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Abstract—The visual quality of archival videos is shaped by
degradations introduced across the stages of their lifecycle and
corresponding enhancement methods. This survey consolidates
research on restoration and enhancement techniques spanning
the capture, content creation, content delivery, and content
consumption stages. Beyond stage-specific approaches, the survey
also reviews emerging all-in-one frameworks designed to address
multiple degradations jointly. By unifying these perspectives, it
offers insights for developing pipelines that enhance visual fidelity
while preserving historical authenticity.

Index Terms—Archival Content, Degradations, Enhancement

I. INTRODUCTION

Archival videos, preserved across analog and early digital
formats, represent invaluable historical and cultural records but
often exhibit degradations accumulated throughout their life-
cycle. These degradations primarily originate at three stages
of the content pipeline: 1) capture, 2) content creation, and 3)
content delivery, while the content consumption stage focuses
on enhancing visual quality for modern viewing. At capture
stage, limitations of early imaging devices and recording me-
dia introduce film grain, sensor noise, and color fading. During
content creation, operations such as editing, duplication, or
poor exposure contribute to blur, low-light degradation, and
color inconsistencies. In delivery stage, repeated compression
and format migration further compromise spatial and tem-
poral fidelity. Finally, at consumption stage, contemporary
enhancement techniques, such as frame interpolation, and
super-resolution are applied to improve the visual experience
and adapt archival content to current display standards.

Although degradations can be taxonomized by their origin
within these stages, archival video rarely presents artifacts
in such isolation. Instead, distortions frequently manifest as
compound, mutually reinforcing degradations, for example,
noise intertwined with blur, limiting the applicability of
stage-specific solutions. These observations have motivated
the emergence of all-in-one restoration frameworks, which
aim to model heterogeneous, ambiguously sourced degrada-
tions within a unified formulation and deliver more reliable
restoration performance under the uncertain and overlapping
conditions. Consequently, this survey organizes the literature
around stages-specific and all-in-one frameworks, reviewing
representative algorithms along with their evolution. By uni-
fying degradations and their restoration tasks into a single tax-
onomy, this work guides restoration pipelines that can improve
perceptual quality while preserving archival authenticity.
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Fig. 2: Examples of representative degradations.

II. VIDEO CONTENT DEGRADATIONS

Archival video quality is affected by a range of degrada-
tions that originate at different points in the content pipeline,
each shaped by distinct physical and operational factors. To
structure this variability, the following subsections outline the
characteristic artifacts associated with each stage.

A. Capture Device

Degradations at the capture stage arise from the physical
and technological limitations of early imaging systems and
media, including film grain, sensor noise, and color fading.

1) Film Grain: Film grain is a stochastic, high-frequency
artifact arising from the random distribution of silver halide
crystals in analog film stock [1]. When digitized, it appears as
temporally varying, signal-dependent noise with non-Gaussian
statistics [2], making it significantly harder to suppress com-
pared to stationary additive noise. It degrades perceived sharp-
ness, impairs motion estimation, and reduces compression
efficiency, while excessive removal risks oversmoothing de-
tails and diminishing intentionally preserved cinematic texture
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[3]. Classical solutions include adaptive spatial filtering and
wavelet-domain shrinkage [4], which suppress noise while
attempting to preserve edges [5]. Temporal filtering strategies
exploit frame correlation but often blur dynamic content. Non-
local means and block-matching approaches improve perfor-
mance by leveraging self-similarity across frames [6]. Recent
learning-based methods better capture the signal-dependent
distribution of grain [7], employing encoder—decoder archi-
tectures, conditional GANSs, and perceptual losses to balance
grain removal with texture preservation [8], [9]. Addition-
ally, neural grain-analysis models enable parameter estimation
compatible with coding standards, improving compression
while maintaining artistic intent [10].

2) Denoising: Denoising is a fundamental problem in video
and image restoration, aiming to suppress noise from sensors,
compression, or transmission while preserving structural and
temporal fidelity. Early statistical methods relied on self-
similarity: Buades et al. introduced Non-Local Means (NLM),
averaging pixels over neighborhoods of similar patches to
reduce noise without excessive blurring [11]. Dabov er al.
extended this concept with BM3D, grouping similar 2D
patches into 3D arrays and applying collaborative transform-
domain filtering, which became the benchmark in image
denoising [12]. For video, Maggioni et al. generalized BM3D
into VBM4D, exploiting spatio-temporal redundancy with 4D
transforms for significant improvements in temporal coherence
[13]. With the rise of deep learning, Zhang et al. proposed
DnCNN, a residual convolutional neural network trained to
predict noise, establishing CNNs as flexible denoisers capable
of handling diverse noise distributions [14]. For video, Tassano
et al. introduced FastDVDnet, a flow-free, real-time archi-
tecture that processes consecutive frames jointly, achieving
state-of-the-art trade-offs between quality and speed [15].
These approaches highlight the progression from handcrafted
self-similarity priors to end-to-end learned mappings, while
balancing computational complexity with restoration quality.

3) Colorization: Colorization, also known as gray-to-color
conversion, is a transformative technique for restoring old
archival footage that was originally captured in black and
white. Direct gray-to-color transfer approaches develop model
architectures to learn the mapping from grayscale input to
color outputs (L channel to a, b chrominance channels in
CIELab space). The integration of generative models [16] and
modern architectures [17] addressed the need for diversity and
vivid, photorealistic coloring. Transformer-based models [18]
leverage the architecture’s capacity for capturing long-range
dependencies (global context) to overcome issues such as
incorrect semantic colors and undersaturation. User-guided
methods require the user to provide external assistance or
conditions, such as strokes [19], hint points [20], to achieve
customized results aligned with user preferences. Multimodal
colorization approaches are often driven by reference color
images or text prompts to describe the color of the objects
present in the input grayscale video [21]. Reference-driven
approaches learns how to select, propagate, and predict colors

from large-scale data [22].

B. Content Creation

During content creation, attributes such as poor exposure
introduce blur, low-light artifacts, and color inconsistencies.

1) Video Deblurring: Video deblurring aims to restore tem-
porally sharp and spatially detailed frames degraded by motion
or camera shake. The blur arises from temporal integration
of scene motion during exposure, causing loss of fine details
and motion discontinuities. Early approaches modeled this
degradation through motion compensation and optical flow,
followed by deconvolution or energy minimization, but these
methods were fragile under severe or spatially varying blur
[23], [24]. With deep learning, networks jointly modeled
spatial detail and temporal coherence, while attention and
feature-level correspondence improved robustness to complex
motion [25], [26]. Transformer and state-space models further
enhanced long-range temporal reasoning with real-time effi-
ciency [27], [28]. Recent works explore multi-modal fusion
with event-based sensors to recover high-frequency motion
cues under fast motion and low light [29], [30]. Generative
and diffusion-based frameworks have reframed deblurring as
a conditional synthesis task, producing perceptually realistic
and temporally stable outputs [31], [32]. Finally, domain
generalization, test-time adaptation, and Mixture-of-Experts
designs promote robustness and adaptability to diverse blur
distributions in real-world deployment [33].

2) Exposure Correction: The quality of old archival footage
suffers due to poor lighting, aging film stock, or limitations
of analog recording. Enhancement algorithms can intelligently
boost brightness while preserving details, avoiding overexpo-
sure. The Retinex theory [34] provides a fundamental frame-
work for Low-Light Image Enhancement (LLIE) by modeling
how human vision perceives color, serving as a basis for
algorithms that aim to isolate and correct inadequate lighting.
Early approaches utilize different priors, e.g., illumination
prior [35] and reflectance prior [36]. To handle noise in
low-light regions, a robust retinex model is developed to
include an explicit noise term [36], or an additional denoising
procedure applied to the reflectance map before final recon-
struction [37] are generally used. Deep learning integrates
the Retinex decomposition paradigm into neural networks,
e.g., Retinex-Net [37], Retinexformer [38]. End-to-End deep
learning methods utilize deep networks [39], [40], particularly
CNNs or Transformers, to directly learn a mapping function
from the low-light input image to the desired enhanced image.
Zero-DCE [41] reformulates LLIE as an image-specific curve
estimation problem. AnlightenDiff [42] explores the capability
of diffusion models.

3) Color Transfer: Colors in early film stocks often feel
unattractive compared to the era of motion pictures’ color.
This is due to limited dynamic range and narrow color gamuts,
biased color reproduction, inconsistent color calibration across
cameras, and poor color grading resulting from the limited
availability of tools, lighting setups, and film development
processes. In early works, researchers relied on classical
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methods, matching global statistics such as means, variances,
or full histograms of pixel colors. These techniques excelled at
preserving content detail or good photorealism, but they could
only transfer simple styles like tone curves and global color
shifts, failing to capture regional complexity. The advent of
deep learning brought powerful tools, but also a central con-
flict. Initial artistic style transfer algorithms leveraged the deep
features of networks, particularly the VGG architecture, to
encode and transfer style based on feature correlations (Gram
matrices). However, when applied to photographs, this potent
magic resulted in severe spatial distortions and unrealistic,
painterly artifacts. DPST [43] addressed this by introducing
a photorealism constraint. To overcome the efficiency limi-
tations, subsequent works adopted a feed-forward and post-
processing framework. These methods formulate stylization
by directly matching feature correlations between content
and style features using Whitening and Coloring Transform
(WCT) [44]. The family of approaches that utilize WCT
employs various techniques to enhance photorealism [45].
Recent work [46] has shown that the first layer of VGG is
sufficient for color representation and has also demonstrated
that semantic guidance helps produce photo-realistic, con-
trolled output. A powerful parallel narrative emerged around
deterministic color transformations, viewing style transfer not
as a complex feature matching problem, but as a solvable
mapping problem using Look-Up Tables (LUTs) [47].

C. Content Delivery

The delivery stage introduces degradations due to transmis-
sion format and video compression leading to format-specific
and compression artifacts.

1) Analog TV Signal: Composite analog systems such as
NTSC, PAL, and SECAM encode luminance and chrominance
into a single signal for compatibility with monochrome dis-
plays. Because chroma is modulated onto a subcarrier and
spectrally interleaved with luma, limited bandwidth and imper-
fect filtering inevitably introduce interference [48], manifested
as dot crawl, cross-color, and cross-luminance artifacts. In
NTSC, QAM-encoded chroma at 3.579545 MHz produces
checkerboard edge patterns (dot crawl) and rainbowing in
fine textures [49]. PAL reduces hue errors via line-wise
phase alternation but still exhibits cross-luminance and color
bleeding, especially under motion or saturation. SECAM’s FM
chroma avoids some crosstalk but introduces line-by-line color
delay and reduced vertical chroma resolution. Suppression
of such artifacts historically relied on comb filters and later
2D/3D adaptive filters exploiting spatial-temporal correlations
[49]. However, these often blur detail or create motion-
dependent artifacts, motivating modern learning-based meth-
ods that more effectively disentangle luma-chroma interference
across frames.

2) Interlacing: Interlacing was introduced in broadcast
television standards (e.g., NTSC, PAL) to reduce flicker and
conserve bandwidth by transmitting two interleaved fields per
frame, each capturing odd or even scanlines at successive
time instants [50], [S1]. This increases temporal resolution

while halving spatial resolution, but introduces artifacts when
motion is present. Characteristic degradations include comb-
ing, where motion between fields yields jagged edges, ver-
tical resolution loss from naive line duplication, and motion
aliasing due to field misalignment [50]. These artifacts are
especially visible in dynamic content and may propagate to
chroma channels due to subsampling. Classical deinterlacing
strategies include weaving (field combination) and bob (line
interpolation). Weaving preserves detail in static regions but
fails under motion; bob maintains temporal smoothness at
the cost of vertical detail. Motion-adaptive and edge-directed
interpolation techniques attempt to balance these trade-offs
by selectively applying interpolation depending on motion
cues [52], [53]. Motion-compensated methods further estimate
and compensate inter-field motion before merging, achieving
higher fidelity at increased complexity [54]. Recent learning-
based approaches leverage spatio-temporal priors. Zhu et
al. pioneered deep CNNs for deinterlacing, reconstructing
only missing scanlines while preserving known pixel values
and exploiting temporal information from both fields [55].
Bernasconi et al. extended this by using multi-field fusion
with residual dense blocks, improving reconstruction quality
and reducing flickering [56]. Zhao et al. proposed a deinter-
lacing network employing cooperative vertical interpolation
followed by motion-aware field merging with ghost suppres-
sion [57]. Multi-frame joint enhancement frameworks exploit
deformable convolutions and recurrent modules to align and
fuse multiple fields, improving temporal consistency [58].

3) Compression Artifact Reduction: To mitigate bandwidth
constraints, lossy compression techniques (such as H.264/AVC
[59] and H.265/HEVC [60]) are extensively employed to
reduce bitrates while preserving acceptable visual quality.
However, such schemes inevitably introduce visual artifacts,
including blocking, blurring, and ringing, particularly under
high compression ratios. Early strategies sought to mitigate
these effects via deterministic post-filters embedded in codec
loops, notably the in-loop deblocking and deringing filters.
These approaches are computationally inexpensive and ana-
lytically interpretable but inherently limited. Later, the advent
of deep learning has been increasingly applied to the restora-
tion of compressed visual content [61], [62]. Although these
methods aim to suppress compression artifacts, they typically
optimize objective metrics such as PSNR or SSIM (in contrast
to perceptual quality), which measure pixel-level accuracy
and may not align with human perception. In this direction,
GAN-based frameworks [63], [64] incorporate temporal in-
formation while focusing on perceptual quality enhancement.
While GAN-based methods can recover plausible textures,
diffusion models offer superior generative capabilities due to
their iterative denoising process [65]. Hence, they have been
successfully applied to various image and video restoration
tasks [66], [67]. Collectively, these advancements reflect a
paradigm shift toward perceptual fidelity, temporal coherence,
and adaptive restoration strategies, paving the way for more
visually convincing video enhancement systems. In this di-
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rection, frameworks such as [68], [69] introduce a latent-
diffusion based mechanism for video compression artifact
reduction. The evolution of artifact reduction reveals a persis-
tent tension between interpretability, perceptual realism, and
computational efficiency. Classical filters offered analytical
transparency, yet limited adaptivity; CNNs provided precision,
but suppressed texture; generative models achieved realism at
the expense of determinism and speed.

D. Content Consumption

At the consumption stage, restoration shifts towards en-
hancement and adaptation for modern viewing.

1) Video Frame Rate Conversion: Video Frame Rate Con-
version (VFR) refers to the process of synthesizing new frames
between existing ones in a video sequence to enhance temporal
resolution, achieve smooth motion, enable slow-motion play-
back, or recover missing frames. This process is inherently
ill-posed because temporal degradation arises when frames
are sparsely sampled in time, leading to motion ambiguity,
occlusions, large displacements, and appearance variations that
cannot be directly inferred from neighboring frames. Early
approaches primarily relied on optical flow—based warping
techniques that estimated pixel-wise motion between input
frames and warped them to generate intermediate frames [70].
While conceptually elegant, these methods were highly sensi-
tive to flow estimation errors and struggled in the presence
of occlusions, motion blur, or large displacements. Subse-
quent deep learning methods improved robustness by learning
bidirectional flow and context-aware blending [71], [72], yet
residual artifacts and temporal inconsistencies persisted due
to imperfect motion modeling. To address these limitations,
recent research has shifted from explicit flow estimation to
dense correlation modeling and transformer-based motion rea-
soning, enabling networks to capture long-range dependencies
and non-rigid motion without relying on explicit flow represen-
tations [73], [74]. In parallel, generative and diffusion-based
frameworks have redefined VFR as a conditional synthesis
problem, achieving high perceptual fidelity through motion-
aware or patch-based diffusion processes [75], [76].

2) Video Super-Resolution: Video super-resolution lever-
ages temporal correlations across frames to recover high-
quality sequences from low-resolution inputs, facing funda-
mental challenges in balancing temporal consistency, detail
generation, and computational efficiency. Early approaches
relied on multi-frame fusion and motion-compensated filtering,
where adjacent frames were registered using optical flow
or block matching, followed by iterative reconstruction to
enhance spatial resolution [77], [78]. These classical methods
emphasized accurate motion estimation and regularization to
suppress noise and aliasing, but struggled with complex mo-
tion, occlusions, and fine texture recovery. BasicVSR++ [79],
employed bidirectional feature propagation with second-order
grid propagation and flow-guided deformable alignment for
flexible information aggregation across frames. RVRT [80]
is a recurrent video restoration transformer that processes
local frames in parallel within a globally recurrent framework,

incorporating guided deformable attention for accurate clip-
to-clip alignment while balancing model size and memory
consumption. Zhou et al. advanced transformer-based ap-
proaches with MIA-VSR, introducing masked inter- and intra-
frame attention mechanisms that exploit temporal continuity
to reduce redundant computations while maintaining state-of-
the-art accuracy [81]. Recent generative models have pushed
the boundaries in detail synthesis [67], [82].

III. ALL-IN-ONE VIDEO RESTORATION

All-in-one frameworks seek to address the heterogeneous
and uncertain degradation profiles characteristic of archival
video by learning a unified representation that can accom-
modate multiple artifact types within a single model. These
approaches rely on scalable generative priors, flexible con-
ditioning mechanisms, and adaptive inference strategies to
generalize across mixed or poorly specified degradation con-
ditions. Within this paradigm, research has progressed along
several complementary fronts: degradation synthesis for con-
structing broad training distributions, text-guided restoration
for controllable model conditioning, zero-shot methods for
adaptation without retraining, GAN-based architectures for
holistic appearance modeling, and diffusion backbones for
high-capacity video enhancement. Collectively, these devel-
opments reflect a shift toward integrated restoration systems
capable of robust operation across diverse archival scenarios.

1) Degradation Synthesis: Realistic training data is crucial
for generalization to real-world scenarios. Wang et al. in-
troduced high-order degradation modeling in Real-ESRGAN,
applying classical degradation processes iteratively-combining
blur, resize, noise, and JPEG compression-to simulate complex
real-world corruptions [83]. They further incorporated sinc
filters to synthesize ringing and overshoot artifacts, enabling
models trained purely on synthetic data to handle authentic
degradations effectively. Building on this, Li et al. proposed
AirNet, which uses contrastive learning to implicitly encode
unknown degradation types without requiring explicit priors,
demonstrating robust all-in-one restoration across denoising,
deraining, and dehazing Overall, degradation synthesis pro-
vides the foundation for training unified models that can
generalize across heterogeneous and compositionally complex
artifact distributions. [84].

2) Text-Guided Restoration: Vision-language models have
introduced flexible, human-centric control mechanisms for
restoration. Conde et al. presented InstructIR, the first method
to use natural language instructions for restoration, leveraging
GPT-4 generated prompts and CLIP encoders to guide task-
agnostic networks toward user-specified improvements [85].
Potlapalli et al. proposed PromptIR, which employs learnable
prompt tokens to encode degradation-specific information,
enabling all-in-one blind image restoration without requiring
explicit degradation labels [86]. Qi et al. proposed SPIRE,
enabling both semantic content prompts and quantitative
degradation specifications within a diffusion framework for
fine-grained restoration control [87]. Luo et al. introduced
DA-CLIP, adapting pretrained CLIP models via a trainable
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controller that predicts degradation features and pilots cross-
attention modules for unified restoration [88]. In summary,
text-guided restoration enables controllable, semantically in-
formed adjustments that extend all-in-one frameworks beyond
fixed degradation assumptions.

3) Zero-Shot Frameworks: Although supervised learning
methods have demonstrated efficacy in addressing image/video
restoration, their applicability is often constrained by the need
to retrain to handle novel or unseen degradation patterns.
This limitation has motivated the exploration of unsupervised
and zero-shot paradigms that leverage the inherent structural
regularities of natural images. Consequently, some frameworks
employ GANs as implicit priors to model the distribution
of natural images [89]. Alternatively, restoration frameworks
have been developed based on denoiser-driven regularization,
where pre-trained denoisers serve as image priors within
iterative optimization schemes [90], [91]. Recently, diffusion
models have emerged as powerful priors for image restoration,
and recent frameworks [92], [93] leverage pretrained diffusion
models for targeting blurring, missing pixels, compression
artifacts, or composite degradations. For video data, [94], [95]
introduce different fusion or temporal-alignment strategies
to obtain temporally-consistent enhanced video sequences in
zero-shot setting. While these methods demonstrate flexibility
and generalization, they remain computationally demanding
due to iterative sampling or explicit degradation model re-
quirements. Nevertheless, this paradigm establishes a promis-
ing bridge between powerful pretrained diffusion priors and
real-world video restoration, which may have potential for
developing a universally adaptive framework.

4) GANs for Video Restoration: Adversarial learning has
been a principal instrument for promoting perceptual real-
ism in image and video restoration. The seminal SRGAN
work demonstrated that a perceptual loss combined with a
generative adversarial objective yields significantly improved
single-image super-resolution, motivating subsequent research
to focus on texture fidelity rather than pixel fidelity [83],
[96]. Transferring adversarial objectives to video necessitates
explicit temporal regularization. TecoGAN [97] introduced
temporally coherent adversarial training by employing spa-
tio—temporal discriminators and recurrent generators, and by
proposing the Ping-Pong loss to mitigate error accumulation
in recurrent propagation. Recently, [98] proposed VideoGi-
gaGAN, which adapts GigaGAN [99], an image upsampler
for video data through a temporal module and flow-guided
feature propagation. Despite their perceptual strengths, GAN-
based frameworks face persistent challenges such as training
stability. Further, as diffusion models have shown better gener-
ative capabilities as compared to GANS, the recent frameworks
utilize former for robust enhancement frameworks.

5) Pretrained Diffusion Backbones for Video Enhancement:
A parallel research line investigates adapting large text-to-
image (T2I) and text-to-video (T2V) diffusion models for
video restoration. Instead of training diffusion networks from
scratch on restoration datasets, these methods leverage the

expressive priors learned by generative backbones, such as
Stable Diffusion or video diffusion transformers, and repur-
pose them through conditioning or lightweight adaptation.
This paradigm seeks to combine the semantic richness and
texture realism of large generative models with restoration-
specific conditioning, thereby reducing data requirements and
improving perceptual quality and generalization. Upscale-A-
Video [67] pioneers this direction by adapting an image-
trained latent diffusion model for real-world video super-
resolution. Similarly, STAR [100] extends pretrained text-to-
video backbones (I2V and CogVideoX) for video enhance-
ment. It complements the global attention block with a lo-
cal information enhancement module and utilizes dynamic
frequency loss during training. Further, DOVE [101] builds
upon CogVideoX to achieve remarkable performance on the
real-world degraded videos. Effectively, it utilizes a two-stage
(latent-pixel) training strategy to adapt the video generation
model for the video enhancement task. Overall, leveraging
pretrained diffusion backbones enables restoration frameworks
to inherit rich generative structure and robust generalization
without extensive retraining.

IV. CHALLENGES AND OPPORTUNTIES

Despite rapid progress in restoration and enhancement,
archival video remains uniquely challenging due to its diverse,
compound degradations and the need to preserve both per-
ceptual quality and historical authenticity. We highlight key
challenges and corresponding opportunities for future research.
1. Heterogeneous and interacting degradations. Archival
footage often contains multiple, interdependent artifacts span-
ning capture, creation, and delivery stages, making joint mod-
eling difficult. Opportunities lie in degradation-aware archi-
tectures and causal models that disentangle and reason over
mixed degradations.

2. Scarcity of representative datasets. Annotated archival
datasets remain limited due to rights, privacy, and curation
costs. Building ethically accessible archives and hybrid real-
synthetic datasets can support scalable benchmarking and
improve generalization.

3. Faithfulness vs. perceptual enhancement. Restoration
must enhance visual quality without altering historical content.
Developing fidelity-preserving objectives can help maintain
authenticity while improving perceptual appeal.

4. Evaluation and benchmarking. Existing metrics fail
to capture perceptual and historical fidelity. Domain-specific
evaluation protocols, expert-in-the-loop assessment, and long-
range temporal metrics are needed.

5. Human-centered and multimodal guidance. Integrating
textual cues, archival notes, and curator input can promote
semantically consistent and historically aware restoration, with
multimodal conditioning offering promising avenues.

These challenges underscore the need for algorithmically ro-
bust, data-driven, and heritage-aware restoration frameworks.
Advancing physically grounded degradation models alongside
adaptive learning architectures will support scalable and re-
producible pipelines that preserve archival authenticity while
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enabling high-quality, analyzable, and interoperable video con-
tent for research, preservation, and public dissemination.

V. CONCLUSION

This survey systematically reviewed degradations and
restoration methodologies across different stages of archival
video, along with emerging frameworks for joint degradation
modeling. By consolidating restoration tasks, and learning
paradigms, it traced the evolution from physically inspired
filtering to modern foundational models. The findings highlight
a shift toward data-driven, physically grounded, and scalable
restoration frameworks. Future progress will depend on inte-
grating explicit degradation modeling, multimodal priors, and
adaptive learning mechanisms to achieve restoration pipelines
that are both computationally reliable and historically faithful.
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