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Abstract. Concept Bottleneck Models (CBMs) improve interpretabil-
ity by routing predictions through human-understandable concepts, but
their practical use is limited by the high cost of concept annotation. Ex-
isting semi-supervised CBM methods address this issue with pseudo-label
transfer and heatmap-based spatial alignment, but these designs intro-
duce architectural complexity and rely on intermediate spatial feature
maps. In this paper, we propose FixCBM, a semi-supervised frame-
work that learns from unlabeled data through confidence-guided consis-
tency in concept space. FixCBM generates pseudo-labels from weakly
augmented views, filters them by per-concept confidence, and enforces
consistency on strongly augmented views. A warmup schedule further
stabilizes training by delaying unlabeled supervision until pseudo-label
quality becomes sufficiently reliable. Experiments on four benchmark
datasets show that FixCBM consistently improves both concept accu-
racy and task accuracy over prior semi-supervised CBM baselines. With
only 10% labeled data, FixCBM surpasses fully supervised CBM and
CEM baselines in concept accuracy on CUB-200-2011, and outperforms
SSCBM across all four datasets. Additional analyses, including labeled-
ratio evaluation and test-time intervention, show that FixCBM learns
reliable and interventionable concept representations. These results sug-
gest that enforcing reliable consistency directly in concept space provides
a simpler and more effective alternative to spatial alignment for semi-
supervised concept learning, leading to more robust performance.

Keywords: Concept Bottleneck Models · Semi-Supervised Learning ·
Pseudo-Labeling · Consistency Learning · Concept-Level Consistency

1 Introduction

Deep neural networks achieve strong performance in visual recognition, yet
their opacity limits use in high-stakes domains such as medical diagnosis [18],
autonomous systems [2], and legal reasoning [7]. Concept Bottleneck Models
(CBMs) [11] address this by introducing a human-interpretable bottleneck, where
semantic concepts are predicted from the input and used to infer the final la-
bel. This design enables a decision chain and supports test-time intervention,
allowing users to correct concept predictions and observe the resulting output.
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Despite their appeal, CBMs require costly concept annotations for every
image, which is prohibitive at scale (e.g., CUB-200-2011). Some works bypass
annotation using language models [13,23], but rely on GPT-scale priors and lack
reliable evaluation of extracted concepts.

This setting is important yet lacks a standard solution. Existing methods
either remove concept supervision, sacrificing grounded evaluation, or rely on
architecture-dependent pseudo-supervision that fails to ensure reliable concept
predictions. Moreover, standard semi-supervised methods focus on class labels,
while CBMs require reliable supervision over a multi-label concept space with
varying confidence.

SSCBM [9] uses KNN transfer and spatial alignment for unlabeled data, but
the latter introduces architectural constraints, scales poorly with concept num-
ber, and is sensitive to noisy early embeddings. This suggests the core challenge
lies in reliable concept-level supervision rather than spatial alignment. Early
noisy pseudo-labels can destabilize learning, motivating approaches grounded in
concept semantics and robust to uncertainty.

Our key insight is that semi-supervised concept learning should focus on
concept-level prediction reliability rather than feature-level spatial alignment. If
a concept predictor is confident under weak augmentation, its prediction should
remain consistent under stronger perturbations. This yields a concept-level su-
pervisory signal that is naturally compatible with multi-label prediction and
robust to early uncertainty by ignoring low-confidence concepts.

To this end, we propose FixCBM, a semi-supervised framework that replaces
spatial alignment with weak-to-strong consistency in concept space. For each
unlabeled image, pseudo-labels are generated from a weak view, filtered by per-
concept confidence masking, and enforced on a strong view. A warmup schedule
further stabilizes training by delaying the effect of unlabeled supervision.

This design has three advantages: it is spatial-feature-free, requiring no inter-
mediate representations; concept-aware, evaluating pseudo-label reliability per
concept; and training-stable, where confidence masking and warmup suppress
noisy pseudo-labels and reduce confirmation bias.

Our contributions are threefold:

– We identify reliable concept-level supervision on unlabeled data as the key
challenge in semi-supervised CBMs, and show that weak-to-strong consis-
tency in concept space provides a direct and effective alternative to spatial
alignment.

– We propose FixCBM, a semi-supervised framework that combines concept-
space pseudo-labeling, per-concept confidence masking, and warmup-based
consistency scheduling, without requiring intermediate spatial feature maps
or architecture-specific modifications.

– We show empirically on four benchmarks that this formulation improves
both concept and task accuracy over prior semi-supervised CBM baselines,
while preserving intervention quality and concept faithfulness. These results
suggest that explicit spatial alignment is not strictly necessary for overall
effective semi-supervised concept learning.
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2 Related Work

Concept Bottleneck Models. constrain predictions to pass through human-
interpretable concepts. Concept Embedding Models (CEMs) [6] replace scalar
concept probabilities with vector embeddings, improving flexibility and down-
stream performance. IntCBM [3] improves the use of user interventions during
training. Label-free CBM [13] and Post-hoc CBM [23] remove annotation re-
quirements via language model priors, but sacrifice grounded evaluation and
direct concept supervision.

Semi-supervised Learning for CBMs. SSCBM [9] is the most related work,
using KNN pseudo-labeling and concept heatmap alignment. In contrast, our
method enforces prediction consistency across augmented views without relying
on intermediate spatial representations. Related work has also explored weakly
supervised concept learning, but not the semi-supervised CBM setting with a
consistency-based objective.

Semi-supervised Learning with Consistency Regularization. Consistency
regularization [14,12] enforces stable predictions under perturbations. Mean Tea-
cher [17], MixMatch [1], FixMatch [15], and UDA [22] are representative meth-
ods. Unlike these class-level approaches, FixCBM applies the same principle to
multi-label concept prediction, where each concept must be calibrated indepen-
dently.

Several adjacent lines of work are also relevant. Strong augmentation
(e.g., RandAugment [5]) supports the weak-to-strong scheme used in FixCBM.
Adaptive thresholding methods such as FlexMatch [24] and SoftMatch [4] im-
prove pseudo-label selection and could extend to per-concept settings. Related
work on semi-supervised multi-label classification [16] addresses label-wise cali-
bration but does not consider interpretability or concept-level constraints.

3 Method

We adopt the standard Concept Embedding Model (CEMs) [6], in which con-
cept predictions are first produced and then mapped to the task label. In the
semi-supervised setting, the training data are divided into a labeled set DL, con-
taining both class and concept labels, and an unlabeled set DU , containing only
class labels. We use Aweak and Astrong to denote weak and strong augmentation
functions, respectively, and write p(x) ∈ [0, 1]k for the vector of per-concept
predicted probabilities produced by the model on input x.

We present FixCBM, a semi-supervised framework for Concept Embedding
Models that achieves reliable concept learning under scarce annotation by en-
forcing prediction consistency in concept probability space. Figure 1 gives an
overview of our framework. We describe each component below.
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Fig. 1. Framework overview of FixCBM. The model learns from labeled data via
supervised losses, and effectively leverages unlabeled data through weak-to-strong con-
sistency with confidence masking and warmup scheduling.

3.1 Overview and Motivation

The core idea of FixCBM is to enforce weak-to-strong consistency in concept
space. If a weakly augmented view yields a high-confidence prediction for a
concept, then the same concept prediction should remain stable under a stronger
augmentation, providing a direct supervisory signal for unlabeled data without
requiring spatial alignment or intermediate spatial feature maps.

The key difference from SSCBM [9] is illustrated in Figure 1. SSCBM gen-
erates pseudo-labels via KNN in feature space and enforces alignment between
concept embeddings and spatial heatmaps; both operations depend on global
feature retrieval or intermediate spatial features.

In contrast, FixCBM filters pseudo-labels by per-concept prediction confi-
dence and enforces consistency directly at the output of the concept predictor,
yielding a simpler and more direct formulation.

3.2 Labeled Data: Concept Embedding Learning

For labeled samples (x, y, c) ∈ DL, we first apply weak augmentation x̃ =
Aweak(x) and then feed x̃ into the CEM backbone to obtain concept proba-
bilities p(x̃) and corresponding task prediction ŷ(x̃).

The labeled concept loss supervises the concept bottleneck with ground-
truth concept labels:

Lsup =
1

|BL|
∑

(x,y,c)∈BL

BCE
(
p(x̃), c

)
, (1)
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where BL is the labeled mini-batch and BCE denotes binary cross-entropy ap-
plied independently per concept. Let BU ⊆ DU denote the unlabeled mini-batch,
and let B = BL ∪ BU be the full mini-batch.

The task loss is applied to all samples (both labeled and unlabeled), since
class labels are available for all data:

Ltask =
1

|B|
∑

(x,y)∈B

CE
(
ŷ(x̃), y

)
, (2)

where ŷ(x̃) denotes the task prediction from the weakly-augmented view.

3.3 Unlabeled Data: Confidence-Guided Concept Consistency

For each unlabeled sample x ∈ DU , we generate two augmented views: a weak
view x̃ = Aweak(x) and a strong view x̂ = Astrong(x).The weak view produces
concept pseudo-labels, while the strong view is used for consistency training.

Pseudo-label Generation. We first compute concept probabilities on the
weakly augmented view,

q = p(x̃) = (q1, . . . , qk) ∈ [0, 1]k. (3)

and convert them into hard pseudo-labels by thresholding at 0.5:

ĉi = 1[qi ≥ 0.5]. (4)

Confidence Masking. Not all pseudo-labels are equally trustworthy. We retain
only concepts whose predictions are confidently above or below the decision
boundary. For concept i, define the confidence as ρi = max(qi, 1 − qi). The
confidence mask is:

mi = 1[ρi ≥ τ ], (5)

where τ ∈ (0, 1) is a confidence threshold tuned on the validation set.

Consistency Loss. We apply the unsupervised loss on the strongly augmented
view, using only the retained pseudo-labels from the weak view as supervision.
pseudo-labels:

Lcon =
1

|BU |
∑
x∈BU

1

k

k∑
i=1

mi · BCE
(
pi(x̂), ĉi

)
, (6)

where BU is the unlabeled mini-batch and pi(x̂) is the predicted probability
for concept i on the strongly-augmented view. Note that the pseudo-label q is
detached from the computation graph, so no gradient flows through it.
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3.4 Warmup Schedule for Stable Training

Early in training, concept embeddings are poorly initialized and pseudo-labels
on unlabeled data are unreliable. Applying the full consistency loss from the
first epoch can destabilize the labeled-data concept learning. To address this, we
introduce a linear warmup schedule for the consistency loss weight:

λu(t) = λmax
u ·min

(
1,

t

Tw

)
, (7)

where t is the current training epoch, Tw is the warmup duration (default
Tw = 10 epochs), and λmax

u is the maximum unlabeled loss weight. This al-
lows the model to first learn a minimally stable concept representation from
labeled supervision before the full unlabeled consistency signal is applied.

Empirical Validation of the Warmup Design. Figure 3 shows that the
mask rate increases steadily during training, indicating improving pseudo-label
quality. This validates the role of warmup in preventing unreliable early pseudo-
labels from degrading training. This trend clearly supports the warmup design:
applying the full λmax

u weight when mask rates are very low would force the
model to learn from noisy, low-confidence pseudo-labels, significantly corrupting
the already established representation by the labeled-data loss.

3.5 Final Objective

The overall training objective of FixCBM is:

L = Ltask + λs Lsup + λu(t)Lcon (8)

where Ltask is the task classification loss, Lsup is the supervised concept loss on
labeled data, and Lcon is the confidence-guided consistency loss on unlabeled
data. Here, λs denotes the weight of the supervised concept loss, and λu(t) is
the warmup-modulated weight of the unlabeled consistency loss.

4 Experiments

We evaluate FixCBM on four benchmark datasets across four axes: (1) compar-
ison with fully supervised upper bounds, (2) concept and task accuracy under
varying labeled ratios, (3) test-time intervention, and (4) ablation study.

4.1 Experimental Setup

Datasets. We evaluate on four real-world fine-grained image recognition bench-
marks: CUB-200-2011 [20] (200 bird species, 312 binary concepts, 11,788 im-
ages), AwA2 [21] (50 animal classes, 85 continuous attributes, 37,322 images),
PBC [19] (5 white blood cell types, concept-annotated), and 7-point [10] (skin
lesion diagnosis, 7 clinical criteria as concepts). These datasets span a variety of
concept types (binary/continuous), domain expertise levels, and class imbalance
characteristics, providing testbed for semi-supervised concept learning.
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Evaluation Metrics. We report concept accuracy (C-Acc) and task accuracy
(Y-Acc). Concept accuracy is computed by averaging prediction accuracy across
all concepts, while task accuracy is measured as standard classification accuracy.
For datasets with continuous attributes (e.g., AwA2), attributes are binarized
following SSCBM for consistent evaluation.

Baselines. We compare FixCBM with the following baselines:

– CBM [11]: vanilla Concept Bottleneck Model in the fully supervised setting,
serving as a basic reference.

– CEM [6]: Concept Embedding Model in the fully supervised setting, our
primary fully-supervised upper bound.

– CEM-SS: CEM trained with k-NN pseudo-labels only (no alignment or
consistency loss), isolating the benefit of our consistency objective.

– SSCBM [9]: the state-of-the-art semi-supervised CBM, using k-NN pseudo-
labels and heatmap alignment loss.

– Label-free CBM [13]: unsupervised CBM relying on LLM-generated con-
cept sets, included for reference.

All semi-supervised baselines consistently use the same labeled ratio r and the
same train/val/test split across all experiments, ensuring strict fair comparison.

Implementation Details. All models use ResNet-34 [8] pretrained on Ima-
geNet as the backbone, following SSCBM. The concept context generator uses
LeakyReLU activations with embedding dimension m = 64. We train all models
using SGD with momentum 0.88, weight decay 5×10−6, and learning rate 0.016,
with ReduceLROnPlateau scheduling. We train for 70 epochs with batch size 32
and check validation every 5 epochs. Weak augmentation consists of random
horizontal flip and crop; strong augmentation uses RandAugment [5] (N = 2,
M = 10). The confidence threshold is τ = 0.876 (tuned via Optuna on CUB;
see Appendix for dataset-specific values). Warmup duration is Tw = 10 epochs.
All experiments are run with 3 independent random seeds. All experiments are
conducted on a single NVIDIA RTX 4090 GPU with standard settings.

4.2 Main Results: Concept and Task Accuracy

Table 1 reports concept accuracy (C-Acc) and task accuracy (Y-Acc) on all four
datasets at a labeled ratio of r = 0.1. FixCBM consistently outperforms all
semi-supervised baselines across both metrics. On CUB-200-2011, it achieves
91.57% concept accuracy and 75.92% task accuracy, improving over SSCBM by
+1.52% and +9.14%, respectively. On AwA2, FixCBM achieves 97.43% concept
accuracy and 90.57% task accuracy, surpassing SSCBM and even slightly exceed-
ing the fully supervised CEM baseline in task accuracy, demonstrating that our
consistency loss acts as an effective regularizer. Furthermore, the gap between
CEM-SS and FixCBM highlights our contribution, with gains of +24.03% on
PBC and +8.95% on 7-point in concept accuracy.
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Table 1. Concept accuracy (C-Acc, %) and task accuracy (Y-Acc, %) comparison on
four benchmarks at labeled ratio r = 0.1. Bold: best semi-supervised result. †: fully-
supervised upper bound. ‡: unsupervised (no concept labels used). Results averaged
over 3 seeds.

Method CUB-200-2011 AwA2 PBC 7-point

C-Acc Y-Acc C-Acc Y-Acc C-Acc Y-Acc C-Acc Y-Acc

CBM† [11] 88.95 41.47 78.96 90.03 89.31 99.58 55.50 55.44
CEM† [6] 92.27 69.00 91.29 90.17 87.07 99.81 55.48 62.53

Label-free CBM‡ [13] – 74.52 – 68.72 – 36.31 – 48.78

CEM-SS (KNN only) 83.16 58.84 66.19 87.73 70.91 99.61 65.37 63.54
SSCBM [9] 90.05 66.78 95.67 88.56 94.05 99.61 69.62 66.58
FixCBM (Ours) 91.57 75.92 97.43 90.57 94.94 99.74 74.32 67.09

Table 2. Effect of labeled ratio r on CUB-200-2011. C-Acc and Y-Acc (%) reported.
K=1 denotes a 1-shot-per-class setting. Results averaged over 3 seeds.

Method K=1 r=0.05 r=0.10 r=0.15 r=0.20

C Y C Y C Y C Y C Y

CEM-SS 81.27 45.96 82.64 52.00 84.11 58.42 83.70 60.99 84.87 61.60
SSCBM [9] 88.13 58.27 90.62 68.93 90.05 66.78 91.32 69.33 92.01 71.06
FixCBM (Ours) 88.19 68.86 90.62 75.39 91.57 75.92 91.95 75.40 92.71 75.70

CEM† (full sup.) 92.27 / 69.00 92.27 / 69.00 92.27 / 69.00 92.27 / 69.00 92.27 / 69.00

4.3 Effect of Labeled Ratio
Table 2 reports the performance on CUB-200-2011 under varying labeled ratios,
including the extremely low-label K=1 setting and ratios from r = 0.05 to r =
0.20. Overall, FixCBM consistently outperforms SSCBM across all settings.

The advantage of FixCBM is particularly pronounced in the low-supervision
regime. Under the K=1 setting, FixCBM improves task accuracy from 58.27%
to 68.86%, achieving a substantial gain of +10.59 percentage points. At r = 0.05,
the gain remains significant, with an improvement of +6.46 points. Even at
higher labeled ratios, FixCBM continues to outperform SSCBM, demonstrating
its robustness across different levels of supervision.

This trend suggests that our confidence-guided consistency is more robust to
pseudo-label noise than heatmap-based alignment. In low-label regimes where
pseudo-label quality is inherently limited, filtering unreliable predictions and
enforcing weak-to-strong consistency provides a more stable supervisory signal,
leading to improved concept and task performance.

4.4 Test-Time Intervention

Figure 2 shows task accuracy as a function of the number of intervened concept
groups. Models with better concept representations exhibit steeper, monotoni-
cally increasing curves under intervention.



FixCBM 9

0 5 10 15 20 25
Number of Intervened Concept Groups

50

60

70

80

90

100

Te
st

 A
cc

ur
ac

y

CBM
CEM
CEM-SS
FixCBM
SSCBM

Fig. 2. Test-time intervention results. Task accuracy improves as more concept la-
bels are corrected. FixCBM achieves the steepest improvement curve among semi-
supervised methods, indicating high-quality concept representations with strong inter-
vention capability.

FixCBM achieves the best intervention performance among semi-supervised
models, outperforming SSCBM and semi-supervised CEM, especially in the low-
intervention regime, indicating more reliable concept predictions.

As more concepts are corrected, all models converge to similar high accuracy,
suggesting that residual errors mainly stem from imperfect concept predictions.
The fully supervised CBM is included as a reference: although its accuracy is
lower due to the strict bottleneck, it notably shows consistent improvement under
intervention, further confirming its interpretability.

4.5 Ablation Study

Table 3 reports ablations on the CUB-200-2011 dataset at r = 0.1. We study
the following design choices:

1. w/o consistency loss (λu = 0): removes unlabeled supervision entirely,
equivalent to supervised CEM on labeled data only.

2. w/o confidence masking (τ = 0, all pseudo-labels retained): removes the
quality gate, using all pseudo-labels regardless of confidence.

3. w/o warmup (Tw = 0): applies the full consistency loss from epoch 1.
4. w/o strong augmentation: replaces Astrong with Aweak, testing whether

augmentation asymmetry is necessary.
5. Full FixCBM: the complete model.



10 Anonymous Authors

Table 3. Ablation study on CUB-200-2011 (r=0.1). Each row removes one component
of FixCBM. C-Acc / Y-Acc (%) reported.

Configuration C-Acc Y-Acc

w/o consistency loss (λu = 0) 90.65 69.38
w/o confidence masking (τ = 0) 90.32 72.51
w/o warmup (Tw = 0) 90.62 71.57
w/o strong augmentation 90.62 70.87

FixCBM (full model) 91.57 75.92

Key findings: Removing the consistency loss leads to the largest performance
drop, reducing task accuracy from 75.92% to 69.38%, confirming that unlabeled
consistency learning is the primary source of improvement. Removing confidence
masking degrades performance, lowering task accuracy to 72.51%, showing that
filtering unreliable pseudo-labels is crucial for stable learning. Removing warmup
further reduces performance to 71.57%, indicating that introducing unlabeled su-
pervision too early harms training stability. Without strong augmentation, task
accuracy drops to 70.87%, demonstrating that the weak-to-strong consistency
gap is essential for effective regularization.

4.6 Analysis: Pseudo-label Quality and Warmup Dynamics

Mask rate over training. Figure 3 plots the pseudo-label mask rate on CUB-
200-2011 (r = 0.1). With warmup (Tw = 10), the mask rate starts low, increases
steadily (to around 55% by epoch 10), and stabilizes at 70%–75%, indicating
improving pseudo-label quality. Without warmup (Tw = 0), it starts higher but
remains below the warmup curve and saturates at a lower level, suggesting that
early unreliable pseudo-labels limit final performance. Overall, warmup improves
pseudo-label quality by delaying unlabeled supervision, while confidence masking
filters unreliable predictions.

Multi-label consistency vs. single-label FixMatch. Applying FixMatch to
the task label is suboptimal for two reasons: concept prediction requires per-
concept confidence calibration, while a single threshold discards entire samples;
moreover, consistency over k concepts provides richer supervision than task-level
learning. These differences explain the effectiveness of FixCBM.

4.7 Computational Cost Comparison

Table 4 compares the computational cost of different methods on CUB-200-2011
(r = 0.1). Compared with SSCBM, FixCBM requires slightly more training
time per epoch, mainly due to the additional weak/strong forward passes for
unlabeled samples. However, FixCBM is significantly more memory-efficient,
reducing GPU memory usage from 14.29 GB to 5.13 GB. This is because our
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Fig. 3. Pseudo-label mask rate on CUB-200-2011 (r = 0.1). With warmup, the mask
rate starts low, rises steadily (to approximately 55% by epoch 10), and stabilizes at
approximately 70%–75%, indicating improving pseudo-label quality. Without warmup,
the mask rate is initially higher but saturates at a lower level, suggesting that early
unreliable pseudo-labels limit final performance.

method avoids heatmap-based alignment, which requires storing intermediate
spatial feature maps for each concept. In addition, FixCBM removes the de-
pendency on architecture-specific spatial representations, making it simpler and
more flexible to apply across different backbones. Overall, while incurring a mod-
est increase in training time, FixCBM achieves substantially better memory effi-
ciency and model simplicity, making it a practical alternative for semi-supervised
concept learning.

5 Conclusion

We presented FixCBM, a semi-supervised framework for Concept Embedding
Models that replaces spatial heatmap alignment with confidence-guided con-
sistency learning in concept space. Our key insight is that the main challenge
in semi-supervised CBMs lies in reliable concept-level supervision on unlabeled
data rather than spatial alignment. By enforcing weak-to-strong consistency over
concept predictions, FixCBM provides a simple and effective way to exploit
unlabeled data without requiring intermediate spatial features or architecture-
specific designs. This is achieved through three components: per-concept con-
fidence masking, a concept-space consistency objective, and a warmup sched-
ule that stabilizes early training. Experiments on CUB-200-2011, AwA2, PBC,



12 Anonymous Authors

Table 4. Computational cost comparison on CUB-200-2011 (r=0.1, batch size 32).
Time per epoch measured on a single NVIDIA RTX 4090.

Method Time/Epoch (s) GPU Mem (GB) FLOPs/batch

CEM-SS (KNN only) 22.81 13.27 6.86
SSCBM [9] 39.78 14.29 13.71
FixCBM (Ours) 46.3 5.13 13.74

and 7-point show consistent improvements in both concept and task accuracy
over prior baselines, while preserving strong intervention behavior. Moreover,
FixCBM is more memory-efficient and avoids reliance on architecture-specific
representations, making it a practical and flexible solution for semi-supervised
concept learning.
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