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ABSTRACT

Forward-Forward learning replaces end-to-end backpropagation with local, layer-
wise training objectives. Its variants are evaluated primarily by classification
accuracy, often measured with linear probes trained on their representations. We
show that this evaluation can over-credit the learning method: a linear probe on the
representations of an untrained convolutional neural network already reaches accu-
racy well above chance. Moreover, a single accuracy value does not reveal which
datapoints become correctly classified after training and which remain misclassified.
To examine what learning contributes beyond the random, untrained baseline, we
present an analysis methodology built on the Boundary Proximity Index (BPI), a
multiclass margin normalized by a class-centroid reference. We apply our analysis
to seven Forward-Forward variants and related layer-local methods and find that
initially misclassified points near the probe’s decision boundary generally have
higher rescue rates than those farther inside incorrect decision regions. Rescue
rates vary substantially across methods, with some correcting a substantial fraction
of these deeply embedded points. Together, these analyses offer a way to evaluate
representation learning beyond accuracy and identify the rescue of points far inside
incorrect decision regions as a target for improving local learning methods.

1 INTRODUCTION

Backpropagation (BP) (Rumelhart et al., 1986; LeCun & Bengio, 1998; Baldi, 2021) is the dominant
way of training deep networks, but its global error signals, weight transport and backward pass
raise concerns about biological plausibility and computational cost (Crick, 1989; Baldi et al., 2017).
This has motivated learning methods that are forward-only and layer-local. A prominent one is the
Forward-Forward algorithm (Hinton, 2022), which has been extended to convolutional networks and
deeper architectures in many ways (Scodellaro et al., 2025; Lorberbom et al., 2024; Lee & Song,
2023; Lee et al., 2025; Dooms et al., 2024; Chen et al., 2025; Sun et al., 2025; Yao et al., 2026; Sarode
et al., 2026; Gong et al., 2025b). These methods are almost always compared through test accuracy
of the layers of the network, typically read out by a linear classifier on the learned representations.

Final accuracy is a coarse summary, and it can mislead in two ways. First, convolutional architectures
are strong feature extractors even with random weights (Jarrett et al., 2009; Saxe et al., 2011; Alain
& Bengio, 2018), so part of the accuracy credited to a learning method may be contributed by the
architecture. Second, accuracy does not reveal which datapoints a method helps, which ones remain
misclassified, and what makes them hard to correct.

To address these questions, we study each datapoint’s position relative to the decision boundaries of
a linear probe on the learned representations, across layers and before and after training. Our tool
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is a pointwise measure derived from the probe, the Boundary Proximity Index (BPI): the ordinary
multiclass margin (Crammer & Singer, 2001; Koltchinskii & Panchenko, 2002), normalized (in units
set by the class centroids) to give a dimensionless reference across layers of different dimensionalities.
The sign of BPI states on which side of the probe’s decision boundary a datapoint lies, and its
magnitude how far from it. Whereas an aggregate score answers, “Did the representation improve?”,
this pointwise measure answers, “How does the likelihood that a datapoint improves depend on its
initial BPI?”

We build a methodology around BPI with two parts. Across training: at every layer, we compare
the classification outcome of each datapoint under a linear probe on the untrained network and on
the trained network of the same architecture and seed. A datapoint misclassified before training
and correctly classified after is rescued, and one correctly classified before and misclassified after
is broken; we study how rescue and breakage rates depend on the datapoint’s BPI in the untrained
representation before learning. Across depth: we follow a fully trained network from one layer to
the next, and from the first to the deepest layer, and measure the rescue and breakage of datapoints
as a function of their BPI at the layer’s input. Since all earlier layers are already trained, this shows
how much a layer adds to linear separability beyond the layers before it. This methodology is
method-agnostic and applies to any learning method whose representations are read out linearly and
are partially linearly separable.

Our analysis, and BPI itself, depend on linear probes trained on the representations, which adds
uncertainty. For probes to be informative, their training must be stable and reach accuracies well
above chance, which requires some linear structure in the representation. We observe that probes
are well above chance in every layer (the exception is the raw-pixel probe on Tiny ImageNet and
ImageNet-1K, Appendix E), and refitting a probe with a different seed changes the classification
of only 0.4 to 3.1% of the test datapoints (Appendix D). Partial linear separability of untrained
representations is also well documented (Jarrett et al., 2009; Saxe et al., 2011; Rahimi & Recht,
2007). We also performed three null-control experiments on untrained networks, each changing one
ingredient at a time (Section 2.4). Null 1 changes nothing but the probe: two linear probes with
different seeds are fitted on the same untrained features, so that any rescue is probe noise; Null 2
replaces the trained network by a second untrained network with a different random initialization;
Null 3 applies the across-depth analysis to an untrained network. In all three, datapoints are binned by
BPI under the first representation or probe, as for the trained networks. These controls justify the use
of BPI: probe noise changes the classification of almost no datapoint far from the boundary (Null 1),
and Nulls 2 and 3 provide the baseline without learning against which the contribution of learning
can be measured.

We study seven layer-local learning methods: SCFF (Chen et al., 2025), Trifecta (Dooms et al.,
2024), DeeperForward (Sun et al., 2025), HCL-FF (Yao et al., 2026), HFF (Sarode et al., 2026),
Mono-Forward (Gong et al., 2025a) and ASGE (Gong et al., 2025b), mainly on CIFAR-10, CIFAR-
100 and Tiny ImageNet. Local learning methods remain behind backpropagation in efficiency and
accuracy, so most original articles report results only on such datasets. Some also report results
on ImageNet-1K, but with accuracies well below the state of the art; for example, HFF (Sarode
et al., 2026) reports 25.70% top-1 with VGG16. Its code is not public and many hyperparameters
are not given; in our best-effort re-implementation, the method’s own read-out reaches 7.7% top-1,
and linear probes on the learned features reach up to 15%. Because our HFF re-implementation
falls substantially below the reported accuracy, its results characterize this trained instance rather
than the performance attainable by HFF. We include it to illustrate the application of the analysis to
ImageNet-1K, not as evidence that a faithfully reproduced HFF model has the same limitations. The
accuracies in this paper should not be compared with those of state-of-the-art conventional work. The
main text presents CIFAR-10; the corresponding figures for the other datasets, for the methods run on
them, are in Appendix E.

The findings are qualitative and, on CIFAR-10, CIFAR-100 and Tiny ImageNet, consistent across the
methods run on each dataset (Appendix E); the ImageNet-1K analysis is exploratory. (i) Untrained
networks supply a large share of final accuracy; the share differs widely between methods, and for
some methods training improves the probe accuracy only slightly. (ii) Whether training rescues a
misclassified datapoint depends strongly on where its untrained representation lies relative to the
decision boundary: points near the boundary are rescued more often than points deep on the wrong
side. (iii) The same holds inside a trained network: whether a layer rescues a datapoint that the
previous layer misclassified depends on its BPI at that layer’s input, and an additional layer generally
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Figure 1: Layer-wise ablation of training. Each panel is one method and dataset (mean and standard
deviation over three seeds). A curve is the test accuracy of a linear probe against the depth at which it
reads features, for one training condition: the color encodes how many of the first layers are trained,
from none (yellow, the untrained network) to all (dark purple, the usual reported result), the rest
keeping their random initialization. The gap between the yellow and the dark-purple curve is the
improvement from training under this probe protocol. The SCFF networks include two appended
layers (Appendix A). The ImageNet-1K panel (HFF-VGG16, trained by us) shows five of the 17
conditions (0, 4, 8, 12 and 16 layers trained).

rescues points closer to the decision boundary than points with very negative BPI. Learning methods
differ in how much they rescue, and stronger methods rescue more points at every BPI level. However,
we still see that the more negative the BPI, the lower the rescue rate. (iv) Untrained networks show
the same rescue-BPI relationship at a lower level: a second random initialization, or an untrained
layer, also rescues points near the boundary and almost none far from it.

Our contribution is an evaluation methodology combining architecture-matched untrained baselines,
layer-wise training ablations, BPI-conditioned rescue and breakage rates, and null controls. The
monotone relationship between rescue and BPI is not specific to local learning and is not itself
evidence of successful training. The informative differences are the magnitude of rescue achieved by
each method, its relationship to the null controls, and the additional benefit obtained from training
deeper layers.

2 RESULTS

2.1 UNTRAINED CNNS PROVIDE A STRONG BASELINE FOR MEASURING THE BENEFIT OF
TRAINING

Random convolutional networks are known to produce features on which a linear classifier achieves
accuracy well above chance (Jarrett et al., 2009; Alain & Bengio, 2018), so a learning method
should be judged against the same architecture with random weights. To measure the improvement
from training under a fixed probe protocol, we ablate training layer by layer (Figure 1): we train
only the first m layers, leave the others at their random initialization, and read the representation at
every depth ℓ with a linear probe. For every method, this representation is the concatenation of the
pooled, per-sample standardized activations of layers 1, . . . , ℓ (Appendix A). The protocol combines
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information across layers, as several methods’ original readouts do, but uses a common fitted linear
probe rather than reproducing each method’s native readout; Trifecta and HFF, whose readouts use the
last layer only, are analyzed the same way. We ran this ablation for ASGE, Trifecta, DeeperForward,
HFF, HCL-FF and Mono-Forward on CIFAR-10, for SCFF on all three datasets, and for HFF-VGG16
on ImageNet-1K (setup in Appendix A).

On CIFAR-10, untrained feature extractors already support approximately 58–74% linear-probe
accuracy at the deepest cumulative representation. Training adds about 2 points for HFF, 4 to 5 for
SCFF, 8 for Trifecta, and about 20 to 30 for Mono-Forward, ASGE, DeeperForward and HCL-FF.

Figure 1 shows that accuracy at a given layer depends on training in the preceding layers, which is
important when assessing how effectively a method trains deeper layers. The contribution of training
a layer should therefore be measured relative to a network in which the preceding layers are trained
and that layer remains random, rather than one in which all layers are random. Let aℓ(m) denote
the probe accuracy at depth ℓ when the first m layers are trained. The contribution of training layer
ℓ is then aℓ(ℓ)− aℓ(ℓ−1), whereas the gap relative to the fully untrained network is aℓ(ℓ)− aℓ(0).
For SCFF on CIFAR-10, training the first two layers already increases accuracy at the third layer,
so training the third layer itself adds 0.0 percentage points, despite a 4.2-point gap relative to the
fully untrained network. This pattern holds across all ablated networks: from the fifth layer onward,
training an additional layer contributes at most 1.6 points for ASGE, Trifecta, and SCFF on the three
datasets. These contributions are small compared with the gaps of approximately 4 to 25 points
relative to the fully untrained networks. Earlier layers can contribute substantially more; for example,
the second layer of ASGE adds 12.8 points.

We therefore suggest that such an ablation be part of the evaluation of local-learning methods: the
accuracy at each layer should be compared with the network in which the previous layers are trained
and that layer is random, which isolates its effect from that of the layers before it.

2.2 RESCUE PROBABILITY INCREASES AS THE INITIAL REPRESENTATION APPROACHES THE
PROBE’S DECISION BOUNDARY

Since the untrained representation already separates many datapoints, the question is which of the
remaining errors learning can fix, and how it treats the datapoints that are already correct. Final
accuracy cannot answer it: a misclassified datapoint near the decision boundary of a linear probe and
one deep inside the region of a wrong class may need very different changes of the representation to
be corrected. We therefore need a pointwise measure of position relative to the decision boundary,
the Boundary Proximity Index (BPI), defined below.

Boundary Proximity Index. Let r ∈ Rd be the representation of a datapoint with label y, and let
fk(r) = β⊤

k r+bk be the logits of a linear probe fitted on the training set. Let k̂ = argmaxk fk(r) be
the predicted class and k⋆ = argmaxk ̸=y fk(r) the strongest competing class. With w = βy − βk⋆

and b = by − bk⋆ , we define

BPI(r) =
w⊤r+ b∣∣w⊤ck̂ + b

∣∣ , (1)

where ck is the mean representation of the datapoints of class k that the probe classifies correctly (the
refined centroid; see Appendix A). BPI is the signed distance to the pairwise hyperplane separating
the true class from its highest-logit rival, normalized by the absolute distance of the predicted-class
refined centroid to that same hyperplane; it is positive exactly when the datapoint is classified
correctly. Thus, BPI = −1 means that a misclassified point has the same signed pairwise margin as
this centroid. BPI measures position relative to a classifier-defined hyperplane; it does not measure
proximity to a class cluster or local class density. The selected hyperplane need not be the nearest
boundary of the multiclass classifier. This normalization provides a dimensionless reference for
describing points across representations. Equal BPI values indicate equal margins relative to the
respective centroid references, but do not necessarily indicate equal statistical difficulty, class density,
or distance measured relative to within-class variability.

Rescue and breakage rates. We compare a network before and after training, using the same
architecture and initialization seed and evaluating a linear probe on the test set at each layer in both
cases. A datapoint misclassified before training but correctly classified afterward is rescued; one that
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Figure 2: Rescue and breakage rates against boundary proximity on CIFAR-10 (test set), one curve
per method. Each point is the mean rescue rate (a, b) or breakage rate (c, d) over the datapoints
of one BPI bin (30 equal-width bins on [−2, 0) for rescue and on [0, 2) for breakage, plotted at
the bin center; the outermost bin also collects datapoints beyond −2 or 2). Rows are the first four
layers (a, c) or layer transitions (b, d); the first transition, 0→1, compares a linear probe on the
input pixels with the first layer. Shaded bands are nominal 95% Wilson intervals from pooled
example-level counts, a descriptive binwise uncertainty that ignores dependencies across seeds and
networks (Appendix A); bins with fewer than 20 datapoints are omitted. (a) Across training: fraction
of datapoints misclassified by the untrained network’s probe at layer ℓ that are correct after training,
against BPI in the untrained network. (b) Across depth: fraction misclassified at layer ℓ of the
trained network that are correct at layer ℓ+1, against BPI at layer ℓ. (c,d) Breakage for the same
comparisons (BPI is positive for correctly classified points). BP: backpropagation on the SCFF
architecture, or VGG16 trained from scratch (three seeds). For VGG16 (pretrained), “training” is
ImageNet pretraining (one set of weights, so no band). Every layer is shown in Figure A.1, and the
same figure for CIFAR-100, Tiny ImageNet and ImageNet-1K in Appendix E.

changes from correctly to incorrectly classified is broken. For a group of datapoints, the rescue rate
is the fraction of initially misclassified points that are rescued, and the breakage rate is the fraction of
initially correctly classified points that are broken.

Figure 2a,c show rescue and breakage rates as functions of untrained BPI for each layer and method.
We group datapoints by their BPI under the probe of the untrained network, capturing their positions
before learning. We use 30 equal-width bins (width 1/15) on each of the intervals [−2, 0) for initially
misclassified datapoints (negative BPI) and [0, 2) for initially correctly classified datapoints, with
the outermost bins also collecting datapoints beyond these ranges. Each point on a curve in Figure 2
shows the rescue or breakage rate within a BPI bin and is plotted at the bin center; bins containing
fewer than 20 datapoints are omitted.

Across all methods, the probability that training rescues an initially misclassified datapoint or breaks
an initially correctly classified datapoint generally decreases the farther the datapoint lies from the
decision boundary before training, as measured by its untrained BPI (Figure 2a). This trend also
holds on CIFAR-100 and Tiny ImageNet, as well as in the exploratory ImageNet-1K experiment
(Appendix E). The dependence is particularly steep for methods that gain little from training beyond
the untrained baseline: at layer 3, SCFF rescues about 7% of datapoints with BPI < −1, compared
with about 50% of those with −0.5 < BPI < 0; the corresponding rates for HFF are 22% and
48%. Backpropagation on the same architecture as SCFF achieves higher rescue rates in both groups
(15% and 64%) but exhibits the same dependence of rescue and breakage rates on untrained BPI.
Methods that gain the most from training (HCL-FF, ASGE, Mono-Forward, and VGG16 trained
from scratch or pretrained) shift the entire curve upward and rescue a substantial fraction of deeply
embedded points at layer 3 (24–60% with BPI < −1), yet still rescue a larger fraction of points
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Figure 3: Rescue (a) and breakage (b) from the first to the deepest layer of the trained network,
on CIFAR-10 (test set), against BPI at the first layer. In (a) the datapoints are misclassified by the
first-layer probe and the rate is the fraction correct at the method’s deepest layer (depths in Table A.1);
in (b) they are correct at the first layer and the rate is the fraction misclassified at the deepest layer.
Curves, bands and omitted bins as in Figure 2. CIFAR-100 and Tiny ImageNet: Figures A.5 and A.6.

near the boundary (58–85% with −0.5 < BPI < 0). The dependence is sharpest at the first layer:
SCFF, backpropagation, ASGE, and both VGG16 networks rescue fewer than 5% of datapoints with
BPI < −1. HCL-FF is the exception, plausibly because its first analyzed unit is a block of several
layers. Breakage is likewise concentrated near the decision boundary and decreases to nearly zero
beyond BPI ≈ 1 for all the methods (Figure 2c). Together, the rescue and breakage curves show that
a datapoint’s position before training is strongly associated with whether its classification changes:
points initially far from the probe’s boundary are less likely to be either rescued or broken.

2.3 ACROSS-DEPTH RESCUE DEPENDS ON BOUNDARY PROXIMITY AT THE PRECEDING
DEPTH

Having examined how classifications change with training at a fixed layer, we now examine how
they change across successive layers within a fully trained network. We fit a linear probe at every
depth, compute each datapoint’s BPI at layer ℓ using the corresponding probe, and examine whether
a datapoint misclassified at layer ℓ becomes correctly classified at layer ℓ+1 (rescued), or whether an
initially correctly classified datapoint becomes misclassified (broken).

Using the same BPI binning procedure, we group datapoints by their BPI at the preceding layer and
compute the mean rescue and breakage indicators within each bin. Figure 2b shows the resulting
rescue rates, with remarkably similar curves across methods and layer transitions: the rate remains
low until the datapoint is within roughly 0.5 to 1 of the boundary, then rises steeply. Pooled over the
layer transitions of each network on CIFAR-10, a datapoint with BPI < −1 at the previous layer
is rescued at most 11% of the time for every method, whereas one within 0.5 of the boundary is
rescued about 33 to 50% of the time. Breakage is confined to datapoints just on the correct side of the
boundary (Figure 2d): roughly 11–29% of datapoints with 0 < BPI < 0.25 become misclassified
after passing through an additional layer, compared with at most 0.6% of those with BPI > 1. Thus,
an additional layer generally rescues points with strongly negative BPI at the preceding depth less
often than those nearer the boundary. This pattern also holds on CIFAR-100 and Tiny ImageNet
(Appendix E). The first transition, from the input pixels to the first layer (row 0→1), is the exception:
pixel-space BPI is a much weaker predictor of rescue and breakage, plausibly because the first layer
substantially changes the representation. On CIFAR-10, probe accuracy rises from 41% on the input
pixels to 44–84% at layer 1, depending on the method. Datapoints with pixel-space BPI < −1 are
rescued 11–68% of the time, compared with 36–83% for those with −0.5 < BPI < 0. Meanwhile,
4–16% of datapoints correctly classified by the pixel-space probe with BPI > 1 are broken.

We also examine rescue and breakage from the first to the last layer to assess how strongly a
datapoint’s final classification depends on its BPI at the first layer. In Figure 3, we group datapoints
by their first-layer BPI and compute their mean rescue and breakage rates at the last layer. For every
method, the rescue rate increases with first-layer BPI, although this dependence is weak for the
two VGG16 networks. The methods separate into two groups. For SCFF, backpropagation on the
SCFF architecture, DeeperForward, HCL-FF, and HFF, at most 18% of datapoints with BPI < −1
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Figure 4: Null controls for VGG16 on CIFAR-10, in the format of Figure 2 (first four layers; every
layer is shown in Figure A.9). Trained: VGG16 from scratch on CIFAR-10 and pretrained VGG16;
the other curves come from the untrained VGG16 (three initializations). Null 1: two probes with
different seeds on the same untrained features (none for row 0→1). Null 2 (a,c): untrained network
A against B (all ordered pairs). Null 3 (b,d): layers ℓ and ℓ+1 of one untrained network (row
0→1: pixels and layer 1). The controls for every other method are in Appendix B, and those for
ImageNet-1K in Figure A.4.

at the first layer are correctly classified at the last layer, compared with 46–64% of those with
−0.5 < BPI < 0. For ASGE, Mono-Forward, Trifecta, and both VGG16 networks, a substantial
fraction of deeply misclassified datapoints are eventually rescued (41–77%), although their rescue
rates remain lower than those of points near the boundary (68–90%). Thus, although points far inside
an incorrect decision region are generally less likely to be rescued by the next layer, the first-to-last
comparison shows that substantial rescue can accumulate across depth in some methods despite low
rescue rates at individual transitions. On CIFAR-100 and Tiny ImageNet, we also observe similar
behavior (Appendix E).

In the above experiments (Figure 3, Figure 2b,d), the linear probes are trained on concatenated
representations from layers 1 through ℓ at each depth ℓ. The across-depth analysis therefore measures
the additional predictive value of a layer given access to earlier features. It does not measure the
quality of that layer’s output in isolation, and concatenation can preserve access to useful earlier
features when later representations deteriorate. Appendix F repeats the analysis using individual-layer
probes without concatenating features from previous layers. The qualitative dependence of rescue on
BPI persists in this setting, although some quantitative results change.

2.4 CONTROL EXPERIMENTS TO SEPARATE THE EFFECT OF LEARNING FROM PROBE NOISE
AND RANDOM FEATURES

A dependence of rescue rate on BPI could arise even without representation learning: a linear probe
refitted on slightly different features may flip its predictions mainly near the decision boundary. To
establish what such non-learning sources produce, we repeat the rescue-rate-by-BPI analyses under
three null conditions in which no representation is trained. These nulls give the rescue-vs-BPI and
breakage-vs-BPI curves expected from random features, depth, and probe fitting alone; we attribute
to learning only the amount by which a trained method’s curves exceed these baselines, in particular
for points deep inside incorrect decision regions.

Null 1 (probe noise). Two linear probes with different seeds are fitted on the same untrained features;
a datapoint misclassified by the first is “rescued” if the second classifies it correctly, and datapoints
are binned by their BPI under the first probe. The probes are nearly identical: they differ on only
0.4 to 3.1% of the test datapoints, all next to the boundary, and their BPIs correlate at 0.989 to 0.998
(Appendix D). Probe noise therefore rescues almost no datapoint, except for a small rate (below about
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in Figure 4. Other methods: Appendix B.

10%) in the bins next to the boundary, and breaks few correct ones (Null 1 curves in Figure 4, other
methods and datasets in Appendices B and C), therefore probe noise accounts for little of the rescue
and breakage.

Null 2 (across training). The trained network is replaced by a second untrained network with a
different seed; a datapoint misclassified on the first network is rescued if the probe on the second
classifies it correctly, binned by BPI in the first network. A second random initialization rescues
essentially no datapoint farther than about 0.5 from the boundary, and rises only near it, well below
the trained networks (Figure 4a, Appendices B and C). The trained networks instead rescue a sizeable
fraction of datapoints at all BPI levels, including those deep inside incorrect decision regions. The
rise toward the boundary is thus generic to a refitted probe and far exceeds probe noise, but only
training lifts the rescue rate across the whole BPI range. Breakage near the boundary is also generic:
a second initialization breaks about as many correct datapoints there as training does (Figure 4c). The
other methods, datasets (Appendices B and C)) show the same.

Null 3 (across depth). Successive layers of one untrained network are compared: a datapoint
misclassified at layer ℓ is rescued if it is correct at layer ℓ+1, binned by BPI at layer ℓ. Here the
untrained curves lie close to the trained ones: like them, they rescue almost nothing far from the
boundary and rise steeply only near it, and in the first transition (from pixels) the untrained layer
rescues about as many datapoints as the trained ones (Figure 4b). Breakage is likewise similar, and in
the first transition an untrained layer breaks more correct datapoints than a trained one (Figure 4d).
That a single layer rarely rescues far points (Section 2.3) is therefore not specific to training. The
gain from training accumulates over depth (Figure 5): from the first to the deepest layer, the trained
networks rescue most of the datapoints misclassified at the first layer, almost independently of their
first-layer BPI, whereas an untrained network rescues far fewer of them, especially far from the
boundary, and breaks more of the correct ones. Methods that gain least from training (HFF and SCFF,
Section 2.1) stay close to the untrained network, while the others exceed it clearly (Appendices B
and C).

2.5 BACKPROPAGATION EXPLOITS DEPTH BETTER THAN MOST FORWARD-FORWARD
METHODS, WHOSE PERFORMANCE SATURATES WITHIN A FEW LAYERS

Summed over all datapoints, total rescue minus total breakage is the change in probe accuracy, and
plotting it against depth shows where in the network linear separability is built. We use this metric
in Figure 6 to compare how much accuracy training adds at each depth, and thus how well each
method, local or backpropagation-based, exploits depth (other datasets: Appendix E). Across training
(Figure 6a), the methods differ mainly in how early they reach their final gain. The shallow local
methods (DeeperForward, HCL-FF, Mono-Forward and SCFF) obtain most of their gain at the first
layer and gain little beyond the third (Figure 6b). Backpropagation on SCFF’s three-layer architecture
gains more than SCFF at every layer and builds its gain more gradually. ASGE, with ten layers,
and the VGG16 networks also obtain only a minor part of their final gain at the first layer, and
Trifecta is even below its untrained network there. The cleanest comparison is backpropagation on
ASGE’s own architecture. Its gain matches that of ASGE through the first four layers, but ASGE then
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Figure 6: Where in depth training builds linear separability, on CIFAR-10 (test set; mean over seeds,
bands are the minimum and maximum over seeds). Total rescue minus total breakage, in % of the test
set, which equals the change in probe accuracy. (a) Across training, at layer ℓ: the probe accuracy of
the trained network minus that of the untrained network of the same seed. (b) Across depth, at layer
ℓ: the probe accuracy of the trained network at depth ℓ minus that at depth ℓ−1 (for ℓ = 1, minus
the raw-pixel probe), i.e. the layer added to the earlier ones. BP (ASGE arch.): backpropagation
on ASGE’s ten-block architecture. Other curves as in Figure 2. CIFAR-100 and Tiny ImageNet:
Figures A.7 and A.8.

plateaus, whereas backpropagation keeps gaining over several more layers and ends clearly higher:
in this comparison, backpropagation continues to benefit from additional depth after the gains from
local training have largely saturated. The picture is the same on CIFAR-100 and Tiny ImageNet
(Figures A.7 and A.8), where backpropagation on ASGE’s architecture again ends well above ASGE.

Figure 6 (other datasets: Appendix E) shows that several local methods achieve larger first-layer
gains than the backpropagation-trained networks, whereas backpropagation distributes its gains more
gradually across depth. This pattern is consistent with local objectives emphasizing immediate
improvements at each layer, while end-to-end optimization allows improvements to emerge at later
depths. Comparisons with deeper BP-trained networks therefore remain informative when a shallower
local method has already plateaued over its later evaluated layers: an important advantage of BP in
these experiments is its ability to exploit additional depth, rather than necessarily achieving larger
gains in shallow networks.

3 CONCLUSION

Final accuracy alone does not reveal how much training adds beyond an untrained architecture
or which datapoints benefit. In the evaluated networks, untrained convolutional features provide
substantial linear-probe accuracy, while layer-wise ablations show considerable variation in the
benefit of training individual layers. BPI-conditioned rescue curves show that initially misclassified
points nearer the probe’s boundary generally have higher rescue probabilities. This dependence on
boundary proximity also occurs without learning; the magnitude of rescue and its accumulation across
depth distinguish the evaluated methods, and backpropagation exploits depth better than most local
methods, whose gains saturate within a few layers. Some local methods rescue a substantial fraction
of points far inside incorrect decision regions, leaving these regions as a useful evaluation target
rather than an established inability of local learning. Our findings are descriptive and conditional on
the evaluated architectures, datasets (CIFAR-10, CIFAR-100, Tiny ImageNet, and an exploratory
ImageNet-1K analysis), training configurations, and probe protocol. They do not establish the
mechanisms responsible for the observed rescue patterns.
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A EXPERIMENTAL SETUP

Methods and datasets. Table A.1 lists the methods. All experiments use the standard training and
test splits of CIFAR-10 and CIFAR-100 (Krizhevsky & Hinton, 2009); for Tiny ImageNet (Le &
Yang, 2015) the official validation set is used as the test set. Each network is trained on the training
set with up to three seeds, except the pretrained VGG16, which is a single set of weights. Not every
method was run on every dataset; methods that were not run are absent from the corresponding figure.
Methods with public code are run from that code; the others are re-implemented from their papers
(Table A.1). BP (VGG16, scratch) is the torchvision VGG16 convolutional stack without batch norm
on 32 × 32 inputs (64 × 64 on Tiny ImageNet, with a linear read-out on the 2 × 2 × 512 output),
trained on each dataset with SGD (cosine schedule, 100 epochs, random crops and flips) to about
91.7% (CIFAR-10), 64.9% (CIFAR-100) and 44.8% (Tiny ImageNet) test accuracy. BP (ASGE
arch.) is the ten-block ASGE architecture trained end to end with a single cross-entropy loss on a
linear read-out of the last block, with the same recipe (93.1% test accuracy on CIFAR-10, 71.4% on
CIFAR-100 and 59.5% on Tiny ImageNet); it starts from the same initial weights as ASGE, so its
untrained network is ASGE’s. The pretrained VGG16 reads inputs upsampled to 224× 224.

Representations and probes. For every method the representation at depth ℓ is the concatenation
of the pooled activations of layers 1, . . . , ℓ, so that representations are nested and a probe at depth ℓ+1
can reproduce the one at depth ℓ. This is the same protocol for all methods and does not follow each
method’s own read-out. Each layer’s activation is taken as the method’s feature extractor provides it
and pooled to a small grid: SCFF as in its own read-out (its configured max or average pooling), and
adaptive average pooling to a 2×2 grid for the other methods (4×4 for HFF on CIFAR-10; 1×1 for
ASGE on Tiny ImageNet); each pooled map is then standardized per sample. Linear softmax probes
are fitted on frozen training-set representations, separately for each depth, for the trained and the
untrained network. Every probe is a dropout layer (rate 0.1) followed by a linear layer, trained with
cross-entropy and Adam (learning rate 10−3, weight decay 10−4, batch size 2048) on precomputed
features, without augmentation, with the learning rate halved at 20, 35, 50, 60, 70, 80 and 90% of the
epochs and the random seed set to 42 before each fit; BPI uses the weights of the linear layer. The
number of epochs is 200 by default (across-depth probes, and the across-training probes of SCFF
on CIFAR-10 and CIFAR-100, VGG16 and backpropagation), 150 for the across-training probes
of ASGE, Trifecta, DeeperForward, HCL-FF, Mono-Forward, HFF and SCFF on Tiny ImageNet,
and 100 on ImageNet-1K. The probe for the row 0→1 of Figure 2 is a linear softmax probe on the
flattened, mean/std-normalized input pixels, fitted with the same protocol as the other probes; its BPI
is the same for every method. The untrained network is the same architecture with the same seed and
random initialization; for the ablation of Figure 1, layers beyond the first m keep this initialization. In
Figure 1, ASGE, Trifecta, DeeperForward, HFF, HCL-FF and Mono-Forward use the architectures of
Table A.1, whereas the SCFF networks are the published architectures extended by two convolutional
layers (five layers for CIFAR-10 and CIFAR-100, seven for Tiny ImageNet). For the six methods
other than SCFF, we construct each ablation by retaining the first m layers from the fully trained
network and resetting subsequent layers to their original initialization. This is equivalent to training
only the retained layers when their updates and training states are independent of downstream layers.
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Figure A.1: As Figure 2, with a row for every layer.
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Figure A.2: As Figure 2, on CIFAR-100, with a row for every layer.
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Figure A.3: As Figure 2, on Tiny ImageNet, with a row for every layer.
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Figure A.4: As Figure 2, on ImageNet-1K, with a row for every layer: HFF-VGG16 (our training),
pretrained VGG16 and untrained VGG16 (nulls 1 to 3 of Section 2.4; Appendix E).
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Figure A.5: As Figure 3, on CIFAR-100.
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Figure A.6: As Figure 3, on Tiny ImageNet.

Table A.1: Methods analyzed. “Layers” is the number of probed layers on CIFAR-10 (SCFF, BP and
Mono-Forward use five layers on Tiny ImageNet); for DeeperForward and HCL-FF a layer is one
residual block. BP is backpropagation on the SCFF architecture with a linear classification layer; the
pretrained VGG16 is compared with its random initialization and the from-scratch VGG16 with the
initialization it was trained from.

Method Local objective Layers Implementation

SCFF (Chen et al., 2025) self-contrastive goodness 3 official code
Trifecta (Dooms et al.,
2024)

symmetric goodness loss,
batch norm (no overlap-
ping updates)

6 re-implemented

DeeperForward (Sun et al.,
2025)

layer-normalized mean
goodness

4 official code

HCL-FF (Yao et al., 2026) hierarchical goodness + su-
pervised contrastive

4 official code

HFF (Sarode et al., 2026) class prototypes on the hy-
persphere

3 re-implemented

Mono-Forward (Gong et al.,
2025a)

layer-wise cross-entropy,
detached

4 re-implemented

ASGE (Gong et al., 2025b) spatial goodness, VGG11-
style

10 official code

BP (SCFF arch.) end-to-end cross-entropy 3 —
BP (VGG16, scratch) (Si-
monyan & Zisserman,
2015)

end-to-end cross-entropy 13 own training

BP (ASGE arch.) end-to-end cross-entropy 10 own training
VGG16 (pretrained) (Si-
monyan & Zisserman,
2015)

ImageNet-pretrained (BP) 13 pretrained
weights

BPI. BPI is computed on test datapoints from the probe fitted on the training set. The refined
centroid ck in Equation (1) is the mean of the test representations of class k that the probe classifies
correctly, following the convention of the original analysis. The refined centroids are estimated from
correctly classified test examples, so the normalization depends on the probe and the evaluation
sample. This use of evaluation labels makes BPI a retrospective diagnostic rather than a predictor
available at test time; it does not affect the fitted probe or its reported accuracy. The normalization may
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Figure A.7: As Figure 6, on CIFAR-100 (BP on the SCFF architecture is available only across depth).

2 4 6 8 10 12
Layer 

0

20

40

To
ta

l r
es

cu
e 

 to
ta

l
br

ea
ka

ge
 (%

 o
f t

es
t s

et
) a

2 4 6 8 10 12
Layer  (added to layer 1)

0

10

20

30

To
ta

l r
es

cu
e 

 to
ta

l
br

ea
ka

ge
 (%

 o
f t

es
t s

et
) b

SCFF
Trifecta

BP (SCFF arch.)
BP (VGG16, scratch)

BP (ASGE arch.)
ASGE

DeeperForward Mono-Forward VGG16 (pretrained)

Figure A.8: As Figure 6, on Tiny ImageNet (BP on the SCFF architecture is available only across
depth).

be sensitive to classes with few correctly classified examples or small centroid margins. Robustness
to alternative centroid estimates and normalizations is not established here.

Rescue and breakage curves. For rescue, datapoints misclassified before are binned by BPI
into 30 equal-width bins on [−2, 0), the first bin being open to −∞; for breakage, datapoints
correctly classified before are binned into 30 bins on [0, 2), the last bin being open to +∞. Counts
are pooled over seeds. Shaded bands are nominal 95% Wilson intervals calculated from pooled
example-level counts. Because the same test images recur across seeds, and the null comparisons
reuse networks, these intervals do not account for all dependencies or training-run variability. They
should be interpreted as descriptive binwise uncertainty rather than full confidence intervals over
experimental randomness. Bins with fewer than 20 datapoints are omitted, and no band is drawn for
the pretrained VGG16 because it is a single set of weights. The rows of Figure 2 show the first four
layers (transitions) of each network; Figures A.1 to A.4 show every layer.

Untrained networks for the null controls. For Null 1 the paper’s probe (seed 42) is compared
with a second probe fitted on the identical features with seed 43 (another initialization, mini-batch
order and dropout masks); refitting the paper’s probe reproduces the stored one exactly for SCFF
and VGG16 and on 97 to 99% of test datapoints for the other methods (GPU non-determinism),
and the second seed changes the correctness of 1 to 3% of the test datapoints at the deepest layer.
For Null 2 the untrained networks of the different seeds of a method are paired (all six ordered
pairs); for Null 3 each untrained network is analyzed on its own, with the same probes, BPI and
binning as the trained networks. The untrained VGG16 is that of the pretrained pipeline (CIFAR-10
upsampled to 224× 224, ImageNet normalization, bf16; seeds 1, 2 and 1234). Untrained networks
are regenerated from the seed where the stored arrays do not cover them (ASGE seed 1 and the
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Table A.2: Rescue rate (%) on CIFAR-10 with seeds pooled, as “trained / null 2 / null 1” for the
across-training column and “trained / null 3 / null 1” for the across-depth column. Across training,
layer 3: datapoints misclassified by the layer-3 probe of the untrained network, against BPI in that
network. Across depth, 1→2: datapoints misclassified at layer 1, rescued at layer 2 (null 1: layer 1
with a second probe). First→last (trained / null 3): all datapoints misclassified at the first layer that
are correct at the deepest layer. Columns “BPI < −1” and “within 0.5” restrict to datapoints with
BPI below −1 or in about [−0.5, 0); they are computed on the 30 BPI bins of width 1/15 used for
the curves (bins with midpoint above −0.5), which differs from exact thresholds by less than 1 point.

Across training, layer 3 Across depth, 1→2 First→last

Method BPI < −1 within 0.5 BPI < −1 within 0.5 all

SCFF 7.1/0.9/0.0 50.7/33.6/4.6 0.7/0.7/0.0 44.4/37.2/2.8 43.9/34.6
Trifecta 2.3/0.0/0.0 38.3/20.9/4.6 7.7/0.2/0.0 50.1/24.2/3.0 58.2/34.6
DeeperForward 44.3/5.7/0.0 74.9/36.1/3.2 1.1/1.5/0.0 48.5/37.3/2.5 50.2/32.6
HCL-FF 59.8/5.7/0.0 84.5/35.7/3.3 5.3/1.1/0.0 50.5/37.1/2.5 52.7/34.9
HFF 22.1/1.9/0.0 47.5/32.0/4.4 7.2/0.9/0.0 46.5/34.4/3.0 37.3/31.7
Mono-Forward 37.0/0.6/0.0 72.3/27.5/4.4 14.6/1.5/0.0 60.1/36.8/3.7 66.7/42.7
ASGE 39.9/0.0/0.0 75.5/15.9/4.3 15.1/0.4/0.0 63.6/26.1/3.0 78.2/41.2
BP (SCFF arch.) 15.4/0.9/0.0 64.3/33.6/4.6 13.1/0.7/0.0 62.2/37.2/2.8 55.9/34.6

extra VGG16 seeds); they reproduce the per-depth accuracy of the layer-ablation baseline exactly
(Trifecta, DeeperForward), and agree with stored untrained arrays on the correctness of 97 to 99% of
test datapoints (HFF, ASGE; BPI correlation ≥ 0.99).

B NULL CONTROLS FOR EVERY METHOD

Figures A.9 to A.17 repeat the null controls of Section 2.4 with every layer, for VGG16 and for every
other method on CIFAR-10 (three seeds each); Table A.2 summarizes them. BP (SCFF arch.) and
SCFF share the same untrained networks, so their null curves coincide. Section C repeats the controls
on CIFAR-100 and Tiny ImageNet.

C NULL CONTROLS ON CIFAR-100 AND TINY IMAGENET

Section 2.4 and Appendix B report the null controls on CIFAR-10; here they are repeated on CIFAR-
100 and Tiny ImageNet, with the same three nulls, probes and binning. For VGG16 (Figures A.18
and A.24) the trained networks are VGG16 trained from scratch on the dataset (three seeds) and the
ImageNet-pretrained VGG16, and the nulls are measured on the untrained VGG16 of the pretrained
pipeline (three initializations, images upsampled to 224× 224). For every other method run on the
dataset, one page follows: the trained networks are its own (three seeds) and the untrained networks
are its untrained networks of the same seeds. A method appears only on the datasets on which it was
run (Appendix A), and BP on the SCFF architecture, whose untrained networks are SCFF’s, has no
page of its own. Null 1 fits a second probe (seed 43) on the same untrained features, with the number
of epochs of the paper’s probe. The untrained networks are rebuilt from their seeds exactly as in each
method’s analysis, and refitting the paper’s probe on them reproduces the stored predictions on 100%
of the test datapoints at the deepest depth in every network checked (34 checks); the two probes then
disagree on 0.5 to 2.9% of the test datapoints of the method networks at the deepest depth.

The controls behave as on CIFAR-10. For VGG16 at layer 3 across training, a second untrained
network rescues 0.1% of the datapoints with BPI < −1 on both datasets, against 10.4 and 7.8%
(CIFAR-100) and 4.2 and 6.3% (Tiny ImageNet) for the two trained networks, and 6.0 and 5.4% of
those within 0.5 of the boundary, against 44 to 49% and 31 to 35%; probe noise rescues none of the
former and at most 0.8% of the latter. Across depth, at the transition 1→2 an untrained layer rescues
0.1% of the datapoints with BPI < −1 (trained: 0.1 to 0.6%) and 10.2 and 8.3% of those within 0.5,
against 24 to 32% and 15 to 22% for the trained networks. From the first to the deepest layer, the
trained VGG16 networks rescue 59 and 66% (CIFAR-100) and 44 and 60% (Tiny ImageNet) of the
datapoints misclassified at the first layer, against 27 and 13% for the untrained network, which breaks
18 and 25% of the correct ones, against 9 to 11% and 13 to 17% after training. The other methods
behave alike (Table A.3): at layer 3, no untrained network rescues more than 5% of the datapoints
with BPI < −1 and probe noise rescues none, against 0.4 to 30% (CIFAR-100) and 0.9 to 14% (Tiny
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Figure A.9: Null controls for VGG16 on CIFAR-10: as Figure 4 with every layer.
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Figure A.10: Null controls for SCFF on CIFAR-10: as Figure 4 with every layer (top) and as Figure 5
(bottom).
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Figure A.11: Null controls for BP (SCFF arch.) on CIFAR-10: as Figure 4 with every layer (top) and
as Figure 5 (bottom).
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Figure A.12: Null controls for Trifecta on CIFAR-10: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.13: Null controls for ASGE on CIFAR-10: as Figure 4 with every layer (top) and as Figure 5
(bottom).
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Figure A.14: Null controls for DeeperForward on CIFAR-10: as Figure 4 with every layer (top) and
as Figure 5 (bottom).
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Figure A.15: Null controls for HFF on CIFAR-10: as Figure 4 with every layer (top) and as Figure 5
(bottom).
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Figure A.16: Null controls for HCL-FF on CIFAR-10: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.17: Null controls for Mono-Forward on CIFAR-10: as Figure 4 with every layer (top) and
as Figure 5 (bottom).
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Table A.3: Rescue rate (%) of the null controls on CIFAR-100 and Tiny ImageNet, in the format of
Table A.2: “trained / null 2 / null 1” for the across-training column and “trained / null 3 / null 1” for
the across-depth column, seeds pooled; First→last: trained / null 3. For BP (VGG16, scratch) and
VGG16 (pretrained) the nulls are those of the untrained VGG16 of the pretrained pipeline.

Across training, layer 3 Across depth, 1→2 First→last

Method BPI < −1 within 0.5 BPI < −1 within 0.5 all

CIFAR-100
BP (VGG16, scratch) 10.4/0.1/0.0 48.7/6.0/0.8 0.6/0.1/0.0 32.2/10.2/0.8 58.9/27.2
VGG16 (pretrained) 7.8/0.1/0.0 43.6/6.0/0.8 0.1/0.1/0.0 24.1/10.2/0.8 65.7/27.2
SCFF 2.3/0.2/0.0 31.0/20.0/3.7 0.3/0.3/0.0 29.8/23.4/2.4 26.9/19.3
Trifecta 0.4/0.0/0.0 21.8/10.7/1.5 2.5/0.0/0.0 33.0/16.5/1.2 31.7/21.2
DeeperForward 18.9/3.3/0.0 54.8/22.9/2.7 1.4/0.8/0.0 33.2/27.0/2.0 29.8/16.4
HCL-FF 29.8/4.7/0.0 62.8/23.2/2.8 3.8/1.0/0.0 37.4/23.9/2.3 45.7/14.7
ASGE 10.7/0.0/0.0 49.2/8.4/1.4 3.5/0.1/0.0 41.5/18.9/1.0 50.7/25.2

Tiny ImageNet
BP (VGG16, scratch) 4.2/0.1/0.0 34.8/5.4/0.5 0.4/0.1/0.0 21.6/8.3/0.6 43.7/13.4
VGG16 (pretrained) 6.3/0.1/0.0 30.8/5.4/0.5 0.2/0.1/0.0 14.7/8.3/0.6 60.1/13.4
SCFF 1.0/0.4/0.0 21.1/13.7/2.7 0.3/0.2/0.0 19.1/15.5/1.8 16.0/12.3
Trifecta 0.9/0.1/0.0 18.8/6.1/0.7 1.1/0.1/0.0 19.6/9.1/0.7 20.7/9.0
DeeperForward 10.5/1.1/0.0 38.7/17.4/2.2 0.9/0.8/0.0 23.6/20.3/1.1 18.0/10.9
Mono-Forward 14.3/0.9/0.0 34.8/9.4/1.6 0.3/0.1/0.0 19.5/7.8/1.2 13.0/6.1
ASGE 8.2/0.0/0.0 37.5/4.9/0.7 2.3/0.4/0.0 29.8/11.8/0.8 39.4/14.4

ImageNet) for the trained networks; within 0.5 of the boundary a second untrained network rescues 6
to 23% (CIFAR-100) and 5 to 17% (Tiny ImageNet), against 22 to 63% and 19 to 39% after training,
and probe noise at most 3.7%. In the first-to-last comparison every trained network rescues more of
the datapoints misclassified at the first layer than the untrained network of the same architecture, by 4
(SCFF, Tiny ImageNet) to 47 points (pretrained VGG16, Tiny ImageNet). At the transition 1→2,
several trained layers rescue datapoints with BPI < −1 hardly more often than an untrained layer
(for example SCFF and DeeperForward on Tiny ImageNet), as on CIFAR-10.

D AGREEMENT OF THE TWO PROBES IN NULL 1

Null 1 fits a second linear probe (seed 43) on the same untrained features as the paper’s probe (seed
42), so a rescue by the second probe is probe noise. Figures A.30 to A.37 compare the two probes for
every method and every layer: BPI under the first probe against BPI under the second, for the test
datapoints of the three untrained networks pooled. The probes are close to one decision function. The
Pearson correlation of the two BPIs is 0.989 to 0.998 in every layer of every method; the classification
of 0.4 to 3.1% of the test datapoints differs between the probes (more in deeper layers), and these
datapoints lie next to the boundary: under the first probe their median |BPI| is below 0.03 in every
layer and the largest is 0.34. We compare what the probes do on the test set rather than their weights,
because the features have thousands of dimensions and a low effective rank, so weight directions
that the data barely constrain are set by the initialization and the weight decay while the predictions
coincide.

E OTHER DATASETS

Figures A.1 to A.4 repeat Figure 2 with a row for every layer of the deepest network, on CIFAR-10,
CIFAR-100, Tiny ImageNet and ImageNet-1K, and Figures A.5 and A.6 repeat Figure 3 on CIFAR-
100 and Tiny ImageNet; Figures A.7 and A.8 repeat Figure 6; the null controls on CIFAR-100 and
Tiny ImageNet are in Appendix C. The qualitative dependence is unchanged: on both datasets the
rescue rate rises with BPI in every method, up to sampling noise, and rescue by a single layer of
datapoints with BPI < −1 is close to zero (at most 3% pooled over transitions on CIFAR-100 and
about 1% or less on Tiny ImageNet). On ImageNet-1K (Figure A.4) only three networks are shown:
HFF-VGG16, which we trained for 30 epochs (7.7% top-1 by the method’s own read-out, against
the 25.7% its authors report; its curves characterize this trained instance, not HFF as published), the
ImageNet-pretrained VGG16, and the untrained VGG16 as the three nulls of Section 2.4; all three
are read at 16 layers (13 convolutional, two 4096-wide fully connected, and the last layer: the class
layer of HFF-VGG16, the logits of VGG16); probes there are fitted on 100 training images per class.
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Figure A.18: Null controls for VGG16 on CIFAR-100: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.19: Null controls for SCFF on CIFAR-100: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.20: Null controls for Trifecta on CIFAR-100: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.21: Null controls for ASGE on CIFAR-100: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.22: Null controls for DeeperForward on CIFAR-100: as Figure 4 with every layer (top) and
as Figure 5 (bottom).
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Figure A.23: Null controls for HCL-FF on CIFAR-100: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.24: Null controls for VGG16 on Tiny ImageNet: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.25: Null controls for SCFF on Tiny ImageNet: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.26: Null controls for Trifecta on Tiny ImageNet: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.27: Null controls for ASGE on Tiny ImageNet: as Figure 4 with every layer (top) and as
Figure 5 (bottom).
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Figure A.28: Null controls for DeeperForward on Tiny ImageNet: as Figure 4 with every layer (top)
and as Figure 5 (bottom).
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Figure A.29: Null controls for Mono-Forward on Tiny ImageNet: as Figure 4 with every layer (top)
and as Figure 5 (bottom).
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Figure A.30: Null 1, agreement of the two probes for SCFF (BP on the SCFF architecture shares
these untrained networks): BPI under the paper’s probe (A, seed 42) against BPI under a second
probe (B, seed 43) fitted on the same untrained features, one panel per layer, test datapoints of the
three untrained networks pooled. Log-count hexbins; white line: y = x; dotted lines: BPI = 0.
r: Pearson correlation of the two BPIs; flips: share of test datapoints that the two probes classify
differently.
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Figure A.31: As Figure A.30, for Trifecta.
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Figure A.32: As Figure A.30, for ASGE.
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Figure A.33: As Figure A.30, for DeeperForward.
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Figure A.34: As Figure A.30, for HFF.
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Figure A.35: As Figure A.30, for HCL-FF.
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Figure A.36: As Figure A.30, for Mono-Forward.
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Figure A.37: As Figure A.30, for VGG16 (the pretrained pipeline: CIFAR-10 upsampled to 224×
224).

On Tiny ImageNet and ImageNet-1K the raw-pixel probe is close to chance (3.7% and 0.6% test
accuracy), so the row 0→1 is nearly uninformative there.

F PROBES ON INDIVIDUAL LAYERS

The representation at depth ℓ in the main text is the concatenation of layers 1, . . . , ℓ (Section 2.1
and Appendix A), which is not the read-out of every method. To check that our conclusions do not
depend on this choice, we recomputed the rescue and breakage curves of Figure 2 with a linear probe
that reads every layer on its own, without concatenation, for the untrained and the trained network. It
covers the first six layers of every network and a single seed (seed 1), so its bands are wider than
in the main text (fewer datapoints are pooled) and its numbers are not the seed-pooled ones of the
main text (Figures A.38 to A.41). Layer 1 has nothing to concatenate, so its probe is the probe of
the main text: its correctness agrees with the stored one on 96.5 to 100% of the test datapoints in all
24 networks, and every other step (probe fitting, BPI, binning, the raw-pixel probe of row 0→1) is
unchanged. SCFF and DeeperForward are missing on CIFAR-100 and Tiny ImageNet because their
checkpoints are not available to us (only their stored arrays are), whereas BP on SCFF’s architecture,
which has no across-training curve in the main-text figures for these two datasets, has one here.

The qualitative dependence of rescue and breakage on BPI persists on all four datasets. In every
network and layer, the rescue rate rises toward the boundary, both across training and across depth,
and breakage is confined to datapoints close to the boundary. The methods keep their order: at layer 3
on CIFAR-10, HCL-FF and DeeperForward rescue the most datapoints with BPI < −1 and Trifecta
and SCFF the fewest, with or without concatenation. The magnitude of the change depends on the
method and comparison: on CIFAR-10 (seed 1), the share of datapoints with BPI < −1 that training
rescues at layer 3 is 70% with single-layer probes against 62% with concatenation for HCL-FF, 45%
against 41% for ASGE and 7.6% against 2.9% for SCFF, and the share of those within 0.5 of the
boundary changes by at most 4 points for all networks except BP on SCFF’s architecture. That
network is the one clear change: read on its own, its third layer rescues 46% of the datapoints within
0.5 of the boundary, against 65% with concatenation, and on CIFAR-100 and Tiny ImageNet its
last layer alone is a much worse read-out than the earlier layers (45.1% against 58.6% at the second
layer on CIFAR-100; 15.0% against 38.6% at the fourth layer on Tiny ImageNet, below its untrained
21.2%), which the concatenated representation hides. A single layer still rarely rescues datapoints far
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Figure A.38: As Figure 2, on CIFAR-10, with every layer read on its own (no concatenation), for one
seed and the first six layers.

from the boundary (Section 2.3): at the transition 1→2 on CIFAR-10, at most 8% of the datapoints
with BPI < −1 for DeeperForward, HCL-FF, SCFF, Trifecta and both VGG16 networks, and 14 to
25% for ASGE, Mono-Forward, HFF and BP on SCFF’s architecture (with concatenation, seed 1: at
most 8% for the first group and 10 to 15% for the second).
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Figure A.39: As Figure A.38, on CIFAR-100 (without SCFF and DeeperForward, whose checkpoints
are not available).
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Figure A.40: As Figure A.38, on Tiny ImageNet (without SCFF and DeeperForward, whose check-
points are not available).
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Figure A.41: As Figure A.38, on ImageNet-1K: HFF-VGG16 (our training) and the pretrained
VGG16, against their untrained networks (probes fitted on 100 training images per class).
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