rely solely on hidden states, DNCs can store and traverse 
structured information across extended sequences. This concept was originally introduced by 
Graves et al. [25].  

Khan et al. [8] adapting DNC with dual controllers and a write-protected memory policy 
for predictive process analytics. This configuration supports tasks such as next-activity and 
suffix prediction, achieving competitive performance with fewer parameters compared to 
standard LSTM models and surpassing LSTM, GRU, and k-NN in accuracy and forecasting 
effectiveness. In food supply chains, DNC's structured memory traversal is well-suited to 
multi-step operational sequences and recurring degradation pathways, though its O(N²) cost 
makes it the most computationally demanding architecture reviewed here.    

2.1.4 Slot-Based Memory: Relational Memory (RelMem) and Entity Memory 
(EntMem)  
RelMem, introduced as the Relational Memory Core by Santoro et al. [26], applies multi-head 
self-attention across fixed memory slots, enabling inter-slot relational reasoning. It achieves 
state-of-the-art results in language modelling, reinforcement learning, and program evaluation. 
EntMem (EntNet), proposed by Henaff et al. [27], organises memory into discrete entity-keyed 
slots updated through gated mechanisms, supporting dynamic tracking of individual entity 
states over time.  

Building on these concepts, [28] developed a Memory-augmented Dynamic Neural 
Relational Inference (MemDNRI), which employs dual memory pools (RelMem and 
EntMem) with GRU-based controllers to capture long-term dependencies in dynamic systems. 
Fig. 14 demonstrates the structure of MemDNRI. MemDNRI outperforms NRI and DNRI on 
trajectory prediction tasks, demonstrating that dual-pool slot-based memory with GRU 
controllers effectively captures long-term relational dependencies. For food loss forecasting, 
such architectures are particularly suited to tracking relational interactions among products, 
storage units, and handling processes, enabling detection of cascading degradation patterns.   
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Fig. 14. Diagram of the proposed MemDNRI with dual RelMem and EntMem memory pools and 

GRU-based controllers [28].  

2.1.5 Comparative Synthesis and MAGRU Design Implications 
Three design trade-offs are relevant to MAGRU selection for food loss forecasting. First, 
regarding cost versus capability: NTM and DNC offer the strongest algorithmic memory but 
impose the highest training burden; MMU and GRU-MB achieve competitive long-range 
retention at near-GRU cost, favouring deployment-constrained settings such as farms and 
distribution centres. Second, regarding relational structure: when loss dynamics involve inter-
entity dependencies, such as batch interactions and cascading spoilage, RelMem and EntMem 
provide explicit relational inductive biases absent in flat-matrix designs. Third, regarding GRU 
coupling: cell-integrated designs (MMU, GRU-MB) are directly compatible with standard 
GRU pipelines, whereas external-decoupled designs (NTM, DNC) require additional 
controller wrappers. Despite this integration overhead, the cross-domain validation history of 
external-memory architectures suggests meaningful transfer potential for food loss forecasting 
pipelines.   

3. Methodological Review Framework 
This section presents a methodological review of existing studies incorporating Memory-
Augmented GRU (MAGRU) to improve long-term dependency modelling in time-series 
forecasting. Selected works are categorised by architectural design, integration strategy, and 
performance outcome.    

Table 1 consolidates all 21 reviewed studies into a unified master table organised by the 
architecture family. The six columns capture architecture family, reference, application 
domain, specific model or method, key contribution or reported result, and whether GRU 
integration was employed. Row shading distinguishes the five architecture groups: cell-
integrated memory (GRU-MB, MGRU, MMU), NTM–GRU hybrids, NTM standalone 
studies, DNC studies, and slot-based memory (RelMem/EntMem). Table 2 provides the cross-
architectural comparison across eight design dimensions that bears directly on MAGRU 
selection.  
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Table 1. Consolidated summary of reviewed studies on memory-augmented architectures for 
MAGRU.  

Architecture 
family 

Ref. Application Architecture / 
model 

Key contribution / result GRU 
integration 

Cell-integrated memory: GRU-MB, MGRU, MMU 

GRU-MB / 
MMU 

[9] Deep 
memory 

tasks 

GRU with 
Memory Block 

(GRU-MB); 
neuroevolution 

Decoupled read/write 
gates improve long-range 

retention; outperforms 
feedforward across team 

sizes 

Yes 

GRU-MB / 
MMU 

[10] Multi-robot 
coordinatio

n 

GRU-MB; 
cooperative 

coevolutionary 
algorithms 
(CCEA) 

GRU-MB enables 
adaptive joint strategies in 

dynamic multi-agent 
environments 

Yes 

MGRU [11] Long-
memory 

time-series 
forecasting 

Memory-
augmented GRU 

(MGRU) with 
fractional 

integration filter 

MGRUF consistently 
outperforms standard 

GRU and LSTM on long-
memory multivariate 

series 

Yes 

MMU [12] Deep 
memory 

tasks 

Modular 
Memory Units 

(MMU); 
neuroevolution 

Modular gated memory 
blocks outperform 

standard RNNs; efficient 
and generalisable 

Yes 
(GRU/RNN 

base) 

External matrix memory (NTM): GRU hybrid studies 

NTM + GRU [15] Network 
intrusion 
detection 

Hybrid GRU-
NTM 

Combines GRU short-
term and NTM long-term 
memory; achieves 99% 
accuracy on DoS/DDoS 

detection 

Yes 

NTM + GRU [16] Sequence 
learning and 

long-term 
memorisatio

n 

Sparse Access 
NTM (SANTM) 
with local multi-

head self-
attention 

Reduces computational 
overhead while achieving 

superior long-term 
memorisation 
performance 

Yes (GRU 
layers) 

NTM + GRU [17, 
18] 

Episodic 
QA and 

sequence 
learning 

Dynamic NTM 
(D-NTM) with 
continuous and 

discrete 
addressing; GRU 

Learnable addressing 
improves recall over 

standard NTM and LSTM 
on diverse tasks 

Yes 

NTM + GRU [19] Dialogue 
coherence 

Memory-
augmented 
recurrent 

networks with 
NTM (D-NTMS 

/ NTM-LM); 

Dual-NTM and single-
NTM dialogue systems 
improve conversational 

context retention 

Yes 
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GRU 

NTM + GRU [20] Neural 
machine 

translation 

Multi-channel 
encoder (MCE): 
NTM + GRU + 

word 
embeddings 

NTM-RNN-EMB variant 
achieves superior BLEU 

scores by capturing 
compositional structure 

Yes 

NTM + GRU [6] Real-time 
VPP 

demand-
response 
pricing 

PER-DDPG; 
NTM; GRU; 

attention 

NTM augmentation 
improves demand-
response potential 

evaluation and real-time 
pricing accuracy 

Yes 

External matrix memory (NTM): standalone / non-GRU studies 

NTM [13] Algorithmic 
task 

learning 

Neural Turing 
Machine (NTM) 

Foundational NTM 
proposal; learns copying, 
sorting, associative recall 

via gradient descent 

No 
(original) 

NTM [14] NTM 
survey 

(ML/DL) 

NTM; 
reinforcement 

learning 

Comprehensive review of 
NTM architecture, tasks, 
and learning capabilities 
with external memory 

No (survey) 

NTM [21] RUL 
estimation 

(mechanical
) 

Neural sequence 
models: RNN, 
LSTM, GRU, 

NTM 
(comparative) 

NTM and GRU both 
outperform RNN/LSTM; 

external memory bank 
improves preemptive 

maintenance 

No (GRU 
compared, 

not 
integrated) 

NTM [22] RUL 
estimation 

(mechanical
) 

NTM; deep 
learning 

NTM achieves better 
RUL accuracy than 
LSTM with fewer 

parameters on multi-fault 
sequences 

No 

NTM [7] Type 2 
diabetes 

prognosis 

ITS-NTM 
(interpretable 

time-series 
NTM) 

Outperforms GRU, 
LSTM, RNN, SVM, 

ANN on clinical time-
series; high 

interpretability 

No (NTM 
replaces 
GRU) 

NTM [23] Binary 
arithmetic 
learning 

Feedforward 
NTM (FF-NTM) 

FF-NTM generalises 
binary 

addition/multiplication 
better than LSTM-NTM 

and standard LSTM 

No 

NTM [24] Tensile 
property 
testing 

(metals) 

NTM; hard 
sigmoid (H-

NTM); adaptive 
curriculum (AH-

NTM) 

AH-NTM reduces 
training time and 

improves efficiency vs 
RNN, LSTM, GRU, 

standard NTM 

No 
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External matrix memory with temporal linkage (DNC) 

DNC [25] Cognitive 
tasks / 
neural 

memory 

Differentiable 
Neural Computer 

(DNC) 

Foundational DNC; 
structured memory with 

temporal linkage and 
usage-based allocation 

No 
(original) 

DNC [8] Predictive 
process 

analytics 

MANN; DNC 
with dual 

controllers and 
write-protected 

memory 

Surpasses LSTM, GRU, 
k-NN on next-activity and 

suffix prediction with 
fewer parameters 

Partial 
(DNC 

controller) 

Slot-based memory: RelMem, EntMem 

RelMem [26] Relational 
reasoning in 
sequential 

tasks 

Relational 
Memory Core 
(RMC); multi-

head dot-product 
attention 

State-of-the-art on 
language modelling, RL, 
and program evaluation 
via inter-slot attention 

No 
(original) 

EntMem [27] Language 
understandi

ng and 
reasoning 

Recurrent Entity 
Network 
(EntNet); 

dynamic memory 

State-of-the-art on bAbI 
tasks; maintains world-
state estimate through 

gated entity slots 

No 
(original) 

RelMem + 
EntMem + 

GRU 

[28] Dynamic 
relational 
inference 

MemDNRI: dual 
memory pools 

(RelMem + 
EntMem); GRU-
based controllers 

Outperforms NRI and 
DNRI on trajectory 

prediction; effective long-
term relational 

dependency modelling 

Yes 

 
 
Table 2. Comparative analysis of memory-augmented architectures across design dimensions relevant 

to MAGRU. 
Memo

ry 
type 

Core 
mechanis

m 

Access 
mode 

Memory 
structure 

Comple
xity 

GRU 
integrati

on 

Strengths Limitations 

[12, 9, 
10] 

Dedicated 
gated 

memory 
block 
inside 

recurrent 
cell 

Gate-
controlle

d 
module-

wise 

Cell-
integrated 
memory 

block 

Low; 
near-
GRU 

overhea
d 

Cell-
integrate
d (native) 

Lightweight
; 

deployment
-friendly; 
modular 

Limited 
exploration 

across 
diverse 
domains 

[13, 
14] 

Differentia
ble Turing-

style 
controller 
+ external 

matrix 

Content 
+ 

location-
based 

Flat 
external 
matrix 

High; 
O(N·M) 

External-
decouple

d 

Algorithmic 
generalisati
on; broadest 

domain 
coverage 

Harder to 
train; limited 

scalability 
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[25] NTM + 
temporal 
linkage 
matrix + 
usage-
based 

allocation 

Content-
based + 
temporal 
linkage 
+ usage 
vector 

Flat 
matrix + 
link/usag

e 
matrices 

High; 
O(N²) 

External-
decouple

d 

Structured 
memory 
traversal; 

fewer 
params than 

LSTM 

Most 
computationa

lly 
expensive; 

limited 
domain 

evidence 

[26] Multi-head 
self-

attention 
across 
fixed 

memory 
slots 

Attentio
n-pooled 

(slot–
slot) 

Relationa
l slot 
array 

Moderat
e–high; 
O(S²) 

Attention
-

mediated 

Inter-slot 
relational 
reasoning; 
sequential 

tasks 

Large 
memory 

footprint for 
complex 

tasks 

[27] Gated 
entity-slot 
updates 

keyed by 
content 

Key-
based 

content 
addressi

ng 

Discrete 
entity-
keyed 
slots 

Moderat
e; 

O(E·d) 

Attention
-

mediated 

Explicit 
entity 

tracking; 
dynamic 

world-state 

Less general-
purpose than 
NTM/DNC 

Note: NTM complexity O(N·M) refers to memory matrix size N and head dimensionality M; DNC 
complexity O(N²) arises from the temporal linkage matrix. Relative cost depends on the specific values 
of N and M chosen at deployment.  

4. Discussion  
This section synthesises key insights from the reviewed studies to identify prevailing trends, 
strengths, and limitations in GRU-based forecasting models augmented with external memory. 
The findings consistently indicate that integrating memory-augmented components enables 
GRUs to better capture long-range dependencies, addressing one of the core limitations of 
standard recurrent architectures. A key explanation for this improved performance is the 
model's ability to prioritise and recall critical time steps through structured memory access 
rather than relying solely on compressed hidden states.  

As summarised in Table 2, the five architecture families differ substantially in how they 
achieve this capability. NTM and DNC store information in flat external matrices accessed via 
differentiable operations, enabling the GRU controller to learn algorithmic retrieval patterns. 
For example, DNC-based GRUs can traverse temporally linked memory locations, while 
NTMs provide content- and location-based addressing that mimics algorithmic processing. 
These augmentations help GRU models maintain stability and avoid vanishing gradients over 
long sequences. In contrast, RelMem and EntMem partition memory into relational or entity-
specific slots, introducing structural inductive biases that are particularly effective when loss 
dynamics involve interactions among multiple entities, such as co-stored products, batch 
handling sequences, or cascading supplier disruptions. Cell-integrated designs (GRU-MB, 
MGRU, MMU) achieve comparable long-range retention at substantially lower computational 
cost by embedding memory directly within the GRU cell, making them the most deployment-
friendly option for resource-constrained food supply chain environments.  

  Although memory-augmented architectures significantly enhance the GRU's ability to 
model long-term dependencies, the inclusion of memory blocks or modules also introduces 
considerable computational overhead and increased model complexity. Training these 
architectures can be more challenging due to memory addressing ambiguity and slower 
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convergence. These models additionally require larger datasets to avoid overfitting and fully 
leverage their enhanced capacity. The trade-off is therefore not simply accuracy versus 
simplicity, but a multi-dimensional balance across computational cost, GRU integration 
complexity, data requirements, and the type of dependency structure present in the target 
forecasting problem.  

Some findings do not directly apply to GRU without modification, as certain memory-
augmented methods were originally developed around LSTM or custom controllers. 
Nevertheless, the adaptation of such memory-enhancing mechanisms to GRU architectures, 
as demonstrated across Table 1, has shown consistently promising results. Techniques such 
as attention mechanisms and hybrid frameworks further enhance the model's ability to learn 
complex temporal patterns and non-linear relationships, as evidenced by the PER-DDPG 
framework [6] and the MemDNRI architecture [28]. These insights carry important 
implications for policymakers and food supply chain managers who require accurate, 
interpretable, long-term forecasts for effective planning and intervention.  

5. Research Gaps and Future Directions 
Despite the progress made in enhancing GRU-based models with memory-augmented 
structures, several critical research gaps remain that limit the full potential of this advancement. 
One key limitation is that existing studies examine memory mechanisms in isolation, leaving 
unexplored the synergies that could arise from combining complementary designs within a 
unified MAGRU framework. This is particularly consequential for food loss forecasting, 
where long-term degradation processes, rare shock events, and complex multi-entity supply 
chain dependencies may each benefit from a different memory inductive bias. A promising 
direction is a hierarchical MAGRU design in which a lightweight cell-integrated module, such 
as MMU or GRU-MB, handles routine long-range retention, while a slot-based RelMem or 
EntMem layer activates selectively for multi-entity dependency modelling. Such a design 
would preserve relational expressiveness while containing computational cost, making it more 
viable for deployment across the food supply chain. Without exploring such combinations, 
model designs risk remaining suboptimal by overlooking cross-component interactions that 
could yield more accurate and resilient forecasting.   

A second important gap lies in the limited real-world applicability of models proposed in 
current literature. Many studies rely on controlled datasets or synthetic benchmarks that fail to 
capture the irregularities, noise, and missing values typical of food supply chain data. 
Critically, food supply chain time-series present a distinct combination of properties that 
standard sequential benchmarks do not replicate: compound seasonality arising from 
overlapping daily, weekly, and harvest-cycle patterns; irregular sampling intervals from 
unevenly spaced cold-chain sensor readings; structured missingness driven by operational 
gaps rather than random failure; and rare but high-magnitude shock events such as spoilage 
spikes caused by equipment failure or weather disruption. It therefore remains unclear how 
well existing MAGRU models generalise to operational settings where these conditions co-
occur. This disconnect highlights the urgent need for comprehensive evaluations on large-
scale, diverse, and realistic datasets drawn directly from food logistics, inventory tracking, and 
climate-influenced agricultural operations, with evaluation protocols that explicitly stress-test 
model robustness under each of these conditions.  

Looking forward, future research should pursue four concrete directions. First, regarding 
attention integration, future work should move beyond generic attention-augmented MAGRUs 
and investigate architectures that employ sparse cross-temporal attention for efficient long-
range alignment and cross-entity attention for modelling interactions among co-stored 
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products, batch handling sequences, and cascading supplier disruptions. Such targeted 
attention designs would enhance interpretability by exposing which time steps and entities 
most influence each forecast. Second, regarding lightweight memory design, achieving 
deployability in resource-constrained environments, such as farms, distribution centres, and 
developing regions, requires more than architectural simplicity. Future work should explore 
structured sparsity in memory access, quantisation-aware training for memory addressing 
modules, and knowledge distillation from larger MAGRU models into compact cell-integrated 
variants, providing a principled pathway from research prototypes to field deployment. Third, 
regarding standardised benchmarks, the field lacks publicly available datasets tailored to food 
loss forecasting. Future benchmark construction should include multivariate series capturing 
temperature, humidity, batch identifiers, and handling event logs, with standardised train-test 
splits that preserve temporal order and representative shock-event frequencies. This would 
enable consistent model comparison and accelerate progress toward generalisable solutions. 
Fourth, regarding interpretability, memory read-weight visualisation and slot activation 
tracing, mechanisms already present in NTM and RelMem architectures respectively, remain 
underexplored as tools for generating actionable insights. Future work should develop 
standardised interpretability protocols that allow supply chain managers to trace a forecast 
back to specific historical events stored in memory, transforming MAGRU outputs from 
opaque predictions into transparent decision support.   

6. Conclusion 
This paper has explored the potential of enhancing GRU-based architectures for food loss 
forecasting through memory augmentation, reviewing five families of neural memory 
architecture, NTM, DNC, RelMem, EntMem, and MMU/GRU-MB, and organising their 
design choices, reported trade-offs, and cross-domain evidence into a unified framework. 
Memory-Augmented GRU (MAGRU) architectures introduce dedicated mechanisms for 
retaining long-range temporal information that standard recurrent models tend to forget, 
enabling models to revisit and reuse relevant historical context more effectively. Existing 
studies consistently suggest that MAGRU variants outperform baseline GRUs in tasks 
requiring temporal reasoning over longer horizons, indicating strong suitability for the 
complex forecasting demands of food supply chains.    

The comparative analysis across Table 1 and Table 2 highlights that no single architecture 
dominates across all dimensions. Cell-integrated designs (GRU-MB, MMU) offer the best 
cost-deployability trade-off; NTM and DNC excel at algorithmic and structured sequential 
reasoning respectively, supported by cross-domain validation histories that suggest 
meaningful transfer potential for food loss forecasting; and slot-based designs (RelMem, 
EntMem) uniquely support relational and entity-aware dependency modelling. The most 
promising direction for MAGRU design in food loss forecasting is therefore a hybrid approach 
that selectively combines these complementary strengths, integrating lightweight cell-
integrated memory for baseline long-range retention with targeted relational or NTM-style 
modules for event-driven and multi-entity patterns, while coupling memory with attention 
mechanisms for improved interpretability. 

Although their individual strengths are evident, combining these techniques within a 
unified MAGRU framework has not yet been fully explored, and validated evaluations on 
realistic food supply chain datasets remain absent from the literature. Future work that bridges 
these methodological gaps, developing hybrid MAGRUs, establishing domain-specific 
benchmarks, and testing on operational supply chain data, will be essential to translating the 
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theoretical promise of memory-augmented forecasting into actionable, trustworthy tools for 
sustainable food system management.  
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